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Abstract: The Sentinel-2 (S2) Toolbox permits for the automated retrieval of leaf area index (LAI).
LAI assimilation into crop simulation models could aid to improve the prediction accuracy for
biomass at field level. We investigated if the combined effects of assimilation date and corresponding
growth stage plus observational frequency have an impact on the crop model-based simulation of
water stress and biomass production. We simulated winter wheat growth in nine fields in Germany
over two years. S2 LAI estimations for each field were categorized into three phases, depending on
the development stage of the crop at acquisition date (tillering, stem elongation, booting to flowering).
LAI was assimilated in every possible combinational setup using the ensemble Kalman filter (EnKF).
We evaluated the performance of the simulations based on the comparison of measured and simulated
aboveground biomass at harvest. The results showed that the effects on water stress remained largely
limited, because it mostly occurred after we stopped LAI assimilation. With regard to aboveground
biomass, we found that the assimilation of only one LAI estimate from either the tillering or the
booting to flowering stage resulted in simulated biomass values similar or closer to measured values
than in those where more than one LAI estimate from the stem elongation phase were assimilated.
LAI assimilation after the tillering phase might therefore be not necessarily required, as it may not
lead to the desired improvement effect.

Keywords: data assimilation; leaf area index; ensemble Kalman filter; dynamic crop simulation
model; Sentinel-2; remote sensing

1. Introduction

Although originally developed for point-based applications that neglect spatial variation of
weather, soil and management, dynamic crop simulation models have been increasingly used for field,
regional, national and global scale purposes to simulate growth status, yield and soil–plant–atmosphere
interactions of a variety of crops [1–5]. For precision agriculture applications, these models could help
to guide the farmer in decisions related to site-specific management of crop input in terms of timing
and amount [6] as well as the provision of spatially explicit yield forecasts [7]. In general, the reliability
of crop growth simulations depends on the accurate representation of plant physiology processes in the
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model, the right selection of model parameters and the accuracy of the input data [8]. The performance
is hampered by the uncertainty of those factors [9].

Modern remote sensing platforms and instruments enable one to capture biophysical crop
canopy variables at spatial scales that allow for the recognition of variability within a field [10,11].
The assimilation of information on crop status and within-field variability into crop simulation models
could help to limit the impact of poor model parameterization [9].

The idea of data assimilation in the context of dynamic crop models is to incorporate one or several
observations of model state variables during the period of crop growth. Based on these measurements,
the model can be updated or calibrated as to improve predictions about future states of the crop [12].
A number of different remote sensing-derived biophysical variables have been assimilated into crop
models in the past, such as biomass [13], canopy cover [13,14], phenology [15,16], soil moisture [17–21]
and, most-prominently used, leaf area index [14,15,18–20,22–31].

Multispectral optical satellite imagery is prevailingly used for the estimation of biophysical
variables of vegetation (see [32] for a review). Technical constraints such as frequency of overpasses and
cloud coverage, however, result in incomplete time series [33]. The amount and timing of biophysical
variable estimations available for assimilation into crop models might therefore be different from
location-to-location and year-to-year, as well as have an impact on the accuracy of the model predictions.
Few studies investigated the impact of timing of state variable assimilation (i.e., leaf area index (LAI) and
other variables) into crop models when simulating the growth of winter wheat. Huang et al. [25] found,
relying on field-measured LAI, that (1) assimilating LAI during pre-heading stages achieved better
model accuracy than assimilating LAI during post-heading stages, (2) when considering individual
growth stages, LAI assimilation at heading played the most critical role, followed by booting, anthesis,
elongation, jointing, green-up and maturity, and (3) the assimilation of LAI from all growth stages
during the growing season resulted in the best accuracy. Xie et al. [20] found that the accuracy of
yield estimation is highest when assimilating LAI at jointing and heading–filling stages as well as by
assimilating soil moisture at green-up and milk stages, followed by the assimilation of LAI and soil
moisture simultaneously and the assimilation of LAI alone. The authors assimilated one cloud-free
Landsat image per main growth stage [20].

A number of studies have lately demonstrated the suitability of the Sentinel-2 (S2) multispectral
imaging mission (operated by the European Space Agency (ESA)) to retrieve crop biophysical variables,
including LAI, at high spatial resolution [34–36], and to plot within-field variability of crop status and
growth as a foundation for precision farming applications [37–40].

Variable site characteristics typically cause within-field heterogeneity of crop growth and crop
yields [41,42] because occurring stresses (e.g., water (=drought stress), heat, nutrient, diseases, ozone,
etc.) hamper biomass development. In a recent study, we found that the inclusion of soil-related model
variables in the data assimilation process is a promising approach for crop modeling at sub-field level
under the consideration of simulated water stress [7]. We are currently not aware of any study that looks
at the impacts of data assimilation into crop models that incorporate one or multiple stresses in their
simulation routines, considering that typically only one or few state variables within a complex network
of dependencies are updated during the procedure. Elaborate research is necessary to understand
these consequences [7]. Based on these findings, we targeted the following research questions:

Does LAI (derived from Sentinel-2 imagery) assimilation into a crop model at different dates
combined with their corresponding growth stages as well as the observational frequency have an
impact on:

1. The simulation of water stress (as the ratio between the actual and the potential crop transpiration)
in the crop model for nine conventionally farmed fields in Germany and,

2. The accuracy of winter wheat aboveground biomass predictions at harvest for those fields?
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2. Materials and Methods

2.1. Field Data

Data from nine farmer fields sized between 7 hectares and 100 hectares across six states in
Germany were included in this study. We grew winter wheat on three fields during the growing
season 2016/2017, and on six fields during the growing season 2017/2018 (see Table 1 for an overview,
and Figure A1 in the Appendix A for a map that indicates the locations). We selected commercial,
widely available cultivars for seeding. Fertilizers, pesticides and growth regulators were applied based
on best practice guidelines in accordance with local recommendations. The fields received no irrigation.
Daily measurements of rainfall, minimum and maximum temperature at 2 m height, solar radiation
and wind speed were logged by meteorological stations (Adcon Telemetry, Klosterneuburg, Austria)
mounted in the immediate vicinity of the fields.

Table 1. List of fields and their respective locations in Germany. BMY: average total aboveground
biomass yield (t ha−1), GY: average grain yield (t ha−1), HI: harvest index (=GY/BMY), SN: Saxony,
NW: North Rhine-Westphalia, HE: Hesse, BY: Bavaria, TH: Thuringia, NI: Lower Saxony. Sum of
rainfall (mm) between planting and harvest.

Growing
Season Field Location

Within State
Name of
Cultivar Planting Date BMY GY HI

No of
Sampling

Points

Sum
Rainfall

2016/2017 1 SN Benchmark 30 November 2016 16.31 9.43 0.58 30 329
2016/2017 2 NW Jonny 25 October 2016 14.51 5.96 0.41 29 393
2016/2017 3 HE Julius 28 October 2016 19.34 9.85 0.51 20 496
2017/2018 4 BY RGT Reform 3 November 2017 14.51 7.74 0.53 48 353
2017/2018 5 BY RGT Reform 16 November 2017 16.41 8.09 0.49 44 324
2017/2018 6 SN RGT Reform 16 October 2017 18.82 9.54 0.51 21 352
2017/2018 7 TH RGT Reform 19 October 2017 12.13 5.18 0.43 38 214
2017/2018 8

NI
RGT Reform 3 November 2017 14.52 8.08 0.56 38 246

2017/2018 9 RGT Reform 17 October 2017 17.95 8.89 0.5 43 278

We distributed sampling points (between 20 and 48, depending on the size of the field)
randomly across every field, where we sampled the soil in 30 cm intervals up to a depth of 90 cm.
Texture composition (divided into the particle sizes sand, silt, clay and gravel according to the
German soil classification [43]) and total organic carbon content were measured in the laboratory.
Around maturity, we harvested aboveground biomass on a plot sized one square meter at each soil
sampling point. Split into its components—grain, stem and leaves—each sample was oven-dried
(at 105 ◦C) until we were unable to determine further weight reduction.

Average aboveground biomass yield per field varied between 12.13 t ha−1 (Field 7) and 19.34 t ha−1

(Field 3), the harvest index (i.e., the ratio of grain yield to total aboveground biomass as a measure of
reproductive efficiency) varied between 0.41 (Field 2) and 0.58 (Field 1).

2.2. Crop Model Setup

We used the modeling framework SIMPLACE (Scientific Impact Assessment and Modelling
Platform for Advanced Crop and Ecosystem Management—see Enders et al. [44] for general information
on the framework, and www.simplace.net, accessed 29 May 2020) to simulate the growth of winter wheat
in each sampling plot within each field. SIMPLACE modularizes crop model solutions into a number
of software units (so-called SimComponents) that are discrete, replaceable and interchangeable [45].
Our study’s solution pooled the SimComponents LINTUL5, SlimRoots, SlimWater and STMPsim.
LINTUL5 is a generic crop model that is able to simulate crop growth under potential, water limited and
nitrogen, phosphorus and potassium limited growing conditions for many different annual crops [46].
It has been extensively employed to assess crop responses to various influences [3,47–51].

The total daily growth rate of the crop (=biomass development) in LINTUL5 is a function of daily
temperature, intercepted radiation and radiation use efficiency (RUE). LAI is not simulated directly,

www.simplace.net
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but calculated daily as the product of specific leaf area (SLA, changes according to the development
stage of the plant) and the weight of the living green leaves (WLVG—see the model’s documentation
for more details [46]).

The SimComponent SlimWater was used to simulate the soil water balances for each sampling
point. Based on the amount of crop water uptake, soil evaporation, surface run-off and seepage
below the root zone, SlimWater simulates the daily change in soil water content in a one-dimensional,
multiple layered soil profile [52]. The simulation of root growth was done using SlimRoots, where the daily
increase in biomass of seminar and lateral roots depends on the input of assimilated biomass provided the
shoot simulated in LINTUL5 (see Gaiser et al. [45] for more information). The SimComponent STMPsim
calculated the soil temperature in each soil layer depending on weather and soil conditions.

We used the pedotransfer functions (PTFs) extracted from the database of hydraulic properties of
European soils (HYPRES) [53] to predict soil hydraulic properties of each soil profile by fitting the
Mualem-van-Genuchten model parameters, based on measured soil texture. HYPRES PTFs were
developed based on soil hydraulic measurements provided by several organizations from 12 European
countries. The applicability ranges over all of Europe [53]. We extended our soil profiles artificially
down to 200 cm soil depth by copying the texture information that we had previously measured in the
60–90 cm soil depth layer.

As all fields were managed with the highest input level according to local recommendations
(regarding pesticide and fertilizer application), no disease and nutrient stresses occurred. Water stress
in our solution occurred if the simulated actual transpiration of the crop (TRAN in mm d−1) dropped
below the simulated potential transpiration (PTRAN in mm d−1) due to insufficient levels of transpirable
soil water in the root zone. Here, TRAN and PTRAN were calculated based on the modified Penman
approach for the estimation of evapotranspiration [46]. In LINTUL5, water stress reduces the total daily
growth rate of the crop by introducing a reduction factor computed as the ratio between TRAN and
PTRAN [46]. Thus, at a given day when TRAN < PTRAN, the model simulation indicates occurrence
of water stress, where the stress intensity depends on the ratio.

We ran SIMPLACE<LINTUL5,SLIM> in daily time steps. Data on daily phenology were requested
from a xarvioTM in-house developed, commercial growth stage model (that replaced LINTUL’s internal
phenology component), where the winter wheat cultivar-specific estimation was based on accumulated
thermal temperature, vernalization and photoperiod. xarvioTM developed this model to provide better
recommendations for fungicide application timing to farmers. It has been validated with roundabout
30,000 phenological observations from all over Germany.

Apart from phenology, we used the standard values for winter wheat, without consideration of
cultivar specifics. In LINTUL5, phenology is determined by the development stage (DVS) of the plant,
which ranges from 0 (seeding) over 1 (flowering) to 2 (fully ripe).

2.3. Sentinel-2 Leaf Area Index Estimations

We mapped LAI using the Sentinel Application Platform (SNAP) Sentinel-2 Toolbox Biophysical
Processor for every field (see Table 1). Only those scenes were selected and atmospherically corrected
using the Sen2Cor algorithm [54] where the conditions above the fields and the surrounding area were
free of clouds. Here, LAI is defined as half the developed area of photosynthetically active elements
(i.e., green, contributing elements such as stems and not just leaves) of the vegetation per unit horizontal
ground area [55]. The Biophysical Processor tool permits for the automated per-pixel retrieval of
essential climate variables (LAI, fraction of absorbed photosynthetically active radiation (FAPAR) and
fraction of vegetation cover (FCOVER)) and other biophysical variables (chlorophyll content in the
leaf and canopy water content) of any given vegetation type. These products are derived from the S2
top of canopy reflectance, without the inclusion of ancillary information from other sources (such as
land cover information). Given this universal implementation, the processor’s estimations of LAI
are therefore expected to be reasonably well across all vegetation types, but comparably worse than
approaches developed for an explicit vegetation type [55].
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Using bands 3–8a, 11 and 12 (bands with lower spatial resolution resampled to 10 m using the
Nearest method implemented in SNAP) top of canopy reflectance data as input, the Biophysical
Processor relies on a neural network (based on the generation of a training database using the PROSAIL
radiative transfer model) to derive final LAI values [55]. For each assimilation step, we used the
raster package [56] implemented in R [57] to extract LAI values from each pixel of the sampling
points’ location.

2.4. Scenario Development

For this study, we categorized the S2 LAI images into three groups (phenophases, see Figure 1),
depending on the DVS of the plants at the acquisition date of each S2 scene, as determined by the growth
stage model for winter wheat (see Section 2.2). The first group (P1) encompassed the principal growth
stage phase tillering (DVS < 0.44), the second group (P2) the phase stem elongation (0.44 ≥ DVS < 0.75),
and the third group (P3) the phases booting, heading and flowering (0.75 ≥ DVS ≤ 1). For group 1,
only one image was available per field and a maximum of four images each for groups 2 and 3.
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Figure 1. Available cloud-free Sentinel-2 images per field for leaf area index (LAI) estimation, with the
acquisition dates converted to development stages (DVS) of winter wheat. A cross indicates each
available image (×). DVS 0.2: beginning of tillering; 0.5: beginning of stem elongation; 0.9: beginning of
heading; 1: full flowering. Dashed vertical lines represent phenophase ranges.

Based on the maximum number of images available in each phenophase that could potentially
be assimilated, we created every possible combinational setup for assimilation (Phenophase_1(0,1)
× Phenophase_2(0,1,2,3,4) × Phenophase_3(0,1,2,3,4)) (Table 2) including the increments. We also
included a model run where no LAI data were assimilated at all (combination 1, i.e., the control
run without data assimilation, also referred to as open loop in other data assimilation publications),
but relied solely on the calculation of the ensemble mean (EM, consisting of 100 members). We chose
this option because previous studies showed that, among those options where no data were assimilated,
the EM approach is able to outperform standard model runs [7,29].

Not every combination was possible for every field, due to a sometimes-lower maximum number
of images available for P2 and/or P3. Images were randomly drawn within the different phenophases
for those combinations where the number of images available for assimilation was smaller than the
available number of images.
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We did not include LAI estimations acquired after flowering (i.e., DVS > 1), since we intended
to assess how suitable these approaches were for total aboveground biomass predictions at harvest
(with simulation runs far beyond the assimilation of the last available estimation).

Table 2. Combinations of numbers of Sentinel-2 (S2) LAI images used for assimilation into the model
during different phenophases. P1: principal growth phase tillering (DVS < 0.44), P2: principal growth
phase stem elongation (0.44 ≥DVS < 0.75), P3: phases booting, heading and flowering (0.75 ≥DVS ≤ 1).

Combination ID P1 P2 P3 Combination ID P1 P2 P3

1 0 0 0 26 1 0 0
2 0 1 0 27 1 1 0
3 0 2 0 28 1 2 0
4 0 3 0 29 1 3 0
5 0 4 0 30 1 4 0
6 0 0 1 31 1 0 1
7 0 1 1 32 1 1 1
8 0 2 1 33 1 2 1
9 0 3 1 34 1 3 1
10 0 4 1 35 1 4 1
11 0 0 2 36 1 0 2
12 0 1 2 37 1 1 2
13 0 2 2 38 1 2 2
14 0 3 2 39 1 3 2
15 0 4 2 40 1 4 2
16 0 0 3 41 1 0 3
17 0 1 3 42 1 1 3
18 0 2 3 43 1 2 3
19 0 3 3 44 1 3 3
20 0 4 3 45 1 4 3
21 0 0 4 46 1 0 4
22 0 1 4 47 1 1 4
23 0 2 4 48 1 2 4
24 0 3 4 49 1 3 4
25 0 4 4 50 1 4 4

2.5. Model Run and LAI Assimilation

We ran SIMPLACE<LINTUL5,SLIM> in daily steps for all sampling points in all fields,
using measured soil texture and weather data as model input. We used the ensemble Kalman
filter (EnKF) to assimilate the S2-derived LAI information based on each combination into SIMPLACE
<LINTUL5,SLIM>. LAI estimations in those combinations that contained more than one acquisition
were assimilated in sequential order.

EnKF is a method that continuously updates the crop model whenever a new observation becomes
available, based on the theory that improved simulation data at day t will increase the accuracy of
the simulation data on subsequent days. It accounts for the uncertainty of the simulation results and
observations, and pools an ensemble forecast and the Kalman filter to compute the prediction error
covariance using a Monte Carlo method [58,59]. Evensen [60] provides in-depth information on EnKF.

Based on the findings of a previous study [7], the generation of the model ensemble (consisting of
100 members) relied on a set of three variables from soil and crop components of the model, which was
deemed a good approach. A randomly generated Gaussian distribution was created for three variables:
(1) the soil water content at simulation start (SoilWaterInit), (2) the maximal rooting depth of the plants
(MaximalRootDepth) and (3) a scaling factor for SLA (ScaleFactorSLA). As we perturbed SoilWaterInit
and MaximalRootDepth at the initialization of the simulation, water stress was induced by the model at
differing points in time along the growing season. This resulted in the expansion of the range of LAI
values in the ensemble at any given point in time. Neither SoilWaterInit nor MaximalRootDepth were
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updated during the simulations so as not to temper with the consistency of the model. SoilWaterInit
was calculated for every soil layer k in the soil profile as:

SoilWaterInitk = ScalingFactor ∗VolumetricWaterContent33to1500k +VolumetricWaterContent1500k (1)

where VolumetricWaterContent33to1500 describes the volumetric soil water content from field capacity
to wilting point (i.e., plant available water), and VolumetricWaterContent1500 the volumetric soil water
content at permanent wilting point. Both values were returned by the PTF (Section 2.2), based on
the measured soil texture. We included ScaleFactorSLA, scaling all predefined DVS-dependent SLA
values uniformly in the set of ensemble generation variables, because it showed high impact on LAI
dynamics and biomass accumulation in the model (as found in the sensitivity analysis, data not shown).
No perturbation of other input data (e.g., weather data, reference evapotranspiration) was performed.
Simulations were started the day that preceded the sowing day. We hereby achieved the maximum
effect of varying soil water content in the model ensemble.

The LAI error was assumed to be 1. Whenever LAI was assimilated into SIMPLACE<LINTUL5,SLIM>,
the state variable, WLVG, was adjusted by dividing LAI by SLA. This step ensured the consistency
between LAI and dry matter of leaves as well as total aboveground biomass.

The entire workflow (i.e., simulation runs with different combinations of LAI assimilation) was
repeated five times. This allowed us to investigate the influence of (a) the random distribution of
values for the ensemble generation, and (b) the random drawing of images from the phenophases
for those combinations where the number of images available for assimilation was smaller than the
available number of images.

2.6. Evaluation of Model Performance

We based the evaluation of the model performance for each site and each combination tested on
the comparison of measured and simulated total aboveground biomass at harvest day. Two metrics
were calculated: the Root Mean Square Error (RMSE) and the Bias. RMSE indicated the magnitude of
error in the unit of measurement. The Bias denoted the amount by which the predicted values were
greater (positive Bias values) or smaller (negative Bias values) than the measured ones. Additionally,
we calculated the difference between the cumulated mean actual crop transpiration (TRAN) and
potential crop transpiration (PTRAN) (Section 2.2) per field for the period from planting to harvesting
to study the effects of LAI assimilation on the initialization and intensity of water stress in the model
simulations. The repetitions of this exercise (Section 2.5) allowed for the calculation of the standard
deviation for every metric and combination.

3. Results

3.1. Sentinel-2 LAI Estimations and Simulated LAI

Figure 2 shows the average LAI development per field (plus standard deviation) until flowering
stage, as extracted from the S2 imagery for all sampling points. Values ranged from LAI < 1 during the
early phases of the growing season to maximum LAI > 5 during the later stages. Three fields show
a clear reduction in LAI after peaking, even before the flowering stage (Fields 5, 8, and especially Field
7 with a very strong decrease in leaf area between acquisition dates 5 and 6), while the others showed
sigmoid leaf growth (i.e., no reduction in LAI before flowering). In Field 2, a strong increase in leaf
area index occurred only during the later phase of the booting to flowering stage.

The spatial heterogeneity of the S2-based LAI within the fields increased during the growing
season, as indicated by the error bars that represent standard deviation (Figure 2). The levels of
heterogeneity that developed differed between the fields, from low levels (Fields 3, 6 and 9, with a low
spread during the growing season) to high levels (Fields 1, 4 and 7, high spread). In general, estimated
LAI values were within reasonable, expectable ranges (see, e.g., Sieling et al. [61] to compare winter
wheat LAI development).
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Analysis of the average LAI states in the crop growth simulations for each field and combination
(see Figure A2 in the Appendix A) at the end of the tillering phase (P1), end of stem elongation
phase (P2) and end of flowering phase (P3) revealed the following: In comparison to the control run
(combination 1, i.e., no LAI assimilation), LAI was only marginally in- or decreased by the updates
until the end of the tillering stage. In most fields, LAI values at the end of the stem elongation phase
(P2) exceeded those at the end of the booting to flowering stage (P3) in all combinations (see results for
Fields 2, 6–9 in Figure A2 in the Appendix A). In other Fields (3–5), LAI values at the end of P2 and
P3 were similar in some combinations (IDs 2–3, 6–8, 26–28) and diverged in others, where values at
the end of P2 exceeded those at the end of P3 (IDs 12–14, 37–39). In Field 1, values at the end of the
flowering stage (P3) exceeded those at the end of the stem elongation phase (P2) in all combinations.
Especially the assimilation of estimates during P2 lead to substantial increases in LAI, which were only
partly re-adjusted during P3.

Agronomy 2020, 10, x FOR PEER REVIEW 8 of 22 

 

(P2) and end of flowering phase (P3) revealed the following: In comparison to the control run 

(combination 1, i.e., no LAI assimilation), LAI was only marginally in- or decreased by the updates 

until the end of the tillering stage. In most fields, LAI values at the end of the stem elongation phase 

(P2) exceeded those at the end of the booting to flowering stage (P3) in all combinations (see results 

for Fields 2, 6–9 in Figure A2 in the Appendix A). In other Fields (3–5), LAI values at the end of P2 

and P3 were similar in some combinations (IDs 2–3, 6–8, 26–28) and diverged in others, where values 

at the end of P2 exceeded those at the end of P3 (IDs 12–14, 37–39). In Field 1, values at the end of the 

flowering stage (P3) exceeded those at the end of the stem elongation phase (P2) in all combinations. 

Especially the assimilation of estimates during P2 lead to substantial increases in LAI, which were 

only partly re-adjusted during P3. 

 

Figure 2. Average LAI development (as development stage DVS) per field until flowering stage, as 

extracted from the Sentinel-2 imagery. Error bars show standard deviation. DVS 0.2: beginning of 

tillering; 0.5: beginning of stem elongation; 0.9: beginning of heading; 1: full flowering. Dashed 

vertical lines represent phenophase ranges. 

3.2. Results for Simulation of Water Stress 

The assimilation of LAI estimations at different growth stages and with different frequencies 

affected the water stress levels in the simulations of our SIMPLACE<LINTUL5,SLIM> crop model 

solution to varying extents. In Figure 3, average water stress per field is indicated as the difference 

between mean actual crop transpiration TRAN and the mean potential crop transpiration PTRAN. 

Until the flowering stage, LAI assimilation (during any phenophase) showed only minimal 

effects on water stress simulation in most fields (Fields 3–9). Values close to zero indicated that hardly 

any stress occurred in those simulations. In Fields 1 and 2, no LAI assimilation (see Figure 3, upper 

left panel) resulted in higher simulated water stress until flowering than in those simulations where 

LAI was assimilated. 

During the period from planting to harvest, water stress in the model simulations was more 

pronounced (with up to 125 mm difference between TRAN and PTRAN), as suggested by the greater 

Figure 2. Average LAI development (as development stage DVS) per field until flowering stage,
as extracted from the Sentinel-2 imagery. Error bars show standard deviation. DVS 0.2: beginning of
tillering; 0.5: beginning of stem elongation; 0.9: beginning of heading; 1: full flowering. Dashed vertical
lines represent phenophase ranges.

3.2. Results for Simulation of Water Stress

The assimilation of LAI estimations at different growth stages and with different frequencies
affected the water stress levels in the simulations of our SIMPLACE<LINTUL5,SLIM> crop model
solution to varying extents. In Figure 3, average water stress per field is indicated as the difference
between mean actual crop transpiration TRAN and the mean potential crop transpiration PTRAN.

Until the flowering stage, LAI assimilation (during any phenophase) showed only minimal effects
on water stress simulation in most fields (Fields 3–9). Values close to zero indicated that hardly any
stress occurred in those simulations. In Fields 1 and 2, no LAI assimilation (see Figure 3, upper left
panel) resulted in higher simulated water stress until flowering than in those simulations where LAI
was assimilated.
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During the period from planting to harvest, water stress in the model simulations was more
pronounced (with up to 125 mm difference between TRAN and PTRAN), as suggested by the greater
difference between TRAN and PTRAN (i.e., indicating a deficit of transpirable water). In most fields,
the assimilation of LAI during P1 or P3 had an effect only if no LAI estimations from P2 were assimilated.
The assimilation of LAI during P2 typically resulted in greater simulated stress than in those without
simulations (except Fields 1 and 2), and an increasing number of estimations being assimilated resulted
in even greater influence (Fields 3–9). In Fields 1 and 2, the assimilation during P2 decreased simulated
stress, compared to the simulation without simulation.

The random selection of LAI retrievals for the assimilation had a limited impact on the TRAN and
PTRAN results, as standard deviations were marginal among all fields and combinations. We therefore
refrained from including the standard deviations in Figure 3.
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assimilated during phenophase 1 (P1, columns) and the number of LAI estimations assimilated during
phenophase 3 (P3, rows), with the number of LAI estimations assimilated during phenophase 2 (P2)
indicated on the horizontal axis. Encircled points indicate results of the control run (i.e., no LAI
assimilation). Repeated model runs showed a marginal effect on Root Mean Square Error (RMSE) only,
which is why we do not provide the standard deviation. For improved readability, the horizontal
positions of the points are slightly dodged.

3.3. RMSE-Based Validation of Model Results

We calculated the RMSE of the total aboveground biomass per field, based on the comparison of
simulated and measured total aboveground biomass at harvest day (Figure 4 for fields 1–5 and Figure 5
for fields 6–9). RMSE values ranged between 0.35 t ha−1 (Field 6, Combination 2) and 5.42 t ha−1

(Field 8, Combination 1). As are visible in Figures 4 and 5, both the frequency of assimilations and the
corresponding growth stage affected the performance of the model predictions. The assimilation of
a single observation during P1 resulted in lower RMSE values compared to the control simulations
(EM) in most fields (except Fields 1 and 9, where LAI assimilation always resulted in higher RMSE
values). Similarly, the assimilation of one or more LAI estimations during P3 (and no LAI estimate from
other periods) caused a reduction in RMSE in most of the fields, except in Fields 1 and 9. Looking at the
influence of LAI assimilation during P2, we found that (1) RMSE decreased compared to the control
run if no values from the earlier or later phenophases were assimilated and (2) the RMSE increased the
more LAI estimates from P2 were assimilated. The randomization of LAI acquisition dates showed no
significant effects on RMSE in Fields 1, 2, 6 and 7 (low standard deviation). Moderate to strong impacts
were visible for some combinations in Fields 3, 4, 5 (Figure 4), 8 and 9 (Figure 5), particularly where
LAI estimates from P2 were assimilated into the model runs.
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LAI estimations assimilated during phenophase 3 (P3, rows), with the number of LAI estimations
assimilated during phenophase 2 (P2) indicated on the horizontal axis. Point sizes indicate standard
deviation. Encircled points indicate results of the control run (i.e., no LAI assimilation). See Table 2 for
information about combinations. RMSE in t ha−1. See Figure 5 for results of fields 6–9.
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3.4. Bias-Based Validation of Model Results

The bias was calculated per field, based on the comparison of simulated and measured
total aboveground biomass at harvest day (Figure 6 for fields 1–5 and Figure 7 for fields 6–9).
A positive bias indicates overestimation of biomass by the crop model, a negative bias indicates
underestimation. Mean bias ranged between −2.59 t ha−1 (Field 2, Combination 37) and 6.26 t ha−1

(Field 8, Combination 1). Values varied across combinations and across fields. In two fields (Fields 7
and 9), simulations underestimated measured total aboveground biomass in all combinations, and the
bias of the control runs was closer to zero. In Field 2, different combinations caused either an over-
or underestimation of measured biomass by the simulations. In all other fields (Fields 1, 3–6, 8),
simulations overestimated measured biomass in all combinations. Similar to the RMSE results, the bias
reduced, compared to the control run, when one LAI estimate from P1 or P3 was assimilated only
(Fields 2–6, 8). The assimilation of LAI estimates from P2 caused the bias to increase; with a tendency
to stronger deviate from 0 the more values were assimilated.

Contrary to this, Fields 7 and 9 showed a decrease in the bias when one or several images from P2
were used for the assimilation. The standard deviations tended to increase with an increasing number
of LAI estimates from P2 that were assimilated into the simulation runs.
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LAI estimations assimilated during phenophase 3 (P3, rows), with the number of LAI estimations
assimilated during phenophase 2 (P2) indicated on the horizontal axis. Point sizes indicate standard
deviation. Encircled points indicate results of the control run (i.e., no LAI assimilation). See Table 2 for
information about combinations. Positive values indicate overestimation by the model. Bias in t ha−1.
See Figure 7 for results of fields 6–9.
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4. Discussion

4.1. Sentinel-2 LAI Estimations

We used the Biophysical Processor implemented in the SNAP Sentinel-2 Toolbox to derive LAI
in the sampling plots in each field. Several studies reported on validation results of the Simplified
Level 2 Product Prototype (i.e., a prior version of the Biophysical Processor that produces comparable
results [55]) and reported satisfying results for the estimation of LAI (RMSE 0.80–0.98) for a variety of
crops [62,63]. Recent publications examined the accuracy of the Biophysical Processor-estimated LAI in
winter wheat [36,64] and durum wheat [64], and found varying results (winter wheat: RMSE 1.16–1.53,
durum wheat: RMSE 0.74).

The authors of the algorithm emphasize that it is based upon a set of strong assumptions made by the
PROSAIL radiative transfer model with regard to leaf optical properties, canopy structure and background
reflectance. Results could be inaccurate if those assumptions are violated [55]. A custom correction that
accounts for the specificities of the canopy type could be a solution to improve accuracy [55].

A number of publications have shown that automated S2-derived LAI estimations for winter wheat
are within reasonable accuracies (see Section 2.3), with diverging tendencies. Pasqualotto et al. [63]
found that the product tends to overestimate in-situ measured LAI, whereas Xie et al. [36] indicate
a predisposition of the Biophysical Processor to underestimate LAI in the field. In his master thesis,
Manuel Nolte (who co-authored this work) compared LAI measured in five winter wheat fields across
Germany (different from ours) in 2019 using the LAI-2200C Plant Canopy Analyzer (LI-COR Inc.,
Lincoln, NE, USA) with Biophysical Processor-derived LAI based on Sentinel-2 imagery. He found that
the software calculated higher LAI values than the measurement device (RMSE 1.13, R2 0.83), and that
the Biophysical Processor outperformed a winter wheat-specific inversion of the PROSAIL model [65].

In our case, the LAI trajectories in Figure 2 look reasonable with respect to magnitude and
dynamics in comparison to studies where LAI was measured in the field [25,61]. This underpins
our confidence that Biophysical Processor-derived LAI adequately represents developments on the
ground. Remaining uncertainty is encompassed during the assimilation process by our assumed LAI
observation error of 1, justified by the findings in the above-mentioned publications.

Within our study, field-measured LAI data for the validation of the S2 estimations and the crop
model results were not available. Given that high spatial resolution is a prerequisite for this study,
we could not rely on other remote sensing-based automated LAI products (such as MODIS or SPOT),
that typically offer information at coarser spatial resolution, for cross validation. Additionally, accurate
and comprehensive LAI product validation exercises in the field are still very difficult due to the
limitations of direct measurements [66].

4.2. Impacts of Combinations of LAI Assimilation on Simulation Results

The results for water stress (Section 3.2), RMSE (Section 3.3) and Bias (Section 3.4) clearly showed
that the accuracy of the results was influenced by the timing and the frequency of LAI estimations that
were assimilated into the SIMPLACE<LINTUL5,SLIM> crop model solution.

Figure 3 suggests that until the flowering stage, only minimal water stress occurred in the crop model
simulations of most fields (except Fields 1 and 2), and that the magnitude of stress was not influenced by the
assimilation of LAI estimates. Furthermore, the randomization of LAI estimations being assimilated within
the same phenophases showed no effect on the simulation of neither potential nor actual transpiration,
since the calculated standard deviation was negligible. Water stress therefore affected biomass production
in those simulations only during the period between flowering and harvest (i.e., the period where the entire
assimilate production is partitioned into the grain), where we did not assimilate any more LAI estimations.
However, Figure 3 illustrates that the assimilation of LAI, especially during the stem elongation phase
(P2) influenced the simulation of water stresses during the post-flowering period until harvest to a limited
extent. However, we hypothesize that the effects of LAI assimilation might be more pronounced in those
years where water stress occurs earlier during the growing season.
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The results for Fields 1 and 2 constitute an exception to the rest of our findings, where the
assimilation of at least one LAI estimate in P2 decreased the simulated stress dramatically, compared to
the control run. While the reasons for Field 1 remain unclear, we assume that soil hydraulic properties
were not represented adequately in Field 2, which caused an overestimation of water stress (resulting in
an underestimation of biomass production, as visible in Figure 6).

The distinct decrease in S2-estimated LAI, even before flowering in Field 7 (Figure 2)—supported by
the measured low amount of rainfall and a low harvest index (HI) (Table 1)—suggests the occurrence
of strong water stress between the phases booting to flowering. The simulated water stress in Field 7
(see Figure 3) indicates a strong reduction in biomass production in the simulations that ultimately
underestimated measured values in all cases. We therefore assume that our approach overestimated
the stress that actually occurred in the field, despite the fact that LAI assimilation reduced stress levels
(compared to the control run).

The results for the control runs (combination 1, encircled in Figures 3–7) showed that our crop model
solution overestimated true biomass production in most cases. Where updates (by the assimilation)
caused major increases in LAI in the simulation runs (this occurred especially in those combinations
where estimations from P2 were assimilated, see Figure A2 in the Appendix A), simulated water stress
as well as biomass production increased. While this might seem contradictory at first, it adds up
at second glance: A greater LAI increases the area of plant tissue that is photosynthetically active
(i.e., causes the production of assimilates as well as the release of water from the leaves). This ultimately
results in an increase in biomass production and water transpiration in the simulations. We assume
that, in our case, the LAI assimilation caused a greater water stress in the simulations due to the
increase in leaf area (as suggested in Figure 3). On the other hand, the increased biomass production
caused by a greater LAI outweighed the reduction in production induced by increased water stress.
The consequence of this causality was an overestimation of biomass production in most combinations
of LAI assimilation, especially when more than one LAI estimate from P2 (stem elongation) were
assimilated. However, combinations where solely LAI estimates from P1 and/or P3 were assimilated
did not show this effect.

The major changes of simulated LAI caused by the assimilation of LAI estimates mostly occurred
during the period of stem elongation (P2), where leaf area changes rapidly (see LAI dynamics during
stem elongation phase in Figure 2). The greater standard deviations of RMSE and bias for those
combinations where estimations from P2 were assimilated (compared to those where estimations from
P3 were assimilated only) suggest that the timing of acquisition within P2 plays a stronger role for the
prediction performance than for acquisitions within P3.

Except for Fields 1 and 9, the assimilation of only one LAI estimation from P1 produced RMSE and
Bias values of aboveground biomass that were at least as good as those where more estimations from
different points later in time during the growing season were assimilated (Figures 4–7). This holds also
true for the assimilation of one LAI estimation from P3. Our finding contrasts with the conclusions in
other publications, where the assimilation of LAI from several growth stages produced better results,
but lacked the consideration of plant stresses in the model runs [20,25].

While the majority of our results is in line with other studies, which found that the assimilation of
S2-derived LAI into crop models improved the accuracy of the predictions in all cases [23,28], we also
found that biomass estimations might actually deteriorate in spite of the assimilation of LAI, as the
results for Fields 7 and 9 showed. While those two studies mentioned above focused on a spatially
limited scale (experimental plots to farm level) with assumingly similar abiotic factors, we included
data from fields that were distributed widely across Germany. In Fields 7 and 9, winter wheat was
grown in 2017/2018 and the model performance in terms of RMSE as well as bias of the control run
(i.e., no LAI assimilation) was best among all the nine fields. Thus, when taking the uncertainties of
the LAI estimation procedure into account, no correction is needed, and it cannot be expected that the
simulated total aboveground biomass will be improved by the assimilation procedure.
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Another study [19] assimilated S2-derived LAI into the WOFOST crop model to simulate winter
wheat biomass growth in 22 sampling plots across the Hebei Province, China. While the averaged
results suggested that the assimilation improved prediction performance, a more detailed analysis of the
results revealed that, similar to our findings, accuracy worsened with assimilation in some individual
plots. Thus, the impact of the assimilation of LAI estimates on model outputs can be quite contrasting,
when single fields over a larger region are compared. This fact may be due to spatially diverging quality
of model input data (e.g., weather and soil data) or model-related weaknesses, which are site-specific.

4.3. Limitations of Input and Validation Data

Detailed, field-measured data were used as input into our solution (soil texture composition,
meteorological data). Whilst we assume that these data represented actual conditions on-site as
accurately as possible, it is not guaranteed that the most detailed input data improve model performance
over input data that are less accurate [8,29]. Gridded worldwide weather, as well as soil texture data,
is available, and we encourage researchers to investigate the impact of using these data in combination
with remotely sensed LAI data.

We derived the soil hydraulic properties for each sampling point from pedotransfer functions
published in the HYPRES database that is implemented in the SIMPLACE framework. Whilst some
years have passed since the publication of HYPRES [53], we are aware of more recent developments
in soil hydraulics modeling [67–69] that have not yet found their way into SIMPLACE. We therefore
cannot make a statement whether the usage of other PTFs would yield more accurate modeling results
when soil hydraulic properties were estimated by other pedotransfer functions. We encourage that
future research should be devoted to the comparison of the impact of different PTFs.

With regard to model parameters, we considered differences in phenology as the only
cultivar-specific properties. The model solution was not calibrated for other variables (e.g., SLA, RUE)
that could have improved the results. Considering the scaling down of LAI values in the simulation
runs between P2 and P3, even in fields where S2-estimated LAI showed no reduction (Figure 3),
we assume that improper calibration/estimation of parameters that drove LAI development in our
model solution caused an early LAI reduction in all ensemble members, which caused a reduction in
the updated LAI by EnKF. It is therefore safe to say that the assimilation of LAI information into a crop
model cannot compensate for all inadequacies.

We collected one aboveground biomass sample per sampling point in each field only for our
validation exercise (i.e., we abstained from taking repetitive measurements). Although we worked
diligently, measurements errors could have happened during the collection process. The readers should
be aware of this uncertainty when interpreting the RMSE and Bias results.

5. Conclusions

In this study, we investigated if the assimilation of Sentinel-2-derived LAI estimations into
the SIMPLACE<LINTUL5,SLIM> crop model using the ensemble Kalman filter (EnKF) in different
phenophases and with varying timing and frequency had an impact on the simulation results of winter
wheat growth in nine fields across Germany with regard to (a) the occurrence and magnitude of water
stress and (b) the prediction accuracy of total aboveground biomass at harvest.

Given the range of factors that we incorporated in this study by running the crop model for different
fields and years, the results allow one to draw conclusions for site-specific as well as general effects.

Both the timing and the frequency of LAI estimations influenced the simulation of water stress and
biomass production to various extents. The effects on water stress simulation remained largely limited
because they mostly occurred after flowering (where we stopped LAI assimilation). In comparison
with the control run (i.e., no assimilation), LAI assimilation altered stress levels, but did not cause
substantial changes with an increasing frequency of LAI assimilations. We found, however, that LAI
assimilation (independent of the growing stage) changed stress levels substantially in two fields,
which shows that the effect of LAI assimilation is site- and season-specific.



Agronomy 2020, 10, 1813 17 of 22

With regard to the biomass prediction performance, we found, to our surprise, that the assimilation
of only one LAI estimate from either the tillering phase (P1) or the booting to flowering stage (P3)
resulted in simulated biomass values that were similar or closer to measured values than in those
simulations where more than one S2 LAI estimate was assimilated. The assimilation of estimates
from the stem elongation phase (P2) largely caused a deterioration of the simulated biomass results.
Here, the great magnitude of LAI value changes due to the assimilation of LAI estimates during the
model runs caused a greater biomass production in the subsequent model steps, which, in turn, caused an
increase in water stress that was outweighed by increased biomass production. Another important finding
of this study was that LAI assimilation did not improve the model biomass predictions in all fields.

We would like to emphasize our key findings that are of interest to the crop modeling and data
assimilation community as follows:

• The assimilation of a single Sentinel-2-estimated LAI value derived during an early stage of crop
development (tillering phase) had positive effects on the accuracy of the simulation of total crop
biomass at harvest. Compared to those results, updating LAI with a greater frequency and at
later growing stages did not result in improvements of the predictions. LAI assimilation after the
tillering phase is therefore not necessarily required, as it may not lead to the desired effect.

• The effects of LAI assimilation timing and frequency on water stress and biomass growth
simulations might vary from site to site and season to season. We therefore encourage researchers to
investigate and report those in detail, as to contribute to a better understanding of model responses.
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Figure A1. Map of locations of study fields across Germany. Numbers correspond to field numbers in
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