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Derivation of predictor variables for GPS locations and validation data
Surface reflectance: For the GPS locations, we pre-processed all Sentinel-2 Level-2A images from June to August for each year of the study period covering the extent of the GPS points using the Google Earth Engine (GEE; Gorelick et al., 2017). The images were masked using the scene classification map to retain only vegetation and bare soils (Louis et al., 2016) and additional cloud cover and shadow masking was performed using the s2cloudless algorithm (https://medium.com/sentinel-hub/improving-cloud-detection-with-machine-learning-c09dc5d7cf13) with a cloud probability threshold of 10%. We applied the bidirectional reflectance distribution function (BRDF) correction following the implementation by (Poortinga et al., 2019) and reduced the spatial resolution to 50m based on the accuracy of the telemetry collars (Schweiger et al., 2015a) using the GEE built-in function reduceResolution. Each GPS location was assigned the surface reflectance data of the temporally closest Sentinel-2 image with non-masked pixel values for the respective location. GPS locations to which no Sentinel-2 data could be assigned were discarded from any further analysis.
[bookmark: _Hlk162518810]For the validation data, different pre-processing was required for the three field campaigns. For the plots measured from 2011 – 2013, hyperspectral remote sensing data were acquired with the Airborne Prism Experiment (APEX; Jehle et al., 2010; Schaepman et al., 2015) and resampled to a spatial resolution of 2 m. Geometric and atmospheric correction were performed with PARGE (Schläpfer & Richter, 2002) and ATCOR-4 (Richter & Schläpfer, 2002), respectively. Lastly, the data were spectrally resampled to Sentinel-2 (European Space Agency, 2015) using the R package prospectR (Stevens et al., 2022) in R (v4.2.1, https://www.R-project.org/). For the plots measured in 2016, we downloaded Sentinel-2 Level-1C images acquired on the same days when field measurements took place from the Copernicus Open Access Hub (https://scihub.copernicus.eu/dhus/) and processed them to Level-2A with Sen2Cor (v2.3, Müller-Wilm et al., 2013) and the NASA SRTM Digital Elevation 90m dataset (Reuter et al., 2007). We harmonized the spatial resolution of all bands to 20 m and applied the BRDF correction. For the plots measured in 2018, we downloaded hyperspectral remote sensing data from the AVIRIS-NG data portal (https://avirisng.jpl.nasa.gov/dataportal/) and spectrally resampled the data in the same manner as for the APEX data.
Vegetation indices: Vegetation indices are combinations of spectral bands more sensitive to vegetation properties than single bands (Bannari et al., 1995). We calculated several vegetation indices for the GPS locations and the validation data from the resampled APEX/AVIRIS-NG and Sentinel-2 surface reflectance data coving the RGB (red-green-blue), NIR (near-infrared), and SWIR (short-wave infrared) ranges of the electromagnetic spectrum. The Normalized Difference Vegetation Index (NDVI; Tucker, 1979) belongs to the most common vegetation indices and is often used to approximate vegetation phenology and primary productivity (Pettorelli et al., 2011). We calculated NDVI according to Equation A1,
 (Equation A1)
with R denoting reflectance and x denoting the respective wavelength of the image band.
The MERIS Terrestrial Chlorophyll Index (MTCI; Dash & Curran, 2004; Equation A2) calculated with bands of the NIR range is sensitive to the chlorophyll content within a vegetation canopy which is positively correlated with vegetation productivity.
 (Equation A2)
The Triangular Greenness Index (TGI; Hunt et al., 2011; Equation A3) uses bands in the RGB range and also targets chlorophyll content for its close relationship with nitrogen content.
 (Equation A3)
The Cellulose Absorption Index” (CAI; Guerschman et al., 2009, formula adapted for Sentinel-2 by Hill (2013; Equation A4) is sensitive to the presence of cellulose and used to quantify plant litter cover using bands in the SWIR range.
 (Equation A4)

Plant traits: The reflectance properties of a vegetation canopy are influenced by plant biophysical traits such as leaf pigment contents and canopy structural parameters. Radiative transfer models (RTMs) can be used to simulate reflectance spectra based on combinations of biophysical traits whose quantities or values are known. Consequently, plant biophysical traits corresponding to a measured reflectance spectrum can be estimated by, e.g., calculating the mean value of each trait of a predefined number of the most similar reflectance spectra. We used a look-up table (LUT) inversion approach to retrieve the following plant traits related to biomass and/or nitrogen: leaf area index (LAI), protein content (PROT), non-protein carbon-based constituents content (CBC), chlorophyll content (CHL), and equivalent water thickness (EWT). The PROSAIL RTM (Jacquemoud et al., 2009) implemented in the R package prosail (v1.1.1 https://jbferet.gitlab.io/prosail/index.html) was used to simulate 10,000 canopy spectra (i.e. the LUT). The input parameters to be simulated were selected with Latin Hypercube sampling (LHS) from their possible value ranges (Table A1) using the R package clhs (Roudier et al., 2021). The inverted plant traits were calculated as the mean of the 1,000 best solutions selected by a minimum contrast cost function (Rossi et al., 2020). For the biomass model, we calculated dry matter (Cm) according to Equation A5:
 (Equation A5)
For the relative nitrogen model, we calculated relative protein content (PROT_per) according to Equation A6:
 (Equation A6)
To reduce multicollinearity, PROT and CBC were not further used as predictor variables.

Table A3: Value ranges and distribution of the PROSAIL input parameters.
	Parameter
	Variable
	Unit
	Minimum value
	Maximum value
	Distribution

	Leaf structure parameter
	N
	[-]
	1.5
	1.9
	uniform

	Chlorophyll content
	CHL
	[μg cm-2]
	5
	75
	uniform

	Carotenoid content
	CAR
	[μg cm-2]
	2
	60
	uniform

	Anthocyanin content
	ANT
	[μg cm-2]
	0
	2
	uniform

	Brown pigment content
	BROWN
	[-]
	0
	1
	uniform

	Equivalent water thickness
	EWT
	[cm]
	0.001
	0.04
	uniform

	Protein content
	PROT
	[g cm-2]
	0.001
	0.0025
	uniform

	Non protein carbon-based constituents content
	CBC
	[g cm-2]
	0.001
	0.01
	uniform

	Angle for incident light at leaf surface
	alpha
	[°]
	40
	40
	fixed

	Leaf inclination distribution function
	TypeLidf
	[-]
	2
	2
	fixed

	Average leaf angle
	LIDFa
	[°]
	40
	70
	uniform

	Leaf area index
	LAI
	[-]
	0.1
	4
	uniform

	Hot spot parameter
	q
	[-]
	0.01
	0.1
	uniform

	Sun zenith angle
	tts
	[°]
	25
	75
	uniform

	Observer zenith angle
	tto
	[°]
	0
	0
	fixed

	Relative azimuth angle
	psi
	[°]
	50
	180
	uniform

	Dry/wet soil factor
	psoil
	[-]
	0
	1
	uniform
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