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Probabilistic assimilation of optical satellite data with physiologically based2

growth functions improves crop trait time series reconstruction3
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• Physiological knowledge improved crop trait time series reconstruction5

• Physiological based growth functions are assimilated with optical satellite data6

• A probabilistic data assimilation scheme accounts for uncertainties7

• Bias in remotely sensed Green Leaf Area time series is reduced8

• The results were validated at multiple sites9
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Abstract18

A sound understanding of plant growth is critical to maintaining future crop produc-

tivity under ongoing climate change. Remotely sensed time series of crop functional

traits from optical satellite imagery are an invaluable tool for deriving appropri-

ate management practices that facilitate risk mitigation and increase the resilience

of agroecosystems. However, the availability of imagery is limited by atmospheric

disturbances that cause large temporal gaps and noise in the trait time series. There-

fore, time series reconstruction methods are required for accurate crop growth mod-

elling. Physiological priors, such as the fact that plant growth is mainly controlled

by a few environmental covariates, among which air temperature plays a prominent

role, represent a promising approach to improve the representation of crop growth.

Here, a novel approach is proposed that combines Sentinel-2 Green Leaf Area In-

dex (GLAI) observations with three dose response curve approaches describing the

a priori physiological relationship between growth and temperature in winter wheat.

A probabilistic ensemble Kalman filtering data assimilation scheme allows the com-
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bination of high temporal resolution air temperature data and satellite imagery,

which also allows quantification of uncertainties. The proposed approach requires

a smaller number of satellite observations compared to conventional remote sensing

time series algorithms, making it suitable for agricultural areas with high cloud cover,

and is considerably less complex than a mechanistic crop growth model. Validation

was carried out using in-situ data collected on winter wheat plots in Switzerland

in two consecutive years. The validation results suggest that the proposed assimi-

lation of Sentinel-2 GLAI and temperature-response-based growth rates allows the

reconstruction of physiologically meaningful GLAI time series. In particular, the sys-

tematic underestimation of high in-situ GLAI values (> 5 m2 m−2) often prevalent

in purely remote sensing driven GLAI time series reconstruction was reduced. Thus,

the proposed approach is advantageous compared to state-of-the-art remote sensing

approach based on wide-spread logistic functions by means of physiological plau-

sibility, fitting requirements and representation of high in-situ GLAI values. This

has great potential to increase the reliability of remotely sensed crop productivity

assessment.
Keywords: Green Leaf Area Index, Sentinel-2, Physiology, Time Series, Crop19

Growth Modeling, Crop Productivity20

1. Introduction21

The majority of daily calorie intake is provided by a few arable crops, including22

wheat. Ongoing climate change poses a major challenge to the ability of such crops23

to produce resilient yields (Asseng et al., 2015). This calls for suited management24

practices to mitigate risks and increase the resilience of agroecosystem. Consequently,25
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a sound understanding of plant growth is urgently needed to identify and minimise26

crop risks (Tilman et al., 2011). Plant growth dynamics within different phenological27

phases can be of great interest to identify stressors (Reynolds and Langridge, 2016).28

An important phase with respect to the yield potential of winter wheat (Triticum29

aestivum) is the stem elongation phase (i.e., begin of stem elongation until begin of30

flowering), which will be the focus of this study (Kronenberg et al., 2017; Miralles31

et al., 2000).32

Using optical satellite remote sensing, plant growth can be recorded on large spa-33

tial scales with relatively high temporal resolution. Remotely sensed time series of34

functional crop traits such as green leaf area index (GLAI) – defined as the photo-35

synthetically active leaf area per unit ground area (Maddonni and Otegui, 1996)36

– are therefore widely used to estimate vegetation productivity (Kooistra et al.,37

2023). For time series reconstruction, mainly statistical models are used, which fit a38

function to a set of satellite observations. Over the past decades, a variety of these39

statistical reconstruction models have been proposed (Zeng et al., 2020; Kooistra40

et al., 2023). These models range from simple linear interpolation to models that41

already incorporate prior knowledge about vegetation development, such as double42

logistic models (DL) (Beck et al., 2006). DL take advantage of the fact that most43

crop traits follow a bell curve with an ascending branch for the generative phase44

and a descending branch for the senescent phase. DL are therefore a clear advance-45

ment compared to time series reconstruction methods such as the Savitzky-Golay46

filter (Savitzky and Golay, 1964), the Whittaker smoother (Eilers, 2003), or Gaus-47

sian processes regression (Belda et al., 2020; Pipia et al., 2021) that lack a explicit48
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formulation of basic principles of crop growth and development. DL can be used49

to plausibilize the estimation of functional crop traits, i.e., to check whether tem-50

poral trajectories are consistent with prior knowledge (Koetz et al., 2005). Strictly51

speaking, this reconstruction is a modeling of crop growth.52

Still, even such advanced models depend on the availability of a sufficiently high53

number of satellite observations. The number of observations in optical remote sens-54

ing, however, can be reduced significantly by unfavorable atmospheric conditions55

such as clouds. In mid-latitude environments, which represent a major part of the56

world’s wheat production area, the percentage of cloudy optical satellite images can57

be higher than 60% (Sudmanns et al., 2020). This leads to larger temporal gaps in58

the data which constrain time reconstruction accuracy (Zhou et al., 2015). More-59

over, undetected clouds and shadows, i.e., noise, can deteriorate the quality of time60

series reconstruction (Zhou et al., 2016). This is significant as the reconstruction61

methods approach crop growth modeling mainly from a statistical perspective, i.e.,62

they make strong assumptions about the distribution and power of signal and noise.63

Moreover, the model parameters of statistical methods such as the aforementioned64

Whittaker smoother or Savitzky-Golay filter have often no intrinsic biological or65

physical meaning. Thus, the physiological plausibility of the reconstructed time se-66

ries is not guaranteed resulting in a potentially misleading representation of crop67

growth. Nevertheless, the acceptance of these models in the remote sensing com-68

munity is high (Kooistra et al., 2023) as the models are usually fast and easy to69

use.70

A more advanced perspective on crop growth and development is provided by71
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mechanistic crop models that address the underlying physiological processes (Delé-72

colle et al., 1992; Jamieson et al., 1998; Keating et al., 2003). Mechanistic, or process73

based, models are explicit formulations of physical and biological processes, with74

physical and biological meaning assigned to all parameters of the model (Cox et al.,75

2006). However, these models require extensive calibration efforts and information76

about boundary conditions such as soil properties which are often not available. To77

address this issue, the assimilation of remotely sensed functional traits has been78

proposed (Pellenq and Boulet, 2004) and shown to improve vegetation productiv-79

ity estimation (Huang et al., 2019; Waldner et al., 2019). Still, the complexity of80

mechanistic models and lack of calibration data limit their use in agricultural re-81

mote sensing (Weiss et al., 2020) although more simpler models such as the simple82

algorithm for yield estimation (SAFYE) have been proposed (Ma et al., 2022).83

From a purely physiological perspective, temperature is one of the most important84

and yet easy to measure covariates controlling plant growth (Porter and Gawith,85

1999; Asseng et al., 2019). A simple and widely used example in this regard is86

the concept of growing degree days (GDD) (Mcmaster, 1997). GDD describe the87

change of a trait value, i.e., growth, as the accumulation of temperature sums. This,88

however, partly neglects the effect that any chemical and, hence, biological process89

takes place within a specific temperature range and that reaction (growth) rates are90

a function of temperature. In detail, there is a minimum or base temperature Tbase91

below which no growth occurs as well as a maximum temperature Tmax above which92

growth comes to a halt. Between Tbase and Tmax there is an optimal temperature,93

Topt, at which the growth rate reaches its maximum (Porter and Gawith, 1999).94
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Various dose response curve (DRC)s have been proposed to model growth as a95

function of temperature (Wang et al., 2017). The range of functions varies from the96

above GDDs to the use of more complex functions such as asymptotic curves (Roth97

et al., 2022), the curve proposed by Wang and Engel (1998) or the Arrhenius-shaped98

curve proposed in Parent and Tardieu (2012). The parameters of the DRCs have –99

like mechanistic crop models – a biological meaning, but require only a few param-100

eters, which arguably makes them easy to use. Roth et al. (2022) have shown that101

crop growth rates under field conditions can be accurately reconstructed from DRCs.102

The authors have also shown that DRCs based on hourly air temperature data allow103

interpolation of coarser resolution (every three to four days) trait observations. How-104

ever, to the best of our knowledge, a DRC-based time series reconstruction approach105

has not been used to interpolate between satellite-derived crop trait observations.106

Our primary objective is therefore to use a priori physiological knowledge of107

the dependence of plant growth on air temperature encoded in DRCs to improve108

the reconstruction of GLAI time series from a set of satellite observations. We109

hypothesise that the use of physiologically informed DRCs and high spatial resolution110

trait observations will provide an accurate, physiologically consistent representation111

of crop growth. We therefore assume DRCs to outperform statistical time series112

reconstruction methods that lack an explicit linkage to biology.113

Based on our objective, we formulate three research questions:114

• First, can DRC crop growth rates be used to reconstruct continuous, physio-115

logically plausible crop trait time series from a set of satellite observations?116

• Second, does the proposed approach outperform a time series reconstruction117
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based on remote sensing data alone in terms of accuracy and reliability?118

• Third, what temporal resolution of temperature data is required - hourly or119

daily?120

To address these questions, we focus on GLAI derived from the Sentinel-2 (S2)121

satellite constellation at a study region in Switzerland, which acts as a blue-print for122

intensively farmed agricultural landscapes in temperate climate zones.123

We start with a description of the in-situ GLAI data used to calibrate and validate124

our proposed methodology (Section 2). We then describe the fitting of the DRCs to125

encode a-priori physiological knowledge. We continue with the GLAI retrieval from126

S2 to introduce spatial detail and large area coverage, and the proposed probabilistic127

reconstruction scheme in Section 3 alongside a baseline method based on S2 GLAI128

observations, only.129

2. Data130

2.1. Data131

2.1.1. Calibration Data132

Three sites in Switzerland (CH Bramenwies), western (Rur catchment, DE-Rur)133

and south-eastern Germany (Munich-North-Isar, DE-MNI) were used for calibration,134

i.e., for establishing the physiological a-priori knowledge. The data cover several135

winter wheat growing seasons. The sites represent winter wheat field parcels operated136

by farmers according to local agricultural management practice (see Table 1 for an137

overview).138
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At all sites, GLAI measurements (section 3.1.2) and phenology (section 3.1.3)139

ratings were carried out, which were linked to hourly air temperature from nearby140

weather stations. The GLAI measurements were chosen to represent the generative141

phase of the growing season, within which the GLAI should increase over time, i.e.,142

the beginning of stem elongation to heading. In total the calibration data set contains143

890 data points with the corresponding temperature history (Table 1). The dataset144

contains a total of 11 environments (year × location), providing a representative145

data set for model calibration in temperate environments of central Europe. Further146

details about the sites are provided in the following paragraphs.147

Table 1: Calibration data with locations, years, the corresponding amount of GLAI measurements,
and reference of the dataset. Latitude and longitude are provided in geographic coordinates (WGS-
84).

Location Years
GLAI

measurements
Lat. Lon. Reference

CH Bramenwies 2022 840 47.45 8.69 Wildhaber et al. (2023)

DE MNI

2017, 2018,

2020, 2021,

2022

24 48.29 11.71

Danner et al. (2017),

Danner et al. (2019),

Wocher et al. (2018)

DE Rur

2008, 2009,

2010, 2013,

2015

26 50.87 6.44 Reichenau et al. (2020)

CH Bramenwies. At the Bramenwies site in northern Switzerland (47.45◦ N, 8.69◦
148

E, 550 m above sea level), 840 GLAI were measured within a single winter wheat149
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field parcel (2.04 ha) at 29 predefined sampling points during the growing season of150

2022. The area receives a total annual precipitation of 1200 mm and has an annual151

air temperature of 10 °C (reference period 2011 to 2022). The soil of the moderately152

sloping parcel is loamy (clay content 20 to 30%) and slightly alkaline (pH between153

7.2 and 7.8) with moderate humus content (3.0 to 3.6%). The parcel was managed154

according to Swiss standards for conventional agriculture with three applications of155

mineral fertiliser in April and May 2022 (Wildhaber et al., 2023). Meteorological data156

were available from a weather station operated by the Agrometeorological Network157

of the Institute for Excellence in Agricultural Research, Agroscope.158

DE MNI. 24 GLAI measurements in winter wheat from five years between 2017 and159

2022 were available at the MNI site (48.29◦ N, 11.71◦ E, 440 m above sea level)160

close to the river Isar (≤ 10 km) north of the city of Munich. Measurements were161

taken between the beginning of April and July each year. The average annual air162

temperature is about 8.9 degrees Celsius with an annual precipitation of 757 mm163

(reference period 1991 to 2020). The dominant soil types in the mostly flat area are164

gleysols and pararendzina of alluvial origin. The parcels were managed according to165

conventional agricultural practices following German standards (Danner et al., 2017,166

2019; Wocher et al., 2018). Weather data was obtained from a station operated by167

the German Meteorological Service at Munich Airport.168

DE Rur. At the Rur catchment in northwestern Germany, 26 GLAI measurements169

were made in five years between 2008 and 2015 (50.87◦ N, 6.44◦ E, 100 m above170

sea level) in a fertile loess plain characterised by luvisols and anthrosols (Reichenau171

et al., 2020). From the original dataset of Reichenau et al. (2020) we took GLAI172
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observations in winter wheat from the sites Merzenhausen, Selhausen and Merken.173

The mean annual air temperature at these sites is about 10 degrees C and the174

total annual precipitation is about 700 mm. The fields were managed conventionally175

according to local best agricultural practice. Weather data were measured at stations176

located close to the monitored plots.177

2.2. Validation Data178

Independent data to validate the reconstructed GLAI time series were collected179

in 2022 and 2023 on seven winter wheat parcels at the Strickhof and Swiss Future180

Farm sites in northern Switzerland. The location of the sites and the shapes of181

the field plots are shown in Figure 1a. A sampling design of between three and182

eight sampling points per parcel was chosen to capture the heterogeneity within183

fields (white dots in Figure 1a). All sites are located in the Swiss Central Plateau,184

which is characterised by a temperate climate (mean annual air temperature around185

10°C) and humid conditions (annual precipitation around 1000 mm). Both sites are186

equipped with weather stations operated by the Swiss Federal Office of Meteorology187

and Climatology, MeteoSwiss (Swiss Future Farm) and the AgroMeteo network of the188

Swiss Federal Centre of Excellence for Agricultural Research, Agroscope (Strickhof),189

which provide hourly air temperature measurements.190

The fields were managed according to Swiss conventional agricultural practice.191

Detailed management information including the sowing date, winter wheat variety192

as well as timing and amount of fertilizer applied was provided by the farmers.193

10



Figure 1: (a) Map of the two sites at which independent validation data was acquired in 2022 (red)
and 2023 (blue). Dots denote the position of the sampling points in the field parcels to capture field
heterogeneity. (b) Daily mean air temperature 2 m above ground at the validation sites in spring
2022 (left) and 2023 (right). The mean air temperature between 1st of March and 30th of June is
given in the legend in brackets.

In terms of meteorology, 2022 and 2023 were different: 2022 had a dry and194
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warm spring, while April and May of 2023 were rainy and higher temperatures only195

occurred towards the end of May. Figure 1b shows the daily mean air temperatures196

for the Strickhof (blue) and Swiss Future Farm (red) sites in 2022 (left) and 2023197

(right). In both years the Strickhof site was warmer than the Swiss Future Farm198

site. In 2022, the mean air temperature between the beginning of March and June199

was 10.65 and 9.6 degrees C for Strickhof and Swiss Future Farm, respectively. In200

2023 this value decreased to 9.64 and 9.35 degrees C respectively.201

2.3. Sentinel-2 Imagery202

Thanks to its twin-constellation of S2A and B, the S2 platform provides high203

revisit rates (<= 5 days in mid-latitudes) and captures spectral reflectance data in 13204

channels between 490 and 2200 nm in up to 10 m spatial resolution. S2 has therefore205

proven an invaluable data source for vegetation studies including the retrieval of crop206

functional traits (Amin et al., 2021; Delloye et al., 2018, for instance).207

We obtained S2 bottom-of-atmosphere (processing level: L2A) imagery from Mi-208

crosoft Planetary Computer1 using the open-source Python library EOdal (Graf209

et al., 2022) (version 0.2.1; Python 3.10). The data cover the validation sites (Fig-210

ure 1). We used all scenes in 2022 and 2023 between the beginning and ending of the211

stem elongation phase (i.e., April to June) with a scene-wide cloud cover threshold212

of ≤ 50%. We determined the date range considered per parcel from the in-situ213

ratings of phenology (Section 3.1.3). In addition, we used a scene before and after214

the determined time period to provide enhanced temporal context and account for215

1https://planetarycomputer.microsoft.com/
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uncertainty regarding the exact onset of the phenological development stages. In216

total, 17 S2 scenes were available at the Strickhof site in 2022 and 14 in 2023, while217

at the Swiss Future Farm site 14 and 11 scenes could be used in 2022 and 2023,218

respectively.219

3. Methods220

Figure 2 shows the proposed workflow. Based on in-situ GLAI ("in-situ GLAI")221

values and air temperature data at the calibration sites (Section 2.1.1), DRCs are222

fitted and used to model growth rates in hourly and daily resolution (Figure 2a). S2223

GLAI ("raw GLAI") observations at the validation sites (Section 2.2, Figure 2b) are224

assimilated into the DRC-based growth curves and used to reconstruct the GLAI225

time series ("DRC GLAI") (Figure 2c). In addition, a baseline is fit based solely on226

S2 GLAI observations ("baseline GLAI") using a sigmoid function (Figure 2d). In227

a last step, the reconstructed GLAI time series are compared to in-situ validation228

data. The term "coarse spatial resolution", as depicted in Figure 2, indicates that the229

meteorological data offered only one reading for each field parcel, without accounting230

for any within-field variability. On the other hand, high spatial resolution implies that231

the spatial intricacies regarding within-field heterogeneity are taken into account.232

Code and data necessary to reproduce all processing and analysis are available under233

GNU General Public License v3.02. The methods section follows this structure and234

starts with the processing of the in-situ data.235

2https://github.com/EOA-team/sentinel2_crop_trait_timeseries
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Figure 2: Proposed workflow to reconstruct continuous GLAI time series with high spatial and
temporal resolution using temperature-based DRCs to obtain GLAI growth rates (a), S2 raw GLAI
observations per pixel (b) and data assimilation and DRC-based interpolation of assimilated DRC
GLAI values (c). The baseline method using a sigmoid function fit to the S2 GLAI data (baseline
GLAI) is shown in (d).

3.1. Processing of in-situ data236

Throughout the main growing season of winter wheat (beginning of March till237

end of June in central Europe) continuous, mostly weekly measurements of GLAI238

and phenology were undertaken at the calibration (Section 2.1.1) and validation sites239

(Section 2.2). All measurements were linked to hourly air temperature readings 2 m240

above ground available from nearby weather stations.241

3.1.1. Air temperature data242

Air temperature data was acquired hourly 2 m above ground in deg C. In addition,243

the temperature readings were aggregated to daily resolution by averaging all 24244

hourly measurements of a day from midnight to midnight.245
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3.1.2. Green Leaf Area Index246

GLAI samples were derived non-destructively using a LAI-2200C Plant Canopy247

Analyzer by LI-COR Biosciences with a 45 degree viewing cap. Measurements were248

performed at pre-defined sampling points within the fields (see, e.g., Figure 1a). For249

each measurement, three replicates were performed in different orientations each of250

them offset by 90 degrees. To avoid contamination of the measurement by direct251

sun light the measurements were either shaded manually, taken under diffuse light252

conditions (over-cast sky, fog) or acquired early in the morning.253

3.1.3. Phenology254

Estimates of GLAI (Section 3.1.2) were linked to phenological development. Phe-255

nological development of the winter wheat canopies was expressed in Biologische Bun-256

desanstalt, Bundessortenamt and CHemical Industry (BBCH) scale following Lan-257

cashire et al. (1991). For the rating of the beginning of stem elongation (BBCH 30)258

we cut the main tiller lengthwise and measured the distance between the first node259

and the tillering node following the manual by Pask et al. (2012). End of heading260

(BBCH 59) was reached when the inflorescence was fully emerged.261

3.2. Model calibration to introduce physiological knowledge262

Model calibration introduces the a-priori physiological knowledge about the rela-263

tionship between plant growth and air temperature (Figure 2a). The knowledge was264

based on a dataset of in-situ GLAI measurements from the calibration sites (Sec-265

tion 2.1.1). The measured in-situ GLAI values were used to calculate ∆ green leaf266

area index (∆GLAI) between two time points, which represent increase, respectively267
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growth of the wheat canopy (Equation 1) (as in Tschurr et al. (2023)). In-situ GLAI268

values have been smoothed using cubic smoothing splines before the calculation of269

∆GLAI.270

∆GLAI(tn) = GLAI(tn) − GLAI(tn−1) , (1)

The ∆GLAI value can then be expressed using the temperature trajectory be-271

tween time point tn and tn-1 in either hourly or daily granularity.272

3.2.1. Fitting of Dose-Response Curves273

The calibration dataset was utilised to optimise three distinct DRC, as illustrated274

in Figure 3. Each curve represents the behaviour of the ∆GLAI as a function of the275

observed temperature. The simplest DRC displays a non-linear correlation between276

growth and temperature, with zero growth deemed below Tbase. A linear growth277

reaction is projected for temperatures exceeding Tbase. We hereafter refer to this278

growth response curve as the non-linear DRC (e.g., as seen in Roth et al. (2023)).279

Additionally, an asymptotically shaped DRC was employed, accounting for a base280

temperature (Tbase), below which no growth occurs. Above Tbase, the DRC exhibits a281

maximum growth response, defined by the curve’s asymptote, along with the param-282

eter lrc, allowing for an asymptotic shape of the curve (e.g., see Roth et al. (2022)).283

Similar to the asymptotic DRC, the Wang Engels DRC can be defined by three pa-284

rameters: Tbase, which is the temperature below which growth does not occur, Topt,285

which defines the highest growth rate response, and Tmax, which is the temperature286

above which the growth rate is set to zero (Wang and Engel, 1998; Wang et al., 2017)287
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(refer to Figure 3).288

Figure 3: Schematic overview of the three used dose response curves (DRC), non linear, asymptotic
and Wang Engels curve. The x axis represents the input temperature, the y axis the corresponding
response in green leaf area index (GLAI) growth.

Table 2: Dose response curve parameters and constraints used for model fitting.

Dose response curve parameters constraints

non linear Tbase , slope

asymptotic Tbase, lrc, asymptote Tbase <asymptote

Wang Engels

Tbase,

Topt,

Tmax

Tbase

<Topt

<Tmax

The parameters for each of the three DRCs (refer to Table 2) were optimised289

utilising the calibration data explained earlier. An augmented Lagrangian algorithm290

employing the nloptr package in R (R Core Team, 2018; Johnson, 2007) was used291

for this purpose. Regarding our third research question, optimisation was conducted292

for temperature values of both hourly and daily measurements.293

17



As the curves used can solely depict ascending GLAI values, we excluded negative294

∆GLAI values prior to optimization. These values are typically attributable to mea-295

surement uncertainty and imprecisions, such as those related to sensor positioning.296

As a result, 20% of ∆GLAI values were rejected. Constrained optimization by linear297

approximation (COBYLA) was used as the local solver for optimization, providing298

upper and lower bounds and a starting value (Powell, 1994). Initial values were299

determined either by quantile values of input temperature data (for Tbase, Topt, and300

Tmax) or by empirically derived values (slope, lrc, and asymptote) (refer to Table A.7301

in the Appendix A). Optimisation was carried out 20 times on a randomly selected302

80% of the data, and the final parameters were derived from the median of the 20303

subset optimisations to obtain more robust parameter values, thereby reducing the304

possible influence of outliers. For each temperature measurement, the correspond-305

ing dose response value was calculated and accumulated over time. To optimise the306

parameters, the root mean squared error (RMSE) between these accumulated values307

and the ∆GLAI measurements was minimised. The skill score was negatively im-308

pacted for meeting constraints (Table 2) or for forecasting ∆GLAI values that were309

too low to attain physiologically significant parameter and prediction values.310

3.3. Processing of S2 data311

S2 raw GLAI observations introduce spatial detail (Figure 2b). We used all 10312

and 20 m bands except band 8 (central wavelength 842 nm). Band 8 was discarded313

in favor of band 8A (central wavelength 865 nm) which provides a higher spectral314

resolution than band 8. Thus, nine bands between 492 and 2200 nm were used: B2315

(blue), B3 (green), B4 (red), B5 (red-edge 1), B6 (red-edge 2), B7 (red-edge 3), B8A316
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(near-infrared 2), B11 (shortwave-infrared 1), and B12 (shortwave-infrared 2). See317

also Table A.6 in the Appendix A for details about the native spatial resolution,318

spectral band widths and central wavelengths of these bands.319

First, we clipped the S2 data to the spatial extent of the field parcels at the320

validation sites (Figure 1a). Next, we resampled the six 20 m bands (see Table A.6)321

to a spatial resolution of 10 m using nearest neighbor interpolation.322

All scenes were pre-processed by ESA using the payload data ground segment323

(PDGS) baselines 4.00 (2022 data) and 5.09 (2023 data) that compromise an im-324

provement radiometric harmonization of S2A and S2B as well as geometric refine-325

ments that fulfil the CEOS Analysis Ready Data for Land (CEOS ARD) standard.326

Therefore, no further refinements such as image co-registration were undertaken.327

3.3.1. Data cleaning328

We used the scene classification layer (SCL) delivered as part of the S2 L2A329

product to filter out clouds, shadows, open water, snow and cirrus on a per-pixel330

basis. Thus, only the SCL classes 4 (vegetation) and 5 (bare soil) were kept. Pixel331

values with a different SCL class assignment were masked and not considered any332

further.333

3.3.2. Radiative transfer modelling334

To extract raw GLAI from S2 scenes at the validation sites (Section 2.3) we335

used the four-stream radiative transfer model (RTM) PROSAIL (Jacquemoud et al.,336

2009) to simulate bi-directional reflectance factors of winter wheat canopies. PRO-337

SAIL couples the leaf RTM PROSPECT-D (Féret et al., 2017) with the canopy RTM338
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4SAIL (Verhoef, 1984). We parameterized the RTM inputs to reflect typical physi-339

ological and morphological characteristics of winter wheat canopies between BBCH340

stages 30 and 59 based on a comprehensive field phenotyping dataset described in341

Graf et al. (2023b). The leaf (PROSPECT-D) and canopy (4SAIL) input parame-342

ters including their range and distribution are shown in Table 3 based on Graf et al.343

(2023b). Following the proposed workflow by Graf et al. (2023b) we increased the344

physiological plausibility of RTM inputs. In detail, the leaf chlorophyll a+b and leaf345

carotenoid content were re-distributed based on empirical relationships between these346

traits and the GLAI established in Graf et al. (2023b) (GLAI - Cab relationship)347

and Wocher et al. (2020) (Cab - Car relationship). Using these relationships we can348

re-distribute Cab (through the canopy chlorophyll content) solely based on GLAI.349

Similarly, Car can be re-distributed solely based on Cab obtained in the previous350

step.351

We run PROSAIL in forward mode based on the input parameters denoted in352

Table 3 for each S2 scene during the stem elongation period. Illumination and ob-353

server angles were set to scene-specific values obtained from the S2 scene metadata.354

In total, we run 50 000 PROSAIL simulations per S2 scene. The resulting spectra355

were converted to the spectral resolution of S2 by convolution of the original PRO-356

SAIL outputs in 1 nm spectral resolution with the spectral response functions of357

S2A and B provided by ESA3. In addition, we applied further physiological plausi-358

bility checks introduced by Wocher et al. (2020). In detail, we dropped simulated359

3https://sentinel.esa.int/web/sentinel/user-guides/sentinel-2-msi/
document-library/-/asset_publisher/Wk0TKajiISaR/content/sentinel-2a-spectral-responses
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spectra with a shift of the green reflectance peak towards wavelengths shorter than360

574 nm, which was considered implausible based on extensive survey of handheld361

and airborne hyperspectral imaging data of green vegetation. Around 10% of the362

simulated PROSAIL spectra were therefore discarded. The resulting spectra were363

stored in lookup tables (lookup-table (LUT)s) per S2 scene.364
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Table 3: Parameter ranges and distributions for the combined leaf (PROSPECT-D) and canopy
(4SAIL) RTM (PROSAIL) for winter wheat canopies in the stem elongation phase. The ranges
are given for uniform distributions (range) or a truncated Gaussian distribution with mean and
standard deviation denoted in brackets. Cab and Car are redistributed on GLAI. All values and
distributions are taken from Graf et al. (2023b).

Trait Description Unit Range

PROSPECT-D (Leaf)

N Leaf Structure Parameter [-] 1 - 2.5 (1.5, 0.2)

Cab Leaf Chlorophyll a+b Content [µg cm−2] redistributed based on GLAI

Car Leaf Carotenoid Content [µg cm−2] redistributed based on Cab

Cant Leaf Anthocyanin Content [µg cm−2] 0.0 - 5.0 (2.0, 0.8)

Cbrown Brown Pigments [-] 0 - 1

Cw Equivalent Water Thickness [cm] 0 - 0.07 (0.04, 0.02)

Dm Dry Matter Content [g cm−2] 0 - 0.01

4SAIL (Canopy)

GLAI Green Leaf Area Index [m2 m−2] 0.5-6.5

ALA Leaf Inclination Angle [deg] 30 - 70

hspot Hot spot Parameter [-] 0.01 - 0.5

rsoil Soil Brightness Factor [-] 0 - 1

psoil Dry/ Wet Soil Factor [-] 0 - 1

3.3.3. Radiative transfer model inversion365

For RTM inversion we used the PROSAIL spectra stored in LUTs per scene. We366

retrieved raw GLAI per S2 pixel by comparing S2-observed (ρS2) spectra with the367
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simulated spectra in the LUT (ρLUT ) by means of the mean absolute error (MAE)368

for all n S2-bands considered (i.e., n = 9) as suggested by Graf et al. (2023b).369

MAE = 1
n

n∑
i=0

|ρS2i
− ρLUT i

| (2)

The median GLAI value obtained from the 5000 simulated spectra with the smallest370

MAE was then used as the S2-derived raw GLAI observation per S2 pixel.371

3.4. Time series reconstruction372

3.4.1. DRC-derived growth rates at the farm scale373

Fitted DRCs were applied to hourly and daily air temperature data at the val-374

idation sites (Section 2.2, Figure 2a). This converted each air temperature reading375

into a GLAI growth rate. Thus, per site and DRC GLAI growth rates in hourly and376

daily resolution were available.377

3.4.2. S2-derived raw GLAI observations at the pixel scale378

A simple outlier detection formalism was introduced to account for undetected379

atmospheric disturbances in the raw S2 GLAI observations (Figure 2b). Atmospheric380

disturbances usually cause negatively biased outliers in remotely-sensed trait obser-381

vations (Chen et al., 2004). Therefore, raw S2 GLAI values of a pixel that deviated382

from the mean of all raw GLAI values by more than a single standard deviation383

in the negative y-direction were discarded. This did not apply to the first GLAI384

observation in time due to two reasons: First, we lack sufficient temporal context.385

Second, due to its proximity to the early phase of stem elongation a low GLAI value386

is physiologically plausible.387
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3.4.3. Data assimilation using Ensemble Kalman Filtering388

We aimed to combine the modelled DRC GLAI growth rates reflecting a-priori389

physiological knowledge about the relationship of growth to air temperature with raw390

S2 GLAI observations to obtain the best possible estimate of the effective GLAI (Fig-391

ure 2c). Combining models with observations presents a data assimilation problem.392

In our case, we assimilated the raw S2 GLAI observations into the DRC-based GLAI393

growth rates to introduce spatial detail while retaining the high temporal resolution394

and physiological meaning of the underlying temperature data.395

For data assimilation, the Kalman filter (KF) is widely used. In essence, KF396

is a sequential approach estimating the "true", hidden state vector of a system by397

updating the modelled states whenever an observation becomes available. In our398

case, the hidden state vector is given by the actual but unknown GLAI time series399

of a pixel. Since, both, the DRC models and the S2 observations have uncertainties,400

we use the probabilistic ensemble Kalman filer (EnsKF). The EnsKF allows to in-401

clude model and observation uncertainty into the data assimilation process (Evensen,402

2003). EnsKF frameworks have therefore been widely used in assimilating remotely403

sensed crop traits in crop models (de Wit and van Diepen, 2007; Zhao et al., 2013;404

Huang et al., 2016). Graf et al. (2023a) found that raw GLAI values derived from405

S2 take relative standard uncertainties up to 5% due to uncertainty in the S2 top-of-406

atmosphere reflectance data. For in-situ GLAI and temperature data we estimated407

a similar magnitude of uncertainty and set relative model uncertainty to 5%. The408

EnsKF ensemble size was set to 50 ensemble members to balance computational409

complexity with statistical significance as suggest by de Wit and van Diepen (2007)410
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and Zhao et al. (2013).411

Figure 4 shows the proposed data assimilation approach, i.e., a zoom-in into412

Figure 4c, for a randomly selected S2 pixel at the Strickhof site in 2022. Figure 4a413

denotes the hourly air temperature time series available from the nearby weather414

station that was input into the DRCs to obtain hourly GLAI growth rates. The raw415

S2 GLAI observations (red dots) were assimilated into the DRC GLAI growth rates416

(Figure 4b) and subsequently used to reconstruct the final DRC GLAI time series417

with uncertainties (Figure 4c). Below we explain the steps in more detail.418
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Figure 4: Example of the proposed probabilistic GLAI assimilation for a single S2 pixel at the
Strickhof site in 2022 combining hourly air temperature data (a) with raw S2 GLAI observations
(red dots) using DRC-based cumulative daily growth rates (solid colored lines in b) to reconstruct
GLAI time series with associated uncertainties (c). The dose-response curve type used in this case
was asymptotic.

As a first step, we performed a conventional EnsKF assimilation (Figure 4b) using419

DRC-based growth rates derived from air temperature time series (Figure 4a). As420

the DRCs provide growth rates, an initial GLAI must be provided. We therefore421

initialised each of the 50 ensembles by randomly sampling between the lower and422

upper GLAI bounds using a uniform probability distribution. The initial GLAI423
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bounds were set to a range of 0.5 to 1.5m2 m−2 based on empirical knowledge. We424

started the model runs just before the first S2 observation (Figure 4b, left). We425

then accumulated all the DRC GLAI growth rates up to the first raw S2 GLAI426

observation. At the time t of the observation, we computed the Kalman gain K:427

K = PeH
T (HPeH

T + Re)−1 (3)

In Equation 3, Pe and Re denote the model and observation covariance matrices428

based on their uncertainties, and H is the measurement operator which is the iden-429

tity matrix since GLAI is directly observable. Using K, we calculate the Kalman430

innovation term KI431

KI = D − (HA) (4)

where D denotes the observation matrix with uncertainties and A is the matrix with432

modelled GLAI values at time t. Thus, the model state at the analyses step Aa can433

be obtained:434

Aa = A + K KI (5)

Aa re-initializes the ensembles at t. As before, we then calculated the cumulative435

DRC growth rates until the next raw S2 GLAI observation at time t + 1. At t + 1 a436

new Aa was calculated using Equations 3 to 5. This procedure was repeated for all437

S2 observations except the last one as shown in Figure 4b.438

Here, a limitation of the EnsKF method becomes clear: EnsKF is a non-conservative439
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approach, i.e., potentially large jumps in the modeled time series are caused by the440

assimilation (Figure 4b). This is physiologically implausible, since GLAI trajectories441

must be continuous. Therefore, we had to extended the EnsKF approach in a second442

step:443

We addressed said problem by replacing the raw S2 GLAI observations with444

the ensemble mean at each analysis step Aa (GLAIassim). This is to ensure that445

model and observation information is preserved. The ensemble standard deviation is446

retained as a measure of uncertainty, taking into account both, model and observation447

uncertainty. Using the GLAIassim values, we used the DRCs for a second time to448

model growth. This time, however, we used the DRCs to interpolate between the449

GLAIassim values, which are still temporally sparse. We scaled the cumulative growth450

rates to exactly match the GLAIassim values. In case GLAIassimt+1 was smaller451

than GLAIassimt , GLAIassimt+1 was discarded. In this case, we interpolated between452

GLAIassimt and GLAIassimt+2 . This ensured that undetected outliers in the raw453

S2 GLAI values were not given too much weight, while preserving medium range454

temporal characteristics. The resulting interpolated GLAI curve at the temporal455

resolution of the DRC (i.e., hourly or daily) is shown in Figure 4c, in which the solid456

blue line denotes the assimilated, DRC-interpolated reconstructed GLAI time series.457

From here on we name the reconstructed time series after the underlying DRCs.458

That is, by "non linear" we mean from now on the EnsKF assimilated and interpolated459

data points created using the non linear DRC and raw S2 GLAI observations. The460

same applies to "asymptotic" and "Wang Engels".461
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3.4.4. Baseline method462

As baseline method, a sigmoid (a.k.a. logistic) function was fitted to the same463

raw S2 GLAI observations at the pixel scale (Figure 2d). Due to its S-shaped form,464

sigmoid functions are widely used in remote sensing to obtain continuous time series465

of vegetation traits. The sigmoid function is a simplified version of DL (Beck et al.,466

2006), which only accounts for the generative (ascending) branch of GLAI devel-467

opment. It is therefore a baseline that, unlike other statistical models such as the468

Savitzky-Golay filter, already has parameters with a certain biological significance.469

The sigmoid function takes four parameters: The supremum of the function’s470

values L, the growth rate k, the function’s midpoint x0 and an offset from zero b471

which is necessary because GLAI values around BBCH 30 are usually larger than472

zero:473

f(x) = L

1 + e−k(x−x0) + b (6)

A minimum of four raw S2 GLAI observations are required to fit the model pa-474

rameters. We fit the sigmoid function to each pixel, taking into account all available475

GLAI observations, using the Levenberg-Marquardt algorithm available in the scipy476

Python library (version 1.11.0) with the function "scipy.optimze.curve_fit". The477

maximum number of optimisation steps was set to 1000. The parameterised logistic478

function (equation 6) was then used to reconstruct the GLAI time series at daily479

resolution. We will refer to this time series as the baseline GLAI.480
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3.5. Model Validation481

The raw S2 GLAI observations and the reconstructed continuous DRC and base-482

line GLAI time series were compared against the independent in-situ validation GLAI483

data (Section 2.2). We obtained matching tuples of reconstructed and in-situ GLAI484

by time stamp and spatial intersection of the sampling points with the S2 10 m pixel485

grid. In the case of the reconstructed time series (i.e., DRC and baseline GLAI), each486

in-situ GLAI value could be matched to a modelled GLAI value as the time series487

is continuous and spans the whole time period for which in-situ data was available.488

For the raw S2 GLAI observations this was not the case due to the aforementioned489

temporal sparsity of the satellite observations. Therefore, we only used in-situ GLAI490

values that had a satellite overpass with a maximum difference of one day.491

Comparison was carried out by means of common error measures of the lin-492

ear regression between modelled and observed values. Error measures included493

the RMSE, normalized RMSE (nRMSE), Pearson’s R-square (R2), and bias be-494

tween reconstructed (GLAIreconstructed) and in-situ GLAI values (GLAIinsitu). The495

bias was calculated using the variance of GLAIreconstructed (var(GLAIreconstructed))496

and the mean of the squared differences (MSD) between mean GLAIreconstructed,497

µ(GLAIreconstructed), and GLAIinsitu considering all n matching tuples available:498

MSD = 1
n

n∑
i=0

(µ(GLAIreconstructed) − GLAIinsitui
)2 (7)

Bias = MSD − var(GLAIreconstructed) (8)

Error statistics were produced for all sites and years as well as for single sites, years499
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and BBCH macro stages (i.e, BBCH 30-39, 50-59) to assess model performance in500

space, time, and with respect to phenological development. In addition, we visualized501

the temporal trajectories of GLAI per parcel to evaluate the physiological plausibility502

and consistency of the reconstructed GLAI time series.503

4. Results504

4.1. Validation of raw S2 GLAI observations against in-situ GLAI505

Figure 5 shows the raw S2 GLAI observations plotted against in-situ measured506

GLAI with a maximum temporal offset of one day. The RMSE was about 1.16 m2
507

m−2 (nRMSE 18.92%) with a bias of 1.87 m2 m−2. The raw S2 GLAI observations508

explained 64% of the variability in the in-situ values. The raw S2 GLAI values509

showed a clear underestimation of in-situ GLAI > 5 m2 m−2 in 2022 (blue dots in510

Figure 5) as well as three isolated outliers in 2023 (cross markers) for in-situ GLAI511

values between 2 and 3 m2 m−2. Due to high cloud cover, only 8 out of 55 available512

observations for validation were recorded in 2023. Therefore, no year effects could513

be studied. The same applies to the phenological macro-stages for which not enough514

data was available to compute robust error statistics.515
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Figure 5: Scatter plots of S2 observed and in-situ measured GLAI at the validation sites using data
from 2022 and 2023. The oblique solid lines denotes the desired 1:1 fit; the dashed line denotes the
linear regression line between S2 observed and in-situ measured GLAI values. N = 55. The years
are color-coded.

4.2. Validation of reconstructed GLAI time series against in-situ GLAI516

Similar to Figure 5, scatter plots of reconstructed GLAI (i.e., DRC and baseline517

GLAI) at hourly and daily resolution against in-situ measured GLAI are displayed518
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in Figure 6 (N = 178). Figure 6 (a-c) shows the results of the proposed DRC GLAI519

time series, and (d) the baseline GLAI results which are available in daily resolution,520

only. The error statistics are listed in Table 4.521

All models revealed a tendency to overestimate low in-situ GLAI (< 1.0 m2 m−2).522

The baseline (Figure 6d) clearly underestimated in-situ GLAI values > 5.0 m2 m−2.523

All models performed similar in terms of RMSE, nRMSE and R2 (Table 4). The524

hourly asymptotic DRC GLAI had the smallest RMSE (0.98 m2 m−2) closely followed525

by the daily asymptotic and non linear DRC GLAI (RMSE around 0.99 m2 m−2,526

nRMSE around 15%). The highest RMSE was observed for the Wang Engels DRC527

GLAI at hourly resolution (1.12 m2 m−2, nRMSE: 17.43%). The baseline GLAI had528

a slightly lower RMSE (1.05 m2 m−2, nRMSE: 16.27%) than the daily Wang Engels529

DRC GLAI (1.06 m2 m−2). A similar picture revealed R2 which ranged between530

0.54 (Wang Engels hourly DRC GLAI) and 0.70 (non linear daily DRC GLAI). The531

highest bias was observed for the baseline GLAI (1.66 m2 m−2). This was higher532

than for the DRC GLAI and more than two times larger than the smallest bias (0.73533

m2 m−2) obtained from the hourly Wang Engels DRC GLAI which had the lowest534

bias.535
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Figure 6: Scatter plots between reconstructed DRC (a-c) and baseline (d) GLAI and in-situ GLAI
at the validation sites using data from 2022 and 2023 (color-coded). For each DRC GLAI, the
results using hourly and daily mean air temperature are shown (a-c). The baseline GLAI is only
available in daily resolution (d). The oblique solid line denotes the desired 1:1 fit and the dashed
line the linear regression line between reconstructed and in-situ GLAI values. N = 178.
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Table 4: Error statistics of reconstructed and in-situ GLAI values (N = 178). RMSE and bias are
given in m2 m−2, nRMSE in percent and R2 is dimensionless.

model resolution RMSE nRMSE Bias R2

Non linear
hourly 0.99 15.44 1.46 0.65

daily 0.99 15.34 1.36 0.70

Asymptotic
hourly 0.98 15.17 1.40 0.66

daily 0.98 15.19 1.31 0.69

Wang Engels
hourly 1.12 17.43 0.73 0.54

daily 1.06 16.47 0.91 0.59

Baseline (sigmoid) daily 1.05 16.27 1.66 0.66

4.2.1. Effect of the years536

Error statistics by year are shown in Table 5. Arrows in table indicate whether537

a metric value remain unchanged (→), decrease (↓), or increased (↑) from 2022 to538

2023. For all models and temporal resolutions, the relative error was higher and539

R2 lower in 2023 (N = 82) than 2022 (N = 96). In 2022, nRMSE values ranged540

from 13.04 (Wang Engels daily) to 16.72% (non linear daily), while R2 took values541

between 0.74 (baseline) and 0.8 (Wang Engels daily). In 2023, nRMSE values were in542

the range between 17.16 (asymptotic daily) and 25.62% (Wang Engels hourly) with543

R2 between 0.3 (Wang Engels hourly) and 0.62 (non linear daily). The RMSE was544

higher in 2023 than 2022 in four cases (asymptotic hourly, Wang Engels hourly and545

daily, and the baseline), unchanged in one case (non linear hourly), and decreased in546

the remaining two cases (non linear daily and asymptotic daily). The highest RMSE547
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was obtained from the hourly Wang Engels DRC in 2023 (1.30 m2 m−2, value in548

2022: 0.94 m2 m−2), the lowest for the Wang Engels DRC in 2022 (0.84 m2 m−2,549

value in 2023: 1.27 m2 m−2). The bias decreased in all cases in 2023 compared to550

2022 except the Wang Engels DRC: Here, the bias increased from 0.83 to 1.10 m2
551

m−2 (hourly) and from 0.90 to 1.22 m2 m−2 (daily).552

Table 5: Error statistics of reconstructed and in-situ GLAI values in 2022 (N = 96) and 2023 (N =
82). The arrows indicate the change in the metrics from 2022 to 2023: ↑ means the value increased
in 2023 compared to 2022, ↓ it decreased, and → it remained unchanged. RMSE and bias are given
in m2 m−2, nRMSE in percent and R2 is dimensionless.

model resolution RMSE nRMSE Bias R2

2022 2023 2022 2023 2022 2023 2022 2023

Non linear
hourly 0.99 0.99 → 15.44 19.58 ↑ 1.71 1.18 ↓ 0.75 0.49 ↓

daily 1.07 0.87 ↓ 16.72 17.18 ↑ 1.64 1.01 ↓ 0.75 0.62 ↓

Asymptotic
hourly 0.96 0.99 ↑ 14.98 19.52 ↑ 1.66 1.14 ↓ 0.77 0.50 ↓

daily 1.06 0.87 ↓ 16.47 17.16 ↑ 1.60 0.96 ↓ 0.75 0.60 ↓

Wang Engels
hourly 0.94 1.30 ↑ 14.64 25.62 ↑ 0.83 1.10 ↑ 0.77 0.30 ↓

daily 0.84 1.27 ↑ 13.04 25.02 ↑ 0.90 1.22 ↑ 0.80 0.33 ↓

Baseline
(sigmoid) daily 1.03 1.07 ↑ 15.97 22.55 ↑ 1.96 1.21 ↓ 0.74 0.48 ↓

4.2.2. Effect of phenology553

The GLAI reconstruction errors were dependent on the phenological macro-stage.554

Figure 7 shows the error measures for BBCH macro stages 30-39 (stem elongation),555

and 50-59 (heading) for the DRC and baseline with daily GLAI output. There were556
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too few in-situ data for the booting stage (N = 5) available, so we restricted our557

analysis to stem elongation (N = 136) and heading (N = 37). For these stages, the558

baseline GLAI exhibited the largest bias (1.6 and 1.2 m2 m−2, respectively). During559

heading, the baseline GLAI also showed largest RMSE (around 1.2 m2 m−2) and560

its bias was almost twice as high as in the DRC GLAI (bias around 0.6 m2 m−2).561

The difference in R2 was less pronounced; the DRC and baseline GLAI had a high562

R2 in stem elongation (0.55 to 0.73), which decreased significantly during heading563

(0.05 to 0.15). Overall, the differences between the three DRC GLAI models were564

less pronounced than the difference between these models and the baseline GLAI.565

Figure 7: Reconstructed versus in-situ GLAI error statistics per BBCH macro-stage and model.
Only the results of the daily DRC GLAI are shown.

4.2.3. Time series reconstruction566

Figure 8 visualizes the reconstructed median DRC and baseline GLAI time se-567

ries at daily resolution in days after sowing (DAS) per field parcel and year (see568

also Figure 1). The spatial in-field variability obtained from each model is shown569

as filled areas color-coded by model. The in-situ GLAI values are plotted as blue570

dots to allow comparison of reconstructed versus measured in-field heterogeneity and571

temporal dynamics. Both, DRC and baseline GLAI show an increase in GLAI from572
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the beginning of the stem elongation to the end heading, which largely reflects the573

dynamics of the in situ data.574

The asymptotic (dotted green) and non linear (solid golden) DRC GLAI were able575

to accurately reconstruct in-situ GLAI spatial variability and reflect the temporal576

trajectories of the in-situ GLAI values. These models were able to represent the577

higher in-situ GLAI (> 5 m2 m−2) during late booting and heading. Wang Engels578

DRC GLAI (dash-dotted brown) mostly followed similar trajectories but with a579

tendency towards a delayed increase in GLAI evident in the 2023 plots (Figure 8e-580

g). In addition, the Wang Engels DRC GLAI showed a less smooth progression581

than the other two DRC GLAI models and the baseline, as evidenced by jumps and582

plateaus in the median GLAI time series (Figure 8).583

The baseline GLAI (dashed blue) showed the expected smooth progression. While584

in-situ GLAI at the beginning and middle of the time series are still reproduced585

largely accurately, the underestimation of higher in-situ GLAI values (>5 m2 m−2)586

is clearly evident in Figure 8. In Figure 8g, the baseline GLAI also revealed a rapid587

increase in GLAI between DAS 160 and 180 from 0.5 to 3.5 m2 m−2 which is not588

present in the DRC GLAI time series.589
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Figure 8: Median daily reconstructed DRC and baseline GLAI time series (lines) and spatial in-
field variability in terms of the 5% to 95% percentile spread (filled areas) at the field parcels of the
validation site (Figure 1). The in-situ GLAI values are denoted as blue dots.
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To further highlight the difference between the DRC and the baseline GLAI, we590

plotted the daily asymptotic DRC GLAI which achieved overall high accuracy (see591

Tables 4-5), against the baseline GLAI considering all pixels and dates. The resulting592

scatter plots are shown for each validation site and year in Figure 9. In Figure 9a-c593

it becomes clear that the baseline GLAI reconstructed slightly lower GLAI values594

than the asymptotic DRC. The effect was particularly pronounced for GLAI values595

> 5 m2 m−2, as shown by the systematic deviation from the 1:1 line. In Figure 9d596

the effect is less pronounced. This site (Swiss Future Farm 2023), however, was also597

affected by a high proportion of pixels that could not be reconstructed in the baseline598

GLAI, as we will show in the next section.599
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Figure 9: Intercomparison of reconstructed GLAI time series values at the Strickhof and Swiss
Future Farm sites in 2022 (a, b), and 2023 (c, d), respectively, showing all reconstructed GLAI
values from the asymptotic DRC GLAI plotted against all reconstructed baseline GLAI values.

4.3. GLAI reconstruction success rate600

As described in Section 3.4.4, the baseline requires at least four valid raw S2601

GLAI values to estimate the function parameters. However, this requirement was602

not met for all S2 pixels: While the overall number of S2 observations is higher than603
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four at all sites (see Section 2.3), the SCL and simple outlier filtering (Section 3.4.2)604

caused the total number of valid raw GLAI observations to drop below the threshold605

of four in some cases. Overall, the baseline GLAI could not be fitted to 12.43% of the606

pixels at the validation sites, with variations from 5.46% at the Swiss Future Farm607

in 2022 to 20.08% at the same site in 2023. The latter case is displayed in Figure 10608

comparing the daily asymptotic DRC GLAI to baseline GLAI for two dates during609

late stem elongation and heading. The failure of the baseline to reconstruct GLAI610

values was caused in two thirds of the pixels by a too low number of valid raw GLAI611

observations (< 4), and in one third by the non-convergence of the optimization612

algorithm after reaching the maximum number of iterations (1000). Although often613

only pixels at the parcel boundaries were affected, about 40% of the pixels were614

located within the parcels, resulting in undesired spatial gaps in the reconstructed615

baseline GLAI (c.f., Figure 10, right). In contrast, for the DRC GLAI, which only616

require a minimum number of two valid GLAI observations, reconstruction could be617

performed for all S2 pixels.618
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Figure 10: Maps of daily asymptotic DRC (left) and baseline GLAI (right) for the parcel Grund at
Swiss Future Farm in 2023 for two dates during late stem elongation (top) and heading (bottom)
expressed as days after sowing (DAS). The parcel boundary is shown as black line.

5. Discussion619

5.1. Time series reconstruction accuracy and plausibility620

Although the raw GLAI values and the reconstructed GLAI are not directly621

comparable due to the different number of data points, we conclude that the recon-622

structed GLAI values using DRCs and the baseline reduced the GLAI retrieval error623

(Figures 5 and 6). This was mainly due to the removal of outliers in the negative624

y-direction caused by atmospheric perturbations, suggesting that both the DRC and625

baseline approaches dealt reasonably well with the effects of undetected clouds and626

cloud shadows. Nevertheless, a systematic underestimation of GLAI values greater627

than 5 m2 m−2 was observed for the GLAI baseline. This underestimation was hardly628
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noticed in the proposed reconstruction with DRCs (see Figure 6) as the DRC GLAI629

was mostly higher than the baseline (Figures 8 and 9). The underestimation of S2630

GLAI observations was probably due to the RTM inversion approach used: It is a631

known problem that RTMs such as PROSAIL exhibit saturation phenomena at high632

biomass levels due to leaf clumping (Richter et al., 2011). As the baseline only uses633

the raw S2 GLAI observations, the fit could not compensate for saturation effects,634

so the reconstructed time series consequently underestimated GLAI. In addition, the635

sigmoid fit aims to minimise the mean error of the reconstructed curve to the raw636

S2 GLAI observations. This may lead to further underestimation of GLAI values,637

as the reconstructed curve may sometimes be lower than the underlying S2 GLAI638

observations.639

In the case of DRCs, the assimilation scheme integrates two data sources with640

distinct advantages: The DRCs contain prior physiological knowledge about the641

relationship between air temperature and growth, thereby mitigating the underesti-642

mation of GLAI values as this relationship was established using high-quality in-situ643

data. The raw S2 GLAI provides spatial details that are absent from the temperature644

data. This makes the approach well-suited for fine-grained spatial growth analysis.645

In addition, as air temperature records are usually continuous, the GLAI reconstruc-646

tion between S2 observations relies on encoded physiological knowledge, reducing647

the likelihood of unrealistically fast growth rates due to physiological constraints im-648

posed by the temperature. It is not ensured that the baseline will accurately reflect649

the prevailing conditions. This is due to the fact that reconstruction between S2 ob-650

servations solely relies on the function parameters, which do not necessarily contain651
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sufficient information about the underlying biological mechanisms. Consequently,652

the baseline might indicate high growth rates even if the temperature is significantly653

below or above the critical Tmin and Tmax thresholds.654

The accuracy of the DRC-reconstructed GLAI was comparable to approaches655

using more complex mechanistic crop growth models, which require a significantly656

higher number of parameters: Ma et al. (2022) reported values of R2 between 0.7657

and 0.73 for winter wheat in northern China (relative errors between 22 and 26%)658

using the SAFYE crop growth model in combination with S2 images for two growing659

seasons. This is comparable to the accuracy using DRCs (Table 4). Higher accuracy660

was reported by Hank et al. (2015) for winter wheat in southern Germany. They661

achieved a root mean square error of 0.35 m2 m−2 (R2 0.96) using a more complex662

crop growth model combined with Landsat and RapidEye satellite remote sensing663

data. However, their sample size was small (N = 19) and included only a single664

growing season and field parcel. Even smaller errors were reported by Zhang et al.665

(2021) (relative errors between 2.0 and 9.2%) using SAFYE for two growing seasons666

of winter wheat in central China. Instead of using satellite imagery, they used GLAI667

retrieved from handheld hyperspectral data, which is arguably not comparable to668

space-borne GLAI retrieval. However, more complex crop growth models often aim669

to model phenology or even yield, whereas the approach presented is designed to670

interpolate GLAI observations in a physiologically meaningful way. This also means671

that the reduced complexity, and perhaps accuracy, can be compensated for by using672

the GLAI observations as guidance over the growing season.673

However, the DRC approach is also likely to be limited by the lack of spatial674
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detail during long periods without S2 passes due to cloud cover – a problem shared675

with more complex crop growth models. Assimilation includes information on crop676

growth that has causes other than temperature alone, such as differences in soil677

properties or subtle differences in management. Without regular assimilation, this678

information cannot be incorporated into the DRC growth rates, limiting the accu-679

racy of comparing the reconstructed GLAI with in-situ data. Therefore, a higher680

number of S2 observations is likely to result in higher reconstruction accuracy. This681

means that increasing the number of observations, e.g. by fusing GLAI from cube682

satellite constellations as suggested by Sadeh et al. (2021), could further increase the683

reconstruction accuracy. This method has two major drawbacks: First, the amount684

of data and model complexity increases significantly due to the addition of a second685

satellite platform. One of the main advantages of the DRC approach, however, is686

its simplicity. Secondly, most cube satellite constellations, unlike S2, are commercial687

products that carry a financial burden that not all users of remote sensing data may688

be able to bear. Still, as the question of the optimal number of satellite observations689

and their temporal distribution for data assimilation does not seem to have been690

conclusively clarified, there is potential for further research.691

Of the three DRCs utilised, Wang Engels exhibited minimal bias, albeit the most692

inconsistent year-on-year outcome (see Tables 4-5). This is significant as the Wang693

Engels DRC has the most physiological significance, thereby making it a suitable694

candidate to examine the impact of rising temperatures and stress factors in the695

study area (Tschurr et al., 2020). Since there is a lack of additional in-situ GLAI696

data, the optimal approach was to optimize the Wang Engels DRC using only three697
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parameters. However, with additional data at hand, the year-to-year error could698

potentially decrease by optimizing an extra parameter without overfitting the data.699

In order to achieve this, a scaling parameter could be integrated, offering another700

degree of freedom to optimize Tbase, Topt, and Tmax. Consequently, the Wang Engels701

DRC GLAI’s performance could possibly be enhanced with more calibration data702

accessible. For now, the asymptotic DRC seems to be the most suitable choice: It is703

more sophisticated and marginally more precise than the nonlinear DRC. Moreover,704

its year-to-year performance is steady. Again, it is worth mentioning that additional705

in-situ calibration data from other environments (site-year combinations) would be706

advantageous for making a conclusive statement about selecting the DRC and study-707

ing the year-to-year performance and performance within selected phenological stages708

(Figure 7).709

Concerning the selection of the temporal resolution of the air temperature data,710

our results did not reveal any pronounced tendency (see Table 4). Finer resolved711

covariate measurements could theoretically offer more information and therefore en-712

hance growth prediction accuracy from a physiological standpoint. However, daily713

air temperature data is more accessible and requires fewer computational resources714

from an operational perspective. Overall, a conclusive answer to the second research715

question cannot be provided. Considerations related to physiology suggest that the716

use of hourly air temperature data is more favorable than daily data. As argued717

before, further calibration and validation data would be necessary to arrive at a718

conclusive statement.719
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5.2. Time series reconstruction stability720

The baseline GLAI resulted in up to 20% of pixels for which no GLAI time721

series could be reconstructed (Figure 10). This is due to the lack of a sufficient722

number of raw S2 GLAI observations or non-convergence of the optimiser (Levenberg-723

Marquardt, section 4.3). Increasing the number of iterations could counteract the724

non-convergence problem. The choice of the initial guess is also important for the725

successful and fast convergence of the optimiser. Still, there is no guarantee that the726

optimiser will converge and find a global minimum.727

It could be argued that the absence of up to 20% of pixels might not significantly728

impact the results of aggregate statistics (such as median GLAI values per field729

parcel) in large-scale analyses where sub-field heterogeneity is negligible. However,730

we maintain that two issues persist.731

First and foremost, spatial gaps in the reconstructed GLAI may result in inad-732

equate sub-field scale analyses, particularly for precision farming applications. The733

same applies to small-scale farming systems with small field sizes (< 1 ha), for which734

the share of missing pixels might easily reach up to 100% due to the small number735

of S2 pixels covering a parcel.736

Secondly, there are significant gaps within the field that are frequently the result737

of single observations being masked out by scene pre-classification. As previously dis-738

cussed, the S2 SCL typically proves unreliable in accurately delineating clouds and739

shadows. Therefore, atmospheric disturbances may well have affected the neighbour-740

ing pixels, for which GLAI reconstruction proved successful from a technical point741

of view. Still, the pixels may exhibit physiologically implausible growth patterns as742
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a result of the partially degraded quality of the original S2 GLAI observations. The743

degenerated quality of the input data cannot be sufficiently compensated without744

the corrective effect of the DRC-based growth curves. We maintain that our sug-745

gested method surpasses statistical time series reconstruction in terms of reliability,746

as stated in our second research question.747

5.3. Implications for crop productivity assessment748

The underestimation of GLAI values by the baseline has significant consequences749

for the assessment of crop productivity based on remote sensing, which often relies750

on methods similar to the baseline (Kooistra et al., 2023). This issue is exemplified751

by gross primary productivity (GPP), an indicator of energy fixed by photosynthesis752

minus losses through photorespiration (Hilty et al., 2021), which is also used on a753

global scale to study the effects of climate change on plant growth (Campbell et al.,754

2017). To estimate crop canopy GPP from remote sensing data, light use efficiency755

(LUE) models are often used (Dong et al., 2017, for instance). These models de-756

scribe the efficiency with which photosynthetically active solar radiation (PAR) is757

converted into photosynthesis. As Monsi and Seaki (2004) demonstrated, the fraction758

of PAR intercepted by a canopy is linearly correlated with GLAI. Thus, according759

to Gitelson et al. (2015), precise estimates of LUE and GLAI are crucial for accurate760

estimation of GPP at canopy level. If maximum GLAI values are systematically un-761

derestimated, as in the case of raw and baseline GLAI, this could potentially affect762

the determination of GPP. To improve the accuracy and reliability of remotely sensed763

GPP estimates, our proposed method may be suitable. However, it is important to764

remember that GPP estimates do not only depend on GLAI and that the linear rela-765
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tionship between light interception and GLAI only holds true under the assumption766

of an idealized turbid medium which might fail for heterogeneous canopies (Hilty767

et al., 2021). Therefore, a more detailed assessment would be required to provide a768

quantitative estimate of the impact of underestimated GLAI on estimates of GPP or769

biomass. However, this is beyond the scope of this paper and should be addressed770

in further research.771

In addition, the probabilistic data assimilation scheme accounts for model and772

data uncertainties, resulting in improved accuracy. The quantification of uncertainty773

is critical because it allows users to determine the suitability of a data product,774

such as the reconstructed GLAI time series, for a particular purpose, such as yield775

estimation as a measure of crop productivity. This information is not available from776

the baseline. In addition, the reported uncertainty can be transferred to derived777

products, adding further value. This is important in the context of decision support778

for adaptive crop management and could lead to more informed agricultural decision779

making (Meenken et al., 2021).780

5.4. Ways forward781

The utilisation of prior knowledge about physiological processes holds the poten-782

tial to enhance contemporary agricultural remote sensing methods. To bolster the783

reliability of our presented model, expansion of the calibration dataset to encom-784

pass more environments would be advantageous. This up-scaling would augment785

our ability to establish the temperature bounds (Tmin and Tmax) which regulate crop786

growth. This is especially important in the case of more advanced DRCs like Wang787

Engels, which revealed promising performance due to its low bias (Table 4). Fur-788
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thermore, the dataset at hand demonstrated an imbalance in the measurements per789

site, which could potentially impact the final results. The absence of publicly acces-790

sible in-situ records evaluating phenology, GLAI measurements, and temperature is791

preventing the expansion of the dataset at present. Nevertheless, the ground truth792

data proved adequately representative to parameterise the DRC curves shown and793

to outperform the baseline method. As a result, we propose that upcoming field794

trials should include phenology and a minimum of environmental variables, along795

with functional crop characteristics, to facilitate development of physiological mod-796

els. This will enable more rigorous parameter optimization and lead to a reduction797

in RMSE. Furthermore, it may be possible to estimate traits like yield while avoiding798

the use of complex crop growth models.799

Regarding phenology, the approach could be expanded to encompass the entire800

phenological development cycle of wheat. In order to achieve this, sufficient cali-801

bration data is required for the phenological macro-stages preceding and following802

the stem elongation period, including the tillering or senescence phase. A phenol-803

ogy model is thus necessary for determining the timing and duration of phenological804

development stages. Such a phenology model should ideally describe the entire phe-805

nology using a simple and easily applicable approach, such as the DRC, which can806

even combine multiple environmental parameters.807

Additionally, meteorological drivers of crop growth, such as vapor-pressure-deficit808

(VPD) or global radiation, could be included, apart from temperature. These me-809

teorological parameters, however, present greater difficulty in terms of measurement810

and acquisition. Our proposal utilises air temperature as a readily available meteoro-811
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logical metric, which not only simplifies the approach but also renders it potentially812

implementable on a global scale. Furthermore, this modelling approach using DRC813

curves can also be applied to other crops (Parent and Tardieu, 2012; Roth et al.,814

2023).815

6. Conclusions816

We have demonstrated that the methodology based on DRCs, incorporating phys-817

iological a-priori knowledge pertaining to crop growth, offers substantial benefits818

compared to statistical models often used in remote sensing, while avoiding the819

complexity of mechanistic crop growth models. By integrating temperature, an im-820

portant environmental driver of plant growth, with raw S2 GLAI observations by an821

probabilistic data assimilation scheme, we were able to reduce the systematic under-822

estimation of high in-situ GLAI values and produce more reliable estimates of crop823

growth. This approach allowed to preserve the spatial detail of the S2 data, regard824

physiological constraints on growth predictions and and quantify uncertainties.825

We deduce that integrating a-priori physiological understanding by using dose-826

response curves boasts tremendous potential for promoting agricultural remote sens-827

ing generally and crop productivity estimation, specifically. Based on the growing828

availability of crop phenotyping datasets, this study can serve to enhance both crop829

growth modelling and agricultural yield estimation.830
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Appendix A. Supplementary Materials1192

Table A.6: Overview of the spectral bands of the multispectral-imager instrument onboard the
S2A and S2B satellites provided by the European Space Agency, ESA (https://sentinels.
copernicus.eu/web/sentinel/technical-guides/sentinel-2-msi/msi-instrument). Band
widths and wavelengths are provided in nm, the spatial resolution in m.

S2A S2B

Band
Central

wavelength
Bandwidth

Central

wavelength
Bandwidth

Spatial

resolution

1 442.7 20 442.3 20 60

2 492.7 65 492.3 65 10

3 559.8 35 558.9 35 10

4 664.6 30 664.9 31 10

5 704.1 14 703.8 15 20

6 740.5 14 739.1 13 20

7 782.8 19 779.7 19 20

8 832.8 105 832.9 104 10

8a 864.7 21 864.0 21 20

9 945.1 19 943.2 20 60

10 1373.5 29 1376.9 29 60

11 1613.7 90 1610.4 94 20

12 2202.4 174 2185.7 184 20
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Table A.7: Overview of the start parameter, lower and upper boundaries for the parameter estima-
tion. For environment dependent parameters, the corresponding quantiles (Q) have been considered.
For the environment independent parameters prior knowledge was used to determine the start val-
ues.

dose response curve parameter name lower start upper
non linear Tbase Q 0.05 Q 0.1 Q 0.6
non linear slope 0 0.05 0.5
asymptotic Tbase Q 0.01 Q 0.1 Q 0.4
asymptotic lrc -15 -1 1.5
asymptotic asymptote Q 0.6 Q 0.9 Q 0.98
Wang Engels Tbase Q 0.1 Q 0.25 Q 0.4
Wang Engels Topt Q 0.6 Q 0.85 Q 0.98
Wang Engels Tmax Q 0.7 Q 0.95 Q 0.99
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