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A B S T R A C T   

Accurate within-field yield estimation is an essential step to conduct yield gap analysis and steer crop man-
agement towards more efficient use of resources. This study aims to develop and validate a process-based soy-
bean model and to predict within-field yield variability by coupling leaf area index (LAI) retrieval from Sentinel- 
2 into the crop model. First, a soybean model is presented, which was successfully validated with field obser-
vations of total aboveground biomass, LAI and yield from seven contrasting field campaigns with strongly 
varying conditions. Within-field yield predictions were achieved by combining the model and the observations of 
LAI through an assimilation strategy. Four model parameters were chosen to optimize against the LAI curve: soil 
depth, field capacity, initial LAI and nitrogen translocated from leaves to seed. Six fields were used to evaluate 
the methodology (21175 pixels). The accuracy assessment was conducted on a pixel-by-pixel basis using high 
density of information from the yield monitor. The overall accuracy quantified by the relative root mean square 
error (rRMSE) ranged from 28 to 51% (overall rRMSE 35.8%) across the studied fields. The Lee statistics index 
ranged from 0.61 to 0.71, confirming a high level of similarity between observed and simulated yield maps. 
Therefore, the methodology was capable of representing the observed spatial patterns of yield. Furthermore, the 
high consistency of the optimized WHC reflects the value of the assimilation data strategy to spatialize this 
relevant characteristic. Some challenges were identified for further study to reduce the sources of uncertainty 
and improve accuracy: i) the inability of the model to reallocate biomass by simulating plant response to source 
limitation, ii) the generalization of empirical algorithms to retrieve LAI, and iii) the exploration of an updating 
method as an assimilation strategy to overcome discrepancy between simulated and retrieved LAI.   

Introduction 

In the context of increasing global food demand, agricultural systems 
need to produce more food with less resources, which is often called 
“sustainable intensification” (Ittersum et al., 2013). Given that the 
expansion of the agriculture areas will not be possible in many regions of 
the world, to meet the projected demand growth, crop productivity 
progress is more likely to be the main path towards sustainable inten-
sification (Fischer et al., 2014). To successfully address sustainable 
intensification the entire system should not only increase productivity, 
but also enhance the input-use efficiencies, and minimize the negative 
impact on soil quality and water resources used to support that yield 
(Cassman and Grassini, 2020; Tittonell, 2014). In this sense, reducing 
the current yield gap, which is defined as the difference between a 

benchmark yield (potential yield or water-limited yield) and actual 
yield, will be an essential step to ensure the growing food demand 
(Ittersum et al., 2013; Lobell et al., 2009). 

Crop models can estimate the potential and water-limited yield 
deemed the fundamental link amongst plant, soil and atmosphere, 
where their interactions are physically represented. Therefore, con-
straints for crop growth are explicitly simulated at the model’s time step 
(daily). Actual yield used in yield gap analysis is usually estimated from 
regional statistics that provide national or state-wide averages (Ittersum 
et al., 2013). However, within-field yield gap predictions require an 
accurate estimation of the spatial distribution of actual yield. Estimating 
within-field actual yield with crop models is difficult because of the lack 
of spatial input data, such as soil information required to run a crop 
model, which constraints their applicability. Current approaches to 
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integrate earth observation with crop models allow the possibility of 
mapping actual yield with high spatial resolution. Crop models can take 
advantage of the crop biophysical variables derived from remote sensing 
data alleviating lack of inputs. Estimating within-field actual yield and 
yield gap is feasible by coupling biophysical variables retrieved from 
remote sensing (Dorigo et al., 2007; Huang et al., 2019). 

This complementarity of dynamic crop models with the spatial 
quantification of the remote sensing data has long been applied at the 
field level (Sibley et al., 2014; Silvestro et al., 2017) and is required for 
accurate forecasting actual yield across the spatial domain (Huang et al., 
2019). LAI derived from satellite data has been the most commonly used 
state variable to integrate earth observations into crop models (e.g., 
Dente et al., 2008; Pan et al., 2019). LAI is a key biophysical variable of 
many crop growth models, which is directly linked with light intercep-
tion by the canopy, and hence with crop photosynthesis and evapo-
transpiration. Therefore, LAI observations serve as a proxy of the current 
crop status and synthesize the potential effect of reducing factors. 
Progress of LAI can be estimated using freely accessible satellite data 
sources such as the Sentinel-2 mission, which provides images with a 
five day revisit time. 

At present, three approaches have been used to integrate remote 
sensing observation into a crop growth model: calibration, forcing and 
updating (Dorigo et al., 2007; Jin et al., 2018). The calibration method is 
based on adjusted initial states or parameters of the model through the 
comparison between simulated state variables by the model and 
retrieval from the observations. In the forcing method, the state vari-
ables are replaced by the observations, therefore this approach may lead 
to an imbalance in the internal relationship of the model and instabilities 
in the overall model setting. The updating method weighs observational 
data and simulation model results. It relies on the assumption that ob-
servations acquired at a certain moment in time will enhance simula-
tions results in the subsequent periods, hence state variables are updated 
whenever an observation is available. Given that calibration led to 
better simulation outcomes, Jin et al. (2018) recommended this method, 
even though the calibration approach is computationally more 
demanding due to the number of optimization iterations required. 

Among the crop models available in literature, a wide variety has 
been successfully used to predict actual wheat yield through the 
assimilation of LAI retrieved from remote sensing data. Examples 
include: GRAMI with Landsat (Padilla et al., 2012), Aquacrop and 
SAFYE with Landsat and HJ1A/B (Silvestro et al., 2017), WOFOST with 
MODIS (de Wit et al., 2012), CERES-wheat with high spatial resolution 
(Li et al., 2017) and EPIC with Sentinel-2 (Novelli and Vuolo, 2019). 
However, few studies have been conducted with other crops such as 
soybean (Glycine max) which is the fourth major crop in the world and 
greatly contributes to the food supply. Moreover, since the high spatial 
resolution (pixel unit) of yield observations is usually limited and hard 
to measure, less effort has been invested to address within-field yield 
variability by ingesting satellite observations into a crop model at the 
pixel scale. Gaso et al. (2019) showed an example that deals with wheat 
yield variability within the field where the yield estimates were vali-
dated at the pixel unit (spatial resolution of 30 m in the Landsat images). 

Most of the aforementioned crop models that have been coupled with 
satellite observations were not developed for the purpose of data 
assimilation and are process-based models with emphasis on describing 
explicitly the physiological processes driving crop growth such as 
photosynthesis, respiration and evapotranspiration. These models need 
a large number of parameters related to the characteristics of the crop 
and the soil, as well as data about agronomic management practices as 
input (de Wit et al., 2015). Usually, fine-scale soil data is not available, 
which limits the usefulness of crop models for within-field applications 
(Kasampalis et al., 2018). Given these restrictions, there is a need for a 
model accounting for the main drivers of soybean growth, with a low 
level of parametrization that allows employing the data assimilation 
framework to predict within-field yield at the pixel unit. Therefore, the 
main objectives of this study are as follows: (i) develop and validate a 

crop model accounting for the main determining factors of soybean 
growth under rainfed conditions; (ii) coupling leaf area index derived 
from Sentinel-2 into the crop model to calibrate crop and soil-related 
parameters and predict within-field soybean yield variability. 

The case of soybean cultivation in the eastern Pampas of South 
America, where Uruguay is located, will be evaluated. In this region, 
soybean is cultivated as part of an intensive crop rotation characterized 
by high inter-annual and within-field yield variability. In the study re-
gion, the average gap between water-limited and actual yield is 1200 kg. 
ha− 1 at the country level (Rizzo et al., 2021), but this gap may greatly 
vary at the microscale of the field. Precise within-field actual yield es-
timates are an essential step to quantify the spatial variability of the 
yield gap and tackle a further analysis of their causes. Reducing the yield 
gap in the main crop of the rotation (soybean) will be the main path to 
aim for sustainable intensification since the whole system would 
improve its carbon balance and, therefore, the soil health. 

Materials and methods 

Crop growth model development 

We developed a crop growth model for soybean based on existing 
principles that have been used in crop modelling for decades. Our model 
applies the water use efficiency concept as originally proposed by 
Campbell and Diaz (1988). We modified the concept on some important 
aspects in order to represent soybean growth, phenological development 
and yield in response to water stress. The model requires to specify a 
small number of parameters to limit calibration requirements and 
facilitate the assimilation of Sentinel-2 observations. Our approach has 
similaries with the SAFY model (Duchemin et al., 2008) which also is a 
simplified model developed specifically for assimilation of remote 
sensing observations. 

The complete model was divided into two modules: the crop model 
and soil water balance. An overview of the soybean model is illustrated 
in Figure 1. We present a new implementation of the crop growth model 
in Python Crop Simulation Environment (PCSE) that facilitates the 
assimilation of remote sensing products. The entire crop model and the 
values of the parameters used are available for further evaluation and 
use (https://github.com/dgaso/Cropmodels). 

We applied a hybrid phenological development model adapted by de 
Wit et al. (2017) to establish the sequential development stages of soy-
bean. This model combines elements from the phenological model 
proposed by Setiyono et al. (2007) but still keeping the sequential 
development stages logic applied in WOFOST. The sequential develop-
ment stages are represented with a dimensionless variable (“DVS - 
Development Stage”), which is 0 when model starts at sowing and rea-
ches 1.0 and 2.0 at flowering and physiological maturity, respectively 
(de Wit et al., 2019). The phenological model implements a multipli-
cative approach between the two abiotic factors driving soybean 
phenology: temperature and photoperiod. Development rate increases 
above a base temperature, until the temperature where development 
rate is maximum. Photoperiod modifies the development rate, a shorter 
daylength increases the development rate. The influence of photoperiod 
is effective only in the post-flowering time and therefore reproductive 
phases are shortened with later sowing. Given that soybean varieties 
sown in Uruguayan systems are equivalent to the varieties planted in the 
Pampas of Argentina, and the latitude is similar, the parameter values 
calibrated by de Wit et al. (2017) were applied without recalibration. 

Soybean above-ground biomass is described with a daily time step 
over a unit field area of a square meter. The model considered water and 
radiation as limiting factors to crop growth, whereas nutrient avail-
ability and management practices, such as plant density were assumed 
at the optimal level, as the optimal practices recommended for the re-
gion were applied. We used a combination of water-driven productivity 
and radiation use efficiency to calculate the daily above-ground biomass 
increase. Firstly, biomass production was calculated following a 
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conservative relationship between crop transpiration and growth, as 
proposed by Tanner and Sinclair (1983). This conservative relationship 
accounts for the shared pathway for carbon and vapour exchange, 
resulting in standardization by differences in vapour pressure deficit 
(DMwue in Table S1). The standardization method based on vapour 
pressure deficit assumes that leaf temperature is equal to air tempera-
ture, however this assumption is not valid for low values of vapour 
pressure deficit (Stöckle et al., 2003). For this situation, daily dry matter 
produced was limited to the maximum production rate (DMmax) driven 
by the radiation use efficiency (DMmax in Table S1). We employed the 
approach presented by Stöckle et al. (2003) in the CropSyst model where 
daily growth is also computed following the concept of Monteith (1977) 
and the final daily dry matter growth is the minimum value between 
both biomass production rates. 

Dry matter accumulation in leaves, stems and seeds was defined 
using static partitioning tables. The partitioning fraction to each organ 
depends on the development stage. We adjusted the partitioning table 
employed by de Wit et al. (2017) for soybean in Argentina based on field 
data of total dry matter and dry matter in leaves, stems and seeds. Green 
leaf area index progress between emergence and beginning pod was 
obtained by multiplying leaf biomass produced each day and the specific 
leaf area (SLA) parameter for soybean. The procedure of WOFOST was 
followed, where depending on the development stage, part of the 
biomass produced each day is assigned to the leaves. 

Seed growth starts slowly after the flowering stage until maturity. 
Two sources for pod growth are considered for computing biomass 

allocated in seed organs. The first source is directly derived by multi-
plying the growth rate after flowering time and the fraction partitioned 
to seed (SEED in Table S1). Static partitioning tables during grain filling 
were adapted for soybean (maturity groups five and six). A second 
source for seed growth is the reallocation of dry matter from the vege-
tative organs (TRANSL in Table S1). The total amount of dry matter 
available to be remobilized from vegetative organs to storage organs is 
22% of the total biomass at the beginning of the grain filling (Soltani and 
Sinclair, 2012). The reallocation process of the biomass only occurs 
when the grain growth rate is lower than the potential growth rate. 
Thus, the reallocation occurs at the early stages of the grain filling where 
grain growth reached the maximum values until the dry matter available 
for being translocated is depleted. The potential grain growth rate is 
defined with the potential transpiration rate (PSEED in Table S1). The 
total amount of biomass remobilized is subtracted from the potential 
amount of dry matter available for being translocated. To account for 
the higher amount of energy content per unit of soybean seed dry matter 
than the dry matter being transferred to the seed, a grain conversion 
coefficient for soybean was taken into consideration (Soltani and Sin-
clair, 2012) (GCC in Table S1). 

Senescence starts after the beginning of seeds accumulation. Two 
different approaches were implemented to compute the senescence rate 
in order to account for the main drivers of soybean’s senescence during 
grain filling. First, it is directly computed by means of translocating 
nitrogen from leaves to seed. The model assumes that half of the nitro-
gen for seed growth is provided from leaves and the remaining from 

Figure 1. Overview of the soybean model. Reference ET is potential evapotranspiration computed within Python Crop Simulation Environment. DVS is the 
development stage. Rectangles and ellipsis represent the state variables and processes of the model, respectively. 
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other vegetative tissues or nitrogen uptake during grain filling (Ortez 
et al., 2019; Sinclair, 1986). Nitrogen content in seeds and leaves is 
assumed on average 6.5% and 3.5%, respectively (Ortez et al., 2019). 
Secondly, the senescence rate is calculated accounting for the leaf ageing 
process as a function of average temperature during the grain filling. The 
approach of LINTUL-2 (van Ooijen and Leffelaar, 2008) is used to 
compute the second senescence rate. Finally, dead leaves are calculated 
as the maximum value between both senescence rates. 

Soil water balance 

The simplified water balance presented by Campbell and Diaz, 
(1988) was employed to determine the daily actual transpiration rate. 
Root exploration in the soil profile was described by a logistic curve and 
the fraction of roots in a layer depends on the root depth as rooting 
density decreases linearly with depth. Two modifications to the original 
root growth were carried out: (i) the thickness of the first layer was 
subtracted from the maximum root depth into the root growth equation, 
as this layer is only used for soil evaporation, (ii) the slope of the root 
growth curve was fitted to make the transpiration rate and biomass 
produced more plausible during the early stages of soybean. Parameters 
of the logistic curve that simulates root depth evolution were manually 
modified to obtain plausible values of water uptake and growth rate. 
Hydrologic parameters and thickness of the layers are considered ho-
mogeneous throughout the soil profile. Soil layer thickness was intro-
duced as a new parameter, thus the number of layers is defined by 
dividing the soil depth by the thickness of the layers. The simplified soil 
water balance in Campbell and Diaz, (1988) defines the number of 
layers as a parameter and layer thickness is then computed by dividing 
soil depth by the number of layers. In this way, the available water for 
evaporation greatly varies depending on the soil depth, which defines 
the thickness of the first layer. Root water uptake (actual transpiration 
rate) is computed from each soil layer. Water uptake from each layer is 
assumed directly proportional to the difference in water potential be-
tween the soil in that layer and the xylem and is inversely proportional 
to the root resistance (Bittelli et al., 2015). Root resistance is propor-
tional to the fraction of roots in a given layer. An estimate of the xylem 
water potential is computed by using water potential weighted by 
fraction of roots in a given layer, potential transpiration rate and the 
total root resistance. The total root resistance decreases with plant 
growth, which is achieved by dividing the minimum resistance param-
eter by the proportion of intercepted light. The model does not simulate 
water movements and redistribution due to osmotic suction gradients. 
The first soil layer is only used to compute soil evaporation and to enter 
the rainfall into the soil profile, stored water in this layer is considered 
not to be available to the crop. 

Model validation 

Model predictions were validated using soybean field data from 
seven growing seasons from 2014 till 2020. Soybean trials were un-
dertaken in experimental plots with the unique purpose of model vali-
dation. The experimental site is located in the department of Colonia in 
Uruguay under no-till and rainfed conditions. The experimental design 
followed a randomized complete block design with three replicates, 
where the experimental unit covered an area of 32m− 2. The choice of the 
maturity group for model validation aimed to represent the commercial 
agriculture area in the region, therefore the variety used each year was 
one of the most planted by farmers (maturity groups five to six with 
similar timing until flowering). The agronomic management aimed to 
ensure maximum water-limited yield. Plots were regularly monitored 
for the absence of weeds, plagues and diseases as well as nutrient 
availability. Measurements of total dry matter, LAI and yield were 
conducted in all years. Quantification of LAI was conducted throughout 
the growing season with a ceptometer (AccuPAR LP-80, Decagon De-
vices, USA). The ceptometer was placed perpendicular to the crop row, 

getting a good representative sample of the entire area below and be-
tween rows (distance between rows was 0.4m). Dry matter assessments 
were carried out with destructive samples of one meter length of crop 
row. Soybean plants were clipped at ground level for each plot from an 
area of 0.4m− 2 and samples were dried at 80◦C until a constant weight 
was achieved. Yield quantification correspond to an area of 24 m− 2 

harvested with an experimental machine.The moisture content of the 
harvested yield was measured for each plot and the humidity content 
was standardized at 13%. The soil properties of the experimental site 
(soil depth, field capacity and wilting point) were taken from Capurro 
et al. (2017). 

Study fields and weather data 

In a following step, the crop model was upscaled to the fields located 
in the southern and western part of Uruguay. The study region has an 
average annual rainfall of 1000 to 1200mm, where the rainfall patterns 
are uniform along the seasons. The rainfall pattern in the soybean 
growing season is highly variable and part of that variability is greatly 
influenced by "El Niño-ENSO" which causes drought events. The land-
scape in the study region is characterized by a rolling terrain which 
causes uneven topography at the microscale of the field. 

The fields involved in the study were planted with soybean during 
the growing seasons of 2017-2018. Six farmers were included in the 
study, which are distributed in the main soybean area of Uruguay: De-
partments of Colonia and Soriano (Figure 2). The total study area 
involved 847 ha (21175 pixels of Sentinel-2), with field size ranging 
between 34 to 302 ha. All fields have been planted with genetically 
modified soybean varieties, recently released into production. Soybean 
varieties cycle length ranged between maturity groups five to six. Fields 
were managed according to optimal agronomy practices for soybean in 
the Eastern Pampas of Uruguay. Therefore, the influence of biotic 
stresses (weeds, insects and diseases) and nutrient availability was 
assumed as non-limiting for crop growth. 

Daily weather data required by the model was global solar radiation 
(Rs), minimum and maximum temperature (Tmn, Tmx), and precipitation 
(P). The National Institute of Agricultural Research (INIA) provides free 
accessibility to weather data with five meteorological stations spread 
around the country. Rs, Tmn and Tmx, were downloaded from the 
meteorological station of INIA, located in the department of Colonia 
(34◦20′14.4" S, 57◦ 41′ 32.6" W). Given the high spatial variability of 
daily precipitation, the pluviometer network of the National Institute of 
Meteorology (InuMet) was available to establish daily rainfall for each 
field. One pluviometer was assigned to each field based on the closest 
linear distance. The linear distance between pluviometer and field is 
22km, 24km, 9.7km, 6km, 11.3km and 8.7 km for Field 1 to 6, 
respectively. 

Satellite data and leaf area index predictions 

Available images from the two Sentinel-2 satellites (2A and 2B) for 
the whole growing season of soybean in Uruguay were downloaded 
using the Sentinelsat API. The amount of Sentinel-2 images used during 
the growing season of soybean (from November to May) varies 
depending on the field (Figure 3). The processing chain presented by 
Hardy et al. (2020) was used for data acquisition and pre-processing. For 
the period previous to December of 2018 where Level 2A is not avail-
able, atmospheric corrections were carried out with the sen2cor tool. 

Sentinel-2 provides spectral reflectance in the red edge region 
(Band5 centered at 704nm), enhancing crop feature estimation. The 
higher penetration of light in the red edge region and the lack of satu-
ration at high-density canopies offers an advantage to LAI estimation 
(Gitelson et al., 2005). Vegetation indexes using the red edge region are 
much less species-specific. Despite the differences in canopies archi-
tecture and leaf structure between soybean and maize, unified algo-
rithms were able to precisely estimate LAI without the need to update 
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the parameters (Nguy-Robertson et al., 2012). Thus, satellite-based es-
timates of LAI were derived from the red edge chlorophyll index (CIred 

edge, 1), using a unified algorithm for soybean and maize (Nguy-R-
obertson et al., 2012). The unified algorithm (2) was developed on a 
system under a maize–soybean rotation in Nebraska where green LAI of 
soybean ranged from 0 to 5.5 m− 2.m− 2 and was capable of predicting 
LAI with a root mean square error (RMSE) of 0.54 m− 2.m− 2. The CI red 

edge was computed for the time series of Sentinel-2 images using NIR 
band (Band7 in Sentinel-2, centered at 832 nm) and red edge band 
(Band5 in Sentinel-2, centered at 704 nm)(1). 

CIrededge = (Band7inSentinel − 2 /Band5in Sentinel − 2) − 1 (1)  

LAI = CIrededge
0.89/0.90 (2) 

Yield monitoring maps of the study fields were employed to establish 
the boundary of the fields and generate polygons to delimit the area of 
each field. Those polygons were used as an input in the GDALWarp 
function from the GDAL library to clip the CIred edge raster and the 
classification raster available in the Sentinel-2 products. The classifica-
tion raster contains classes representing cloud probability, cloud 
shadow, vegetation, unvegetated pixels, water, cirrus, and snow. Cloud 
masking was carried out with this classification raster band, and the 
CIred edge was masked based on the classes belong to vegetation (classes 
four, five and six in this masking band). 

Optimization of crop model parameters 

The integration of Sentinel-2 LAI data into the crop model was 

Figure 2. Location of fields, pluviometers and weather station used in the study.  

Figure 3. Red edge chlorophyll index (CIred edge) evolution throughout the growing season for each study field. Error bar shows the standard deviation of the CIred 

edge within the field. The black dots are the average value of the field for each date. The black arrows indicate the beginning of the reproductive stage. 
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carried out using a calibration method for data assimilation. The time 
series of LAI derived from Sentinel-2 images were used as field obser-
vations to optimize parameter values from the crop growth model. We 
used a recalibration strategy for the data assimilation. Uncertain pa-
rameters were recalibrated by minimizing the difference between 
simulated and observed LAI. We defined an objective function that runs 
the model with a given set of parameters, and then computes the dif-
ferences between simulated and observed LAI throughout the growing 
season. The optimized set of parameters is the combination that mini-
mized the root mean squared error of the differences between simulated 
and observed LAI. Given the high frequency of cloudy days in the study 
region, the number of LAI observations over the growing season ranged 
between 16 to 36 points depending on the field. The time series of LAI 
throughout the growing season reflects the crop status as a consequence 
of the determining factors of crop growth (soil water availability). In this 
way, LAI progress might serve as a proxy of the diversity of crop growth, 
and hence model parameters that are related to those factors can be 
optimized using LAI progress derived from the satellite observations. 

A sensitivity analysis has been carried out to identify candidate pa-
rameters to be optimized. We employed a variance-based sensitivity 
analysis to assess the response of the model output to the variations in 
the parameters. Since LAI is the state variable that should capture the 
crop growth variability, the total variance in LAI was decomposed into 
fractions which can be attributed to a sets of parameters chosen. In this 
way, we assessed the sensitivity of the LAI simulations to variations in 
the set of parameters chosen to be then optimized through the integra-
tion of the Sentinel-2. The sensitivity analysis was performed with the 
sobol method from the SALib library (https://salib.readthedocs.io/en/la 
test/index.html, accessed 27 April 2021). Four parameters of the crop 
model were chosen to be optimized against the LAI curves: initial LAI 
(LAIin), soil depth (SD), field capacity (FC) and the fraction of nitrogen 
translocated from leaves to seed (Ntr). SD and FC are soil parameters that 
determine the water holding capacity (WHC), while LAIin and Ntr are 
parameters from the crop module. 

The Subplex algorithm (Rowan, 1990) from NLOPT library (Steven, 
2021) was applied to implement the parameter optimization. The al-
gorithm defines subspaces where Nelder-Mead (Nelder and Mead, 1965) 
is then used to search into each subspace. The algorithm calculates a set 
of optimal parameters based on the estimated error of all observations 
and simulations. It has the ability to handle constraints by the rejection 
of infeasible points, as the algorithm automatically restarts which avoids 
a permanent collapse into a subspace. 

Validation of the methodology and accuracy assessments 

Yield monitoring data were available to generate the observed yield 
maps. Yield data were collected using standard yield monitors mounted 
on harvesting machines. Harvesting machines varied among the fields, 
and standard correction consisted of the removal of outliers based on 
frequency distribution and outliers based on the minimum and 
maximum biological yield limits (Sun et al., 2013). The biological yield 
limits were settled in 250 and 7000 kg.ha− 1 as the minimum and 
maximum yield for soybean, respectively. Outliers outside of three 
standard deviations from the frequency distribution were also removed. 
The actual average yield of the whole field was also used to adjust the 
yield value measured with the monitor. The actual average yield of the 
whole field was also used to adjusted the yield value measured with the 
monitor. We used the ratio between actual yield of the field and the 
mean value of the total points collected with the yield monitor to employ 
a linear fit that offset the lack of well-calibrated sensors. The 
geo-referenced yield data were averaged within each 20 × 20 meter cells 
corresponding to Sentinel-2 pixels. 

Accuracy assessment of the data assimilation performance was esti-
mated using residual-based measures to quantify the goodness of the 
methodology. The statistical measures should give an indication if such 
a methodology leads to useful applications (Bellocchi et al., 2010). The 

residual-based measures used to evaluate the usefulness of the meth-
odology were: mean error (ME) (3), the root mean square error (RMSE) 
(4), and the relative RMSE (rRMSE) (5). Sensors mounted on the 
harvester machine contain random errors; hence it was considered to 
adjust RMSE. An average coefficient of variation of 6% (Schuster et al., 
2017) was converted into variance to correct RMSE. 

ME =
1
N
∑N

i=1

(
⌢
Y i

− Yi

)

(3)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑N

i=1

(
⌢
Y i

− Yi

)2
√

(4)  

RRMSE =
(

RMSE
/⌢

Y

)
× 100 (5)  

where N is the total number of pixels, ⌢
Y i and Yi are predicted and 

observed yield at the point i respectively and ⌢Y is the average observed 
yield over the total number of pixels. 

An additional metric was also included to quantify the correspon-
dence of spatial patterns between two maps (observed and simulated 
map). For this purpose, a bivariate spatial association measure, L sta-
tistic, was computed from the simulated and observed maps as was re-
ported by Lee, (2001). The L statistic metric is based on the integration 
of Pearson’s r and Moran’s I. This index captures the spatial 
co-patterning by assessing the point-to-point association between two 
variables (observed and simulated yield) and the topological relation-
ship among spatial entities. In this way, it provides a measure of the 
spatial association of the point-to-point relationship (pixel-to-pixel) 
across two spatial patterns. Pearson’s r is used as a bivariate association 
measure that does not recognize spatial distributional aspects and 
Moran’s I is used as a univariate spatial association. The L statistic 
metric was computed in R software using the spdep package. 

Results 

Model development and assessment 

The process-based soybean model was validated with field observa-
tions from the experimental site located in the Department of Colonia 
(34◦20′35"S, 57◦ 42′41"W), under rainfed conditions. Soybean mea-
surements from seven years were used to assess the model performance. 
Figure 4 shows observed and simulated patterns of total above-ground 
dry matter (TDM), LAI progress and soybean yield for the experi-
mental field. TDM was in general well-simulated by the model during 
the vegetative stages and early reproductive period for all years. Leaf 
senescence during grain filling hampers the quantification of biomass at 
the end of the growing season, resulting in an underestimation of cu-
mulative biomass in the harvest year 2018 where the biomass obser-
vation was only available at the end of the season. The increase of LAI 
was also well-represented compared to the field observations (Figure 4). 
The combined approach for the senescence model reflects the LAI ob-
servations made at the end of the growing season.The discrepancy of the 
LAI curve observed in the year 2015 is probably explained by the un-
usually favourable condition in terms of water availability during the 
vegetative stage followed by severe drought stress in the grain filling 
period. This particular situation led to a rapid increase of LAI and an 
early senescence. Yield predictions represented by seed growth (red line 
in Figure 4) were in agreement with the observations of the final yield 
for most of the tested years. 

Figure 5 illustrates the inter-annual variability of the soil water 
content throughout the soil profile and over the growing season, for all 
years used for model validation. The water balance approach clearly 
simulates the variations in the soil water depletion throughout the 
growing season, as well as the infiltration process and water recharge 
through the soil layers after a rainfall event, as is illustrated by the 
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colour bars in Figure 5. Given the variability of the soil water content 
under rainfed conditions, each growing season can be considered as a 
different environment to carry out the model evaluation. As can be seen 
in Figure 5, water content highly fluctuated in the first layer as this layer 
is only used for soil evaporation and water recharge to the soil. 

The years 2015, 2016, 2018 and 2020 exemplify the alternation 
between periods of severe water stress and non-limiting water, as is 
usually under rainfed condition (alternation of red and green in 
Figure 5). In contrast, the years 2014, 2017 and 2019 were characterized 
by the lack of periods under water stress (presence of yellow and green 
colours throughout the growing season in Figure 5).Therefore, actual 

transpiration and crop growth were close to the potential level in the 
environments for these three years. 

Discrepancies between simulated and observed yield are particularly 
evident for years 2015 and 2016. Both years were characterized by the 
alternation of a period without water stress and severe water stress, as 
can be observed in the soil water content progress throughout the 
growing season in Figure 5. As a consequence, disagreements between 
field observations and simulations were found in both years as the model 
underestimated yield (Figure 4). In the year 2015, an uncommon 
favourable condition during the early stages was followed by a period 
without rainfall causing a strong soil water depletion. In this situation, 

Figure 4. Comparison of observed vs simulated of total above-ground dry matter (TDM), seeds biomass (yield) and leaf area index (LAI) in seven years under rainfed 
condition, for the experimental plots located in the department of Colonia (34◦20′14.4" S, 57◦ 41′ 32.6" W). Water holding capacity of the site is 152 mm (Capurro 
et al., 2017). 
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water shortage in the reproductive stages led to a strong reduction in 
assimilation rate and seed biomass accumulation (Figure 4). In this year 
(2015) with favourable conditions during vegetative growth, trans-
location from vegetative organs to seed is more likely to play a major 
role than the one simulated by the model, and consequently, the crop 
model underestimated yield. In contrast, the year 2016 was character-
ized by lack of rainfall events during the vegetative period and a 
favourable condition during grain filling (Figure 5). Hence, discrep-
ancies in the yield estimation in this particular condition (year 2016) are 
probably because of a recovery of the canopy during the grain filling 
which is not simulated by the model. 

Parameter optimization and water holding capacity estimations 

This section presents the WHC estimations and the parameter opti-
mization, as a result of the implementation of a calibration method. 
Figure 6 illustrates the impact of WHC (SD and FC together) and the crop 
parameters on the simulated LAI evolution for the year 2018 (year 
selected to apply the data assimilation and predict soybean yield at the 
field scale). Maximum and minimum parameter values in Figure 6 
reflect the upper and lower bound employed for each parameter. 

As can be noticed in Figure 6a, the WHC drives the increase of LAI 
and the maximum value achieved over the growing season. Since the 
simulation starts with soil water content at field capacity, potential early 
differences in LAI evolution between medium and high WHC are not 
reflected (blue and green lines in Figure 6a). LAIin and Ntr are both crop 
parameters that influence the slope of the LAI curve. Meanwhile, LAIin 

influences the steepness of the early increases in LAI, Ntr from leaves to 
seed defines the amount of light interception during the grain filling 
(Figure 6b). Thus, this parameter enables to capture variability on the 
senescence rate as a consequence of nitrogen remobilization. 

In a following step, we employed an optimization method to cali-
brate the model parameters (SD, FC, LAIin and Ntr) using LAI progress 
derived from Sentinel-2 as a proxy of the growing conditions within each 
pixel. The spatial variability of the LAI evolution derived from Sentinel-2 
was employed as an input for the optimization algorithm. Figure 7 il-
lustrates the maximum LAI values at beginning of the grain filling 
period, where large within field variability can be observed with 
maximum LAI values ranging from 1.5 to 7 around the flowering time 
(Sentinel-2 image around 2018-02-20). Such variability was higher in 
the largest fields (Figure 7a, b and f). We observed that the highest- 
yielding zones of the field (zones with higher crop growth), experi-
enced pronounced senescence in the subsequent images during grain 
filling. Higher seed biomass accumulation in this zones leads to a strong 
nitrogen translocation from the vegetative tissue, resulting in pro-
nounced senescence. While LAI in the lowest-yielding zones was 
extremely low throughout the growing season. 

Assessment of the yield predictions 

The capability of the methodology to predict actual yield was eval-
uated at the pixel level (20m of spatial resolution of the red edge band in 
Sentinel-2), as it is shown in Figure 8, where points correspond to the 
yield predictions and observations within the pixel. The comparison of 

Figure 5. Visualization of the volumetric water content (VWC) simulations throughout the soil profile and over the growing seasons for the experimental site in 
Colonia. Colour bar represents volumetric water content in each layer. Soil parameters of the site are: thickness of the layer equal to 5 cm, field capacity equal to 
0.386 m3.m3, permanent wilting point equal to 0.217 m3.m3 and soil depth equal to 90 cm (Capurro et al., 2017). 

Figure 6. Leaf area index (LAI) progress simulations with different values of the parameters used for the optimization: Water holding capacity (WHC) reflects both 
soil parameters together (field capacity and soil depth) (a), nitrogen translocated from leaves to seed (Ntr) (b) and initial leaf area index (LAIin) (c). The maximum and 
minimum values of the parameters reflect the upper and lower bound set in the calibration. 

D.V. Gaso et al.                                                                                                                                                                                                                                 



Agricultural and Forest Meteorology 308-309 (2021) 108553

9

the simulations with the observations at the spatial unit of the pixel 
presents fairly large scatter, with high rRMSE (ranging from 28 to 51% 
across the fields). The highest scatter corresponds to the largest field 
(Field 1, 2 and 6) and pixels with low estimated yield (Figure 8). 
Extreme low values of yield were not properly simulated by the model in 
most of the fields as biomass translocation from vegetative organs to 
seed avoids extreme low values of yield estimates. 

The mean error (ME) ranged from negative to positive values (-365 
to 411 kg.ha− 1) across the study fields. Overestimations (positive ME) 
were generally associated with early planting dates and fields without 
previous winter crop, as is the case for Field 1, 3, 4 and 5. In the case of 
Field 2, which corresponds to a late planting date (December 26th) after 
a winter crop, the crop model underestimated yield. There was a 
divergent behavior on the yield predictions between low and high- 
yielding zones, defined as pixels with predicted yield level lower and 
higher than 1500 kg.ha− 1 respectively. In the high-yielding zone, the 
overall ME was 234 kg.ha− 1 (which belongs to 21% of the total area), 
meanwhile, in the low-yielding zone, ME was -155 kg.ha− 1 with major 
bias when model predicted yield lower than 1000kg.ha− 1. 

The optimized values of the WHC were highly variable within the 
field, as can be noticed by the colour variation from red to green in 

Figure 8. As expected, the variability in the optimized WHC was in 
agreement with the estimated yield. Low values of WHC were fitted in 
pixels of low estimated yield meanwhile higher values of WHC were 
optimized for pixels with a higher predicted yield. However, the same 
association was not equally reflected with the observed yield, where 
values close to the lower bound of the WHC (red points in Figure 8) were 
also fitted in pixels with high observed yield, as can be observed from 
the dispersion from line 1:1 in the largest fields (Field 1, 2 and 6 in 
Figure 8). Since the crop model is driven by crop transpiration, the yield 
estimations are associated with the optimization of the WHC, therefore 
those points with low fitted WHC and high observed yield greatly 
contribute to the observed scatter patterns and error. 

The similarity of the spatial distribution of yield predictions and 
simulations (level of equality between estimated and observed maps) 
was quantified through the Lee statistic index (Lee et al., 2001). This 
index has relevant applications since it serves as an indicator for the 
ability of the methodology to predict the observed patterns. The Lee 
index was high for all the fields (0.71, 0.66, 0.65, 0.61, 0.76, 0.71 for 
Field 1 to 6 respectively), confirming a high level of similarity between 
maps. 

Figure 9: single column 

Figure 7. Maximum leaf area index (m2.m2) throughout the growing season for each of the field study: a to f are Field 1 to 6, respectively (Figure 2).  

Figure 8. Observed and estimated yield at pixel level in each case study field. Colour bars represent optimized water holding capacity (WHC).  
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Figure 9a illustrates the large variability on the yield observations for 
Field 2, where spatial patterns are, in general, accordingly with the 
estimated yield (Figure 9b), as was also quantified by the Lee statistics 
index. As expected, the spatial pattern of the estimated yield map re-
flects the crop growth pattern throughout the growing season, as was 
observed in Figure 7b by means of maximum LAI. In this way, pixels 
with the lowest maximum LAI (lower than 2 m2.m2 in Figure 7b), 
reached the lowest estimated yield (Figure 9b) and pixels with the 
highest maximum LAI reached the highest yield. The mean error map 
shows large bias in certain zones of the field, as can note in Figure 9c. 
The major mean error (yellow and green colour in Figure 9c) corre-
sponds to pixels where poor crop growth was observed based on LAI 
progress, but, surprisingly, the observed yield within the pixel was 
substantially higher than the estimations. 

Discussion 

We presented a new implementation of a process-based growth 
model that builds on existing principles widely used in crop modelling 
and was developed on a framework that facilitates the assimilation of 
remote sensing products. The model was successfully validated to pre-
dict soybean growth and yield under water-limiting conditions. Despite 
the limited number of parameters included in the model and the 

simplified approach employed on the crop and soil modules, the model 
was able to reflect growth and yield under various conditions of water 
stress, as was shown in Figure 4. Compared with published models to 
simulate soybean growth, such as DSSAT-CSM-CROPGRO-Soybean 
(Jones et al., 2003), the presented model employs a simplified approach 
while the equations used are rooted in a process-based understanding of 
crop growth. 

As a following step, we combined the crop model and the satellite- 
based observation of LAI through a calibration method as an assimila-
tion strategy to predict within-field actual yield. The objective of pre-
dicting the spatial variability of yield within the field was successfully 
achieved accordingly with the Lee statistic index (Lee, 2001) that re-
flects the level of similarity between the observed and estimated yield, as 
was observed in Figure 9 for Field 2. The accuracy of this study (overall 
rRMSE 35.8%) is comparable with related studies, as the example from 
Sibley et al. (2014) who used Landsat data to calibrate a crop model 
(Hybrid-Maize) and attained rRMSE of 35% in rainfed corn, and the 
study from Silvestro et al. (2017) where particle swarm optimization 
was employed to integrate HJ1A/B and Landsat 8 images into Aquacrop 
for wheat yield predictions and achieved rRMSE ranging from 12 to 36% 
depending on the year. However, it should be noted that previous 
studies that might produce fine-scale yield maps, do not validate their 
within field predictions with extensive ground truth data, such as yield 
monitoring data that provides high-resolution yield maps. As high res-
olution yield maps are private and not widely available, similar studies 
(Novelli and Vuolo, 2019; Sibley et al., 2014) employed yield informa-
tion from country-level statistics or yield samples manually measured in 
a small area to validate the methodology at regional or field-scale. Thus, 
our study provides insights to quantify yield heterogeneity across space, 
useful to aim high-resolution yield gap analysis and guide management 
strategies. 

Specific cases that used updating reached better yield estimate per-
formance (rRMSE ranged from 5.65 to 7.77%), as the study reported by 
Li et al. (2017) where wheat yield was predicted with CERES-Wheat by 
using the proper orthogonal decomposition-based ensemble 
four-dimensional variational (POD4DVar) as an assimilation strategy 
and GF-1, HJ-1 and Landsat images at field and county level. The 
updating method allows to take into account uncertainties in observa-
tions and the model itself, which is an advantage over calibration 
approach employed here. Therefore, this strategy seems promising for 
accuracy improvements, if fine-scale soil information is available. 
Without soil information, the updating method of LAI would be less 
likely to succeed in soybean as soil water balance plays a major role in 
summer crops. 

The factors that influence the reflectance measurements, such as 
canopy structure, leaf properties, cultivar and soil background, cause 
uncertainty in LAI retrieval (Kang et al., 2016; Liu et al., 2012). The 
empirical algorithms to retrieve LAI are dependent on the site and time. 
Hence the generalization of a trained equation on a specific set of 
measurements to another combination of site and time should be done 
with caution (Kang et al., 2016). This fact might be a relevant source of 
uncertainty, since the empirical relationship between CIrededge and LAI 
employed in this study (Nguy-Robertson et al., 2012) was trained with 
shorter cycles of soybean which are characterized by lower plant height 
and divergent canopy structure than the ones planted in our study cases. 
Furthermore, possible uneven plant distribution due to the lack of plants 
in the lowest-yielding zones of the field, greatly influences the reflec-
tance leading to a higher error in the LAI predictions. Since previous 
studies suggested that the assimilation of more than one state variable 
offers the potential of enhancing crop simulations (Li et al., 2015; Wang 
et al., 2014), the use of multiple remotely derived assimilation variables 
is a promising strategy to be investigated with soybean, as it has not 
been explored yet. 

On the other hand, the approach to simulate LAI progress and the 
limiting factors not included were both potential sources of uncertainty. 
The allocation of biomass to leaves depends on the development stage 

Figure 9. Spatial distribution of the observed yield (a), estimated yield (b), and 
mean error (c) for Field 2 (kg.ha− 1). 
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since the crop model used the approach of static partitioning tables, in 
turn, leaf area is defined with SLA, which is also a function of devel-
opment. Therefore, changes in biomass partitioning or SLA as a conse-
quence of environmental conditions might be a relevant source of 
uncertainty in LAI simulations, which could propagate to yield pre-
dictions. Water stress is a potential modifier of the relationship used to 
allocate biomass between plant organs (Reddy et al., 1998), and water 
availability is one of the most significant drivers of soybean growth in 
rainfed systems. In the case of indeterminate soybean varieties, as the 
ones planted in this study, the partition of biomass to leaves is charac-
terized by high plasticity. Thus, uncertainty in the approach to simulate 
LAI could be addressed if this particular characteristic of indeterminate 
soybean varieties (high plasticity to reallocate biomass) is included in 
the crop model, however the simplified structure and low parameteri-
zation level should remain as a priority. 

Concerning the input data, rainfall is the most relevant variable as 
the crop growth is driven by transpiration. The estimated available 
water to recharge the soil profile was considered uniform within the 
field, although there might be differences within the field due to 
topography. Since the landscape involved in this study is characterized 
by rolling terrain, the uneven profile recharge at the microscale of the 
field might represent a relevant source of uncertainty in our study where 
soil moisture is the main determining factor of crop growth. In this 
sense, 1D model might be useless to capture topographically driven 
variation and the ensemble models approach seems attractive to deal 
with this uncertainty (Stöckle and Kemanian, 2020). 

Undoubtedly, yield monitoring data is the quickest and most 
convenient way of measuring within-field yield. However, raw data 
contains erroneous observations, such as filling and emptying times, 
caused by sudden change in machine speed, harvest lag time and non- 
fully used cutting bar (Lyle et al., 2014). We cannot explore the 
benefit of cleaning defective observations from the yield monitor due to 
the lack of raw data availability. An average random error of 6% was 
deemed, however, local errors may increase up to 100% for flow rates of 
small seeds (as soybean) and flow rates that were outside of the cali-
brated range (Schuster et al., 2017). We identified potential un-
certainties in the yield monitoring data by contrasting the spatial 
patterns of the estimated maximum LAI and yield maps with the 
observed yield map. While maximum LAI (Figure 7b) and estimated 
yield (Figure 9b) in certain zones of Field 2 belong to the lower bound of 
the within-field variability, the yield observations were close to the 
upper bound of the variability (Figure 9a). This fact might be caused by 
erroneous settings on the yield monitoring system in some of the ma-
chines, such as the harvest lag time parameter. 

Conclusions 

The developed crop growth model for soybean demonstrated high 
robustness to dynamically simulate crop development and growth in 
response to water stress with a low level of parameterization. The aim of 
keeping an appropriate trade-off between the level of parameterization 
and processes included in the model was successfully achieved. The 
model accomplished the required characteristics to be used in the data 
assimilation framework, since it simulated soybean growth in response 
to variations of the main drivers of growth and was developed on a 
standardized platform (Python Crop Simulation Environment) that fa-
cilitates remote sensing integration. The full source code of the soybean 
model is freely available for further studies (https://github. 
com/dgaso/Cropmodels). 

The objective of predicting the spatial variability of yield within the 
field was acceptably reached with an error level comparable to similar 
studies (overall rRMSE 35.8%). Furthermore, the optimization of soil- 
related parameters by coupling LAI into the model indicated a poten-
tial additional value of the methodology to spatialize a relevant prop-
erty, as water holding capacity, which is linked with water stress and is 
therefore a relevant variable in rolling terrain. 

To improve the accuracy of yield predictions and reduce the source 
of uncertainties, relevant factors were identified for further study. First, 
uncertainty related to LAI simulations with the crop model. The 
approach of static partitioning tables introduces uncertainty since in 
indeterminate varieties of soybean biomass allocation is characterized 
by high plasticity and environmental condition is a modifier of the 
relationship used to allocate biomass. Second, the generalization of the 
empirical algorithms to retrieve LAI should be cautious, as they are 
highly dependent on the site and time that were developed. Third, in the 
case fine-scale soil information is available, the updating method is a 
potential alternative that should be explored with soybean to overcome 
the discrepancy between simulated and retrieved LAI. Finally, to reach a 
meaningful validation of yield estimates, special attention should be 
paid on the systematic and random errors in yield monitor 
measurements. 
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Huang, J., Gómez-Dans, J.L., Huang, H., Ma, H., Wu, Q., Lewis, P.E., Liang, S., Chen, Z., 
Xue, J.H., Wu, Y., Zhao, F., Wang, J., Xie, X., 2019. Assimilation of remote sensing 
into crop growth models: Current status and perspectives. Agric. For. Meteorol. 
107609, 276–277. https://doi.org/10.1016/j.agrformet.2019.06.008. 

Ittersum, M.K.Van, Cassman, K.G., Grassini, P., Wolf, J., Tittonell, P., Hochman, Z., 2013. 
Field Crops Research Yield gap analysis with local to global relevance — A review. 
F. Crop. Res. 143, 4–17. https://doi.org/10.1016/j.fcr.2012.09.009. 

Jin, X., Kumar, L., Li, Z., Feng, H., Xu, X., Yang, G., Wang, J., 2018. A review of data 
assimilation of remote sensing and crop models. Eur. J. Agron. 92, 141–152. https:// 
doi.org/10.1016/j.eja.2017.11.002. 

Jones, J.W., Hoogenboom, G., Porter, C.H., Boote, K.J., Batchelor, W.D., Hunt, L.A., 
Wilkens, P.W., Singh, U., Gijsman, A.J., Ritchie, J.T., 2003. The DSSAT cropping 
system model. https://doi.org/10.1016/S1161-0301(02)00107-7 https://doi.org/ 
https://doi.org/.  
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Padilla, F.L.M., Maas, S.J., González-Dugo, M.P., Mansilla, F., Rajan, N., Gavilán, P., 
Domínguez, J., 2012. Monitoring regional wheat yield in Southern Spain using the 
GRAMI model and satellite imagery. F. Crop. Res. 130, 145–154. https://doi.org/ 
10.1016/j.fcr.2012.02.025. 

Pan, H., Chen, Z., de Allard, W., Ren, J., 2019. Joint assimilation of leaf area index and 
soil moisture from sentinel-1 and sentinel-2 data into the WOFOST model for winter 
wheat yield estimation. Sensors (Switzerland). https://doi.org/10.3390/s19143161. 

Reddy, V.R., Pachepsky, Y.A., Whisler, F.D., 1998. Allometric relationships in field- 
grown soybean. Ann. Bot. 82, 125–131. https://doi.org/10.1006/anbo.1998.0650. 

Rizzo, G., Monzon, J.P., Ernst, O., 2021. Cropping system-imposed yield gap: Proof of 
concept on soybean cropping systems in Uruguay. F. Crop. Res. 260, 107944 https:// 
doi.org/10.1016/j.fcr.2020.107944. 

Rowan, T.H., 1990. Functional stability analysis of numerical algorithms. Thesis Diss. 
Schuster, J.N., Darr, M.J., McNaull, R.P., 2017. Performance benchmark of yield 

monitors for mechanical and environmental influences. 2017. ASABE Annu. Int. 
Meet. https://doi.org/10.13031/aim.201700881. 

Setiyono, T.D., Bastidas, A.M., Weiss, A., Cassman, K.G., Specht, J.E., Dobermann, A., 
2007. Understanding and modeling the effect of temperature and daylength on 
soybean phenology under high-yield co. F. Crop. Res. 100, 257–271. https://doi.org/ 
10.1016/j.fcr.2006.07.011. 

Sibley, A.M., Grassini, P., Thomas, N.E., Cassman, K.G., Lobell, D.B., 2014. Testing 
remote sensing approaches for assessing yield variability among maize fields. Agron. 
J. 106, 24–32. https://doi.org/10.2134/agronj2013.0314. 

Silvestro, P.C., Pignatti, S., Pascucci, S., Yang, H., Li, Z., Yang, G., Huang, W., Casa, R., 
2017. Estimating wheat yield in China at the field and district scale from the 
assimilation of satellite data into the Aquacrop and simple algorithm for yield 
(SAFY) models. Remote Sens. 9, 1–24. https://doi.org/10.3390/rs9050509. 

Sinclair, T.R., 1986. Water and nitrogen limitations in soybean grain production I. Model 
development. F. Crop. Res. 15, 125–141. https://doi.org/10.1016/0378-4290(86) 
90082-1. 

Soltani, A., Sinclair, T.R., 2012. A Model for Potential Production. Modeling Physiology 
of Crop Development. Growth and Yield, London, pp. 129–139. 

Steven, G.J.. The NLopt nonlinear-optimization package, http://github.com/stevengj/ 
nlopt [WWW Document].URL https://nlopt.readthedocs.io/en/latest/(accessed 
2.4.21) 2021. 
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