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Abstract.

Long-term monitoring of gross primary production (GPP) is essential for quantifying terrestrial carbon uptake and ecosystem

responses to climate variability and extremes. VODCA2GPP is a data-driven upscaling framework that links eddy-covariance5

(EC) GPP observations to passive-microwave vegetation optical depth (VOD), together with reanalysis air temperature, pro-

viding a multi-decadal microwave-based complement to optical GPP products. However, its reliance on reanalysis temperature

reduces the methodological independence of the microwave-based estimate, and its sensitivity to water stress is limited in

some ecosystems. Here, we develop and evaluate an updated microwave-driven GPP framework in which the time-varying

environmental drivers are derived from microwave observations. At the same time, static land-cover information provides10

biome context. The framework produces 8-day GPP at 0.25◦ spatial resolution over 2002-2020. Using a sequence of Random

Forest (RF) models trained to upscale EC GPP, we test the incremental contribution of different predictor groups. We replace

ERA5-Land 2-m air temperature (T2M) with land-surface temperature (LST) derived from harmonised Ka-band brightness

temperatures from AMSR-E, AMSR2, and SSMIS F17, and then evaluate land-cover (LC) fractions as biome context, a spa-

tially varying multi-year mean of L-band VOD as persistent canopy-structure information, and surface soil moisture (SSM) and15

root-zone soil moisture (RZSM) as shallow and deeper water-availability constraints. The models are compared with external

GPP products, sun-induced chlorophyll fluorescence (SIF), and drought-related datasets.

Predictive skill is assessed using site-grouped 10-fold cross-validation, keeping all observations from a site together in ei-

ther the training or validation set within each fold. Replacing reanalysis T2M with microwave-derived LST yielded broadly

comparable site-level predictive performance. Adding LC fractions produces the largest individual improvement in predic-20

tive skill (median r: 0.690 to 0.762; RMSE: 2.646 to 2.345 g C m−2 d−1), while the spatially varying multi-year L-band

VOD mean provides a smaller additional improvement by adding persistent canopy-structure information. Structural and hy-

drological constraints improve agreement with external GPP products, SIF, and drought indicators, with the clearest gains in

short-vegetation and water-limited regions; among the hydrological predictors, RZSM provides the strongest improvement.
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The best-performing configuration achieves a median site-level correlation of r = 0.798 and an RMSE of 2.294 g C m−2 d−1.25

Despite these improvements, the GPP magnitude of our models remains systematically higher than in the comparison products.

Overall, the results show that the updated framework can reproduce long-term GPP dynamics without reanalysis-based tem-

perature forcing, while static LC fractions provide complementary biome context. Among the added predictors, LC fractions

provide the largest overall gain in predictive skill and help distinguish productivity among vegetation types, the multi-year L-

band VOD mean adds persistent canopy-structure information, and RZSM improves the representation of water-limited GPP30

variability, especially at short-vegetation sites. Remaining limitations include the mismatch between EC footprints and the

much coarser satellite grid, uneven environmental and geographic coverage of the tower network, and environmental controls

on GPP that are not explicitly represented by the current predictor set.

1 Introduction

Gross primary production (GPP) is the total uptake of atmospheric CO2 by terrestrial vegetation through photosynthesis and, at35

the ecosystem scale, is commonly expressed as the sum of net primary production and autotrophic (plant) respiration (Roxburgh

et al., 2005; Collalti and Prentice, 2019). As the largest gross CO2 flux on land, GPP underpins ecosystem functioning and

the strength of the terrestrial carbon sink to partially offset anthropogenic emissions (Beer et al., 2010; Friedlingstein et al.,

2024). Because photosynthesis and plant respiration are constrained by water and energy, GPP also mediates carbon–water

coupling; therefore, sustained monitoring of GPP is essential to diagnose how heat, and soil-moisture anomalies modulate40

photosynthetic activity and the strength of the terrestrial carbon sink, enabling early detection of stress and a more robust

attribution of land–atmosphere feedbacks to hydro-meteorological drivers (Beer et al., 2010; Jung et al., 2017; Humphrey

et al., 2021). Eddy-covariance (EC) observations provide the primary in situ constraint on ecosystem GPP and underpin both

process-model evaluation and data-driven upscaling (Baldocchi, 2014; Pastorello et al., 2020). However, the spatially sparse

and uneven distribution of flux towers precludes direct global monitoring from EC measurements alone.45

At the global scale, optical Earth observation data, combined with (semi-)empirical or machine-learning models, have been

the primary means of estimating GPP (O’Sullivan et al. (2020); Jung et al. (2020)). The most widely used are light-use-

efficiency (LUE) frameworks (e.g., Running et al. (2004)), which use satellite canopy-state products, such as fraction of ab-

sorbed photosynthetically active radiation (fAPAR) and leaf area index (LAI), sometimes complemented by vegetation indices,

with biome-specific parameters and meteorological scalars (Zhu et al., 2024). In these models, absorbed light is typically esti-50

mated from incoming PAR and a satellite-derived absorption term (fAPAR), while biome-dependent lookup parameters, typi-

cally derived from literature and calibrated against ecosystem observations, define the maximum LUE (Running et al., 2004).

Meteorological scalars then down-regulate this potential efficiency under suboptimal conditions, most commonly using mini-

mum temperature and atmospheric dryness (vapour pressure deficit; VPD), sometimes complemented by water-stress proxies,

to better capture day-to-day limitations on photosynthesis (Running and Zhao, 2019). Increasingly, sun-induced fluorescence55

(SIF) is also used as an additional constraint, as it tracks changes in photosynthetic activity more directly than canopy greenness

alone (Schickling et al., 2016). Machine-learning upscaling of tower fluxes using optical remote sensing and meteorological
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predictors (FLUXCOM; Tramontana et al. (2016); Jung et al. (2020); Nelson & Walther et al. (2024)) has delivered global GPP

estimates widely used for model benchmarking and diagnosing variability (Jung et al. (2020)). Nonetheless, optical methods

can suffer from cloud and aerosol contamination, illumination effects, and saturation in dense canopies, which degrade cover-60

age and sensitivity precisely in high-productivity, persistently cloudy regions (Turner et al. (2006)). These limitations motivate

complementary observing systems that provide all-weather capability and long-term continuity while remaining anchored to

EC constraints.

Compared to observations from the optical domain, microwave remote sensing is much less affected by weather conditions

and does not depend on illumination. Microwave vegetation optical depth (VOD) retrievals are nevertheless not limitation-65

free: radio-frequency interference can contaminate individual bands, while frozen or snow-covered surface conditions require

screening because they can produce unreliable retrievals (Zotta et al., 2024a). VOD quantifies the attenuation of microwave

radiation emitted or reflected by the Earth’s surface, due to the vegetation layer, and provides a combined proxy for canopy

water content and above-ground biomass that complements optical data (Frappart et al. (2020); Schmidt et al. (2022)). Two

complementary physical pathways motivate VOD as a predictor of GPP. First, VOD relates to canopy structural properties,70

including LAI and foliage biomass (Momen et al. (2017); Yang et al. (2025)), which determine the amount of photosynthetically

active radiation a canopy can absorb and therefore constrain its photosynthetic capacity, analogous to the role of LAI/fAPAR

in optical LUE models. Second, VOD is sensitive to vegetation water content and can therefore capture changes in canopy

hydration associated with plant water stress. Because declining plant water status induces stomatal regulation and limits CO2

uptake, this provides an indirect pathway linking VOD variability to photosynthetic activity, particularly under water-limited75

conditions (Konings and Gentine, 2017; Martens et al., 2017; Zhang et al., 2019). This second pathway is, however, more

difficult to isolate because the water-status signal is superimposed on VOD’s strong sensitivity to vegetation biomass and

canopy structure (Momen et al., 2017; Konings et al., 2021).

VOD observations at higher microwave frequencies (e.g., C-, X-, and Ku-band) have been shown to strongly covary with

ecosystem productivity at sub-monthly scales, across biomes, although this relationship varies with land cover (LC), sensor80

and signal characteristics, and can exhibit a seasonal hysteresis (Teubner et al. (2018)), consistent with VOD’s dual sensitivity

to structure and water status. Building on this insight, Teubner et al. (2019) introduced a carbon-sink-driven (i.e., accumulation

of biomass between two consecutive time steps) framework for estimating GPP from VOD by upscaling FLUXNET EC data,

positioning the approach as a complement to "source-driven" optical LUE models. Teubner et al. (2020) extended the model to

include an explicit air temperature term from ERA5 reanalysis to model the temperature dependence of autotrophic respiration.85

These methodological developments, together with the launch of the long-term VOD Climate Archive (VODCA; Moesinger

et al. (2020); Zotta et al. (2024b)), led to the creation of VODCA2GPP (Wild et al. (2022)), the first long-term (1988-2020),

microwave-derived GPP product. VODCA2GPP was compared with GPP products from optical remote sensing and dynamic

global vegetation models, and showed good correspondence in both temporal and spatial domains, though agreement varied

across biomes, with tropical and arid regions showing the poorest agreement (Wild et al., 2022).90

The limitations of VODCA2GPP point to three opportunities to improve a microwave-driven GPP framework. First, Ka-

band passive microwave observations can provide a land-surface temperature proxy that is closely coupled to surface thermal
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conditions and may therefore replace reanalysis 2-m air temperature (T2M) as the time-varying temperature constraint (Holmes

et al., 2009; Good et al., 2017). Second, VOD reflects vegetation water content, biomass, and canopy structure, but drought-

induced reductions in GPP can occur via stomatal regulation without proportional changes in canopy water content. Because95

this coupling varies with plant hydraulic strategy along the iso- to anisohydric continuum, we complement VOD with plant-

accessible soil water (Konings and Gentine, 2017; Konings et al., 2019; Zhang et al., 2019). Root-zone soil moisture (RZSM) is

especially relevant because it integrates water availability over longer timescales and depths than surface soil moisture (SSM).

Third, the relationship between dynamic microwave signals and GPP depends on ecosystem structure and vegetation type.

While higher-frequency VOD already contains information on vegetation biomass and water content, L-band VOD provides a100

complementary structural constraint because its longer wavelength is more sensitive to woody vegetation and is less prone to

saturation in dense canopies. Together with LC information, it can therefore provide additional context on persistent vegetation

structure and biome differences within a globally trained model (Rodríguez-Fernández et al., 2018; Mialon et al., 2020).

This study assesses the feasibility, strengths, and limitations of a global GPP framework whose time-varying environmental

drivers are derived from microwave observation. The framework produces 8-daily GPP at 0.25◦ spatial resolution over 2002-105

2020. We first test whether Ka-band-derived daytime and nighttime LST can replace the ERA5-Land T2M thermal constraint

while retaining comparable predictive performance. Because several existing GPP products also ingest ERA5(-Land), this re-

placement additionally reduces one source of shared reanalysis forcing across products (e.g., Nelson & Walther et al. (2024);

Yuan et al. (2025)). We then quantify the added value of structural and biome information (L-VOD and LC) and hydrologi-

cal constraints (SSM and RZSM), with particular emphasis on water-limited vegetation, where GPP responses to soil-water110

availability remain difficult to constrain consistently across products (Green et al., 2019) and constitutes a weakness of the

VODCA2GPP implementation (Wild et al., 2022). Finally, we evaluate GPP magnitude and temporal agreement with external

products, water-related variability, and sensitivity to the composition of the flux-tower training network. Overall, we assess the

potential of a microwave-driven framework to reproduce GPP dynamics across ecosystems, while identifying the remaining

limitations in spatial extrapolation, environmental constraints, and absolute GPP magnitude.115

2 Data

2.1 Model input data

The GPP framework is developed for 2002–2020 at an 8-day temporal resolution on a common 0.25◦ spatial grid. The predic-

tor set combines information on vegetation state and structure, surface thermal conditions, water availability, and vegetation

composition. Predictors are harmonised to the common 8-day temporal resolution and 0.25◦ grid. Table 1 summarises the120

predictors used in the GPP models.
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Table 1. Predictors used in the GPP models, grouped by functional role. All predictors were aggregated to the common 0.25◦ grid and

8-daily temporal resolution (if dynamic).

Predictor [unit] Source Band / frequency Representation in model

VOD-derived vegetation predictors

VOD [–] VODCA v2, Ku band Ku (∼19 GHz) Dynamic canopy water and vegetation-state signal; daily observations aggregated to

8-day means and smoothed with an 11-step Savitzky–Golay filter.

dVOD [–] Derived from VOD Ku (∼19 GHz) Change in vegetation state; finite difference between consecutive 8-day VOD compos-

ites, followed by the same smoothing as VOD.

medVOD [–] Derived from VOD Ku (∼19 GHz) Static background vegetation state; temporal median VOD over the model period.

Thermal predictors

LSTday [K] AMSR-E, AMSR2, SSMIS

F17

Ka (∼ 37 GHz) Daytime thermal constraint on photosynthesis, capturing temperature effects on plant

metabolism and heat stress together with coupling to stomatal regulation, transpiration,

and evaporative cooling.

LSTnight [K] AMSR-E, AMSR2, SSMIS

F17

Ka (∼ 37 GHz) Complementary nighttime thermal constraint; although photosynthesis is absent,

nighttime temperature affects ecosystem respiration and plant metabolic and develop-

mental processes that influence subsequent carbon uptake.

T2M [K] ERA5-Land not microwave-derived 2-m air temperature used as the reanalysis-based benchmark thermal predictor.

Structural and compositional predictors

L-VOD [–] VODCA L; SMOS and

SMAP

L (∼1.4 GHz) Persistent vegetation structure and woody biomass; multi-year 2010–2020 mean used

as a static predictor.

LC fractions [-] (0,

1)

ESA CCI Land Cover not microwave-derived Static vegetation composition; 300-m classes converted to 11 PFT fractions, aggre-

gated to 0.25◦, and averaged over 2002–2020.

Hydrological predictors

SSM [m3m−3] ESA CCI Soil Moisture

GAPFILLED

Multi-sensor passive

(L/C/X/Ku) and active (C)

∼ 1.4-19 GHz

Rapidly varying near-surface (∼0–5 cm) water-state constraint, capturing short-

term wetting and drying that can limit stomatal conductance and photosynthesis,

particularly in shallow-rooted vegetation.

RZSM [mm] G3P / C3S-based RZSM Multi-sensor (passive

L/C/X/Ku) microwave SSM

input (∼ 1.4-19 GHz)

Deeper (∼ 10 - 100 cm plant-accessible water-storage constraint with longer hy-

drological memory, representing sustained water availability that regulates stomatal

conductance and photosynthesis during soil drying and drought.

2.1.1 VOD and VOD-based metrics

We use VOD from the VODCA v2 dataset (Zotta et al., 2024b, a), which provides long-term, homogenised records of passive

microwave–derived VOD retrieved with the Land Parameter Retrieval Model (LPRM; Owe et al. (2002); Meesters et al. (2005);

van Der Schalie et al. (2017)). In this study, we use the Ku-band VOD product (18.7 GHz), rather than VODCA CXKu (fusing125

C-, X- and Ku-band) used by Wild et al. (2022), because Ku is less affected by radio-frequency interference than C-and X-band,

especially in Europe and the USA (de Nijs et al., 2015), where most of the EC towers are located. While C-, X-, and Ku-band

VOD observations are highly correlated (Zotta et al., 2024b), the shorter wavelength of Ku-band generally reduces canopy

penetration and increases its relative sensitivity to upper-canopy vegetation compared with lower-frequency VOD (Schmidt

et al., 2022). For the present analysis, the Ku-band predictor is represented on the common 0.25◦ grid and used over the130

2002–2020 study period.
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Similar to Wild et al. (2022) and Teubner et al. (2019), we use three complementary Ku-band VOD-based predictors for

each grid cell at an 8-day cadence. First, daily observations are grouped onto the model’s 8-day time step to reduce day-to-day

retrieval noise; each 8-day composite is computed using the mean of the valid observations within that interval. The bulk VOD

composite, therefore, represents canopy state over an 8-day interval rather than an instantaneous observation. Second, the short-135

term change dV OD, computed as the finite difference between consecutive 8-day composites, summarises rapid increases or

decreases in canopy water content associated with leaf growth or senescence, disturbance, or acute water stress. Third, a time-

invariant medV OD predictor is calculated for each grid cell using the same common model-training period, rather than a

tower-specific period, and is defined as the temporal median of Ku-band VOD. Because medVOD is time-invariant, it cannot

explicitly follow persistent land-cover change such as deforestation; in rapidly changing pixels, it may therefore retain structural140

information from earlier conditions. Dynamic VOD and dVOD can respond to such changes, but this limitation of medVOD

should be acknowledged. We use a Savitzky-Golay filter (11 x 8-day steps, approximately 88 days) to reduce high-frequency

observational noise. Gap filling is not performed.

To add a biomass-sensitive structural descriptor, we compute for each 0.25◦ pixel the multi-year mean of VODCA L (Zotta

et al., 2024b). The resulting predictor is time-invariant within a pixel but varies spatially among pixels and leverages L–band’s145

established sensitivity to the woody vegetation layer and its reduced saturation in dense canopies relative to higher microwave

frequencies (Rodríguez-Fernández et al. (2018)). We use a multi-year mean rather than time-varying observations, because

L-band VOD records begin only in 2010, whereas the GPP framework proposed here starts in 2002. The Ku-based medVOD

retains the median statistic used in the original framework to mitigate residual outliers, whereas L-VOD is used solely as a

climatological structural descriptor over its shorter record and is therefore summarised by its temporal mean. The joint use of150

L-band VOD with dynamic Ku-band VOD is intended to separate persistent canopy structure from faster canopy-water and

phenological variability. We henceforth refer to VODCA Ku VOD simply as VOD and to VODCA L as L-VOD.

2.1.2 LST derived from Ka-band brightness temperatures

We derive separate daytime and nighttime thermal predictors, LSTday and LSTnight, from vertically polarised Ka-band bright-

ness temperatures. Retaining both observations provides complementary information on the diurnal surface thermal regime,155

which is related to vegetation energy balance and carbon exchange (Still et al., 2021; Li et al., 2021b; Liu et al., 2024).

To construct a continuous 2002–2020 record, we combine observations from AMSR–E on Aqua (36.5 GHz; ≈ 14× 8 km;

2002–2011; Kawanishi et al., 2003; Knowles et al., 2006), AMSR2 on GCOM–W1 (36.5 GHz; ≈ 12×7 km; since 2012; Meier

et al., 2018), and SSMIS F17 (37.0 GHz; ≈ 37× 28–38× 30 km; Berg et al., 2018). AMSR–E and AMSR2 provide the main

temporal record, while SSMIS F17 is used over 2008–2015 as a common reference spanning the transition between the two160

AMSR sensors. All the brightness temperature observations were processed within the ESA CCI Soil Moisture project.

The 36.5/37-GHz V-pol channels are used because brightness temperature at these frequencies is highly sensitive to LST, and

we convert the harmonised observations to LST using the empirical relationship of Holmes et al. (2009). Retrieval performance

is strongest over vegetated surfaces and becomes less robust over sparse or bare surfaces, where surface-emissivity variability

has a larger influence.165
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The sensors differ in local observation time. AMSR–E and AMSR2 cross the Equator at approximately 13:30/01:30 local

time for the ascending/descending overpasses, compared with approximately 18:20/06:00 for SSMIS F17 (NSIDC, 2019; Re-

mote Sensing Systems, 2025; Boston College Institute for Scientific Research, 2025). Ascending and descending observations

are used to construct LSTday and LSTnight, respectively. Because F17 samples different phases of the diurnal temperature

cycle and DMSP platforms are affected by orbital drift (Yang et al., 2011), differences in observation time remain a source of170

uncertainty that cannot be fully removed by inter-sensor harmonisation.

AMSR–E and AMSR2 brightness temperatures are harmonised to SSMIS F17 using per-pixel cumulative distribution func-

tion (CDF) matching, separately for daytime and nighttime observations (Liu et al., 2011; Moesinger et al., 2020). Transfer

functions are derived from same-day observations during sensor-overlap periods, with at least 20 observation pairs required per

grid cell, and subsequently applied to the full AMSR records. Multiple harmonised observations on the same day are averaged.175

Finally, the harmonised brightness temperatures are converted to LST using the empirical relationships of Holmes et al.

(2009):

LSTday = 0.898TB,day,36.5V +44.2, (1)

LSTnight = 0.893TB,night,36.5V +44.8. (2)

2.1.3 Surface and root zone soil moisture180

We use two complementary microwave-based soil moisture constraints representing different depths and hydrological timescales.

Surface soil moisture (SSM; m3m−3) is taken from the ESA CCI Soil Moisture GAPFILLED climate data record (Preimes-

berger et al., 2025, 2024), which combines active and passive microwave observations into a daily global record on a 0.25◦

grid and represents approximately the upper 0–5 cm of the soil (Dorigo et al., 2017). We use the GAPFILLED product be-

cause the standard ESA CCI Soil Moisture record contains persistent data gaps in densely vegetated regions, particularly in185

tropical forests, where microwave attenuation limits the retrieval of SM (Preimesberger et al., 2025). Gapfilling is done using

DCT–PLS interpolation of the available SSM observations, with additional C- and L-band retrievals used as anchors in densely

vegetated regions where microwave attenuation causes persistent data gaps (Preimesberger et al., 2025). Retrieval uncertainty

nevertheless remains higher under dense vegetation. For non-frozen conditions, the gap filling is based on SM observations

rather than ancillary meteorological or vegetation predictors; frozen periods are treated by temporal interpolation.190

To represent deeper soil-water availability, we use root-zone soil moisture (RZSM) from the G3P product (Güntner et al.,

2026). G3P derives RZSM from the C3S Soil Moisture COMBINED record (Dorigo et al., 2018) using the exponential-filter

framework of Pasik et al. (2023). SSM and RZSM therefore share a common satellite SM heritage but differ in product version

and subsequent processing. The exponential filter produces progressively smoother and delayed estimates with increasing depth

and was calibrated against International Soil Moisture Network observations for the 0–10, 10–40, 0–100, and 100–200 cm195

layers (Pasik et al., 2023).
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For the GPP models, we use RZSM integrated over 10–100 cm, excluding the 0–10 cm layer to reduce redundancy with the

separate near-surface SSM predictor. Water storage is calculated from the 10–40 and 40–100 cm layers as

RZSM10−100 = 300θ10−40 +600θ40−100, (3)

where 300 and 600 mm are the respective layer thicknesses and θ denotes volumetric SM. The resulting RZSM10−100 is200

expressed in millimetres of water. Compared with SSM, this metric suppresses short-lived surface fluctuations and retains the

longer hydrological memory of the rooting zone (Fan et al., 2017; Li et al., 2021b).

Both daily SSM and RZSM are aggregated to 8-day means. For each variable, we additionally derive an anomaly by remov-

ing the climatological seasonal cycle.

2.1.4 Land cover205

Land-cover information is derived from the ESA CCI Land Cover time series (v2.0.7, 1992–2015; v2.1.1, 2016–2022), avail-

able annually at 300 m resolution (Defourny and ESA Land Cover CCI Project Team, 2017). For model input, the native

classes are converted to fractional coverages of 11 plant functional types (PFTs, Table A1) using the standard CCI cross-

walking scheme (CCI, 2017; Poulter et al., 2015) and aggregated to the common 0.25◦ grid. The annual PFT fractions are

averaged over 2002–2020 to obtain a time-invariant representation of vegetation composition. These 11 fractional PFT layers,210

rather than categorical LC labels, are used as model predictors.

ESA CCI LC is also used for two evaluation purposes. First, for the tower–pixel representativeness analysis described in

Sect. 3.1, tower and grid-cell LC is harmonised into three broad classes: forest, short vegetation, and cropland. Second, the

2016 ESA CCI LC map is aggregated by majority class into bare soil, sparse vegetation, grassland, cropland, shrubland,

broadleaf deciduous forest (BDF), broadleaf evergreen forest (BEF), needleleaf evergreen forest (NEF), needleleaf deciduous215

forest (NDF), and mixed forest (MF), and used only to stratify and visualise GPP results.

2.1.5 Air temperature

We use T2M from ERA5-Land to train two GPP model configurations (Model A and Model B; Table 2) to compare our

microwave-based LST models. T2M is a common proxy for the thermal control of autotrophic respiration in ecosystem carbon

modelling (Atkin and Tjoelker, 2003), and ERA5-Land provides a consistent, widely used reanalysis source for this variable220

(Muñoz-Sabater et al., 2021).

2.1.6 Eddy-covariance data

We expand the FLUXNET2015 (Pastorello et al. (2020)) station ensemble used in Wild et al. (2022) with the FLUXNET

Warm Winter (Warm Winter 2020 Team (2022)) and FLUXNET–CH4 (Delwiche et al. (2021)) collections to extend tempo-

ral coverage, add sites absent from FLUXNET2015, and broaden biome– and climate–space representation for training and225

validation.
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Figure 1. Spatial distribution of stations from FLUXNET2015, FLUXNET Warm Winter and FLUXNET-CH4 datasets.

FLUXNET2015 provides harmonised EC time series of CO2, water, and energy exchange together with meteorological and

vegetation measurements from a global network of sites (Pastorello et al. (2020)). We use the February 2020 update, which in-

creases the number of usable sites compared with earlier releases while retaining ONEFlux quality control and partitioning con-

sistency across sites (Pastorello et al. (2020)). The FLUXNET Warm Winter (Warm Winter 2020 Team (2022)) release extends230

most European FLUXNET2015 sites to 2020 and adds stations, utilising a processing pipeline compliant with FLUXNET2015

to ensure that records are directly integrable (Warm Winter 2020 Team (2022)). FLUXNET–CH4 compiles EC methane and

CO2 fluxes across a broad set of ecosystems, adding sites that are sparse or absent in FLUXNET2015, particularly wetlands

and high–latitude systems (Delwiche et al. (2021)). Some towers appear in multiple collections, whereas others are unique to a

single release Fig. 1. Therefore, we removed duplicates of sites available in multiple datasets, with a fixed priority order based235

on temporal completeness and continuity: FLUXNET Warm Winter > FLUXNET2015 > FLUXNET–CH4. Thus, if a site was

present in Warm Winter, its Warm Winter record was retained as the source; otherwise, we selected FLUXNET2015, and used

FLUXNET–CH4 only when a site was absent from the other two. This policy reflects the generally longer temporal cover-

age of Warm Winter for European sites and the better consistency of FLUXNET2015 outside Europe, while FLUXNET–CH4

primarily contributes additional high–latitude sites with shorter or less continuous CO2 records. Cross–dataset consistency240

checks across LC and climate zones over overlapping periods (not shown) indicated high agreement between the three records,

supporting the merged use of these sources as a single in situ GPP target ensemble. At each site, GPP was obtained from EC

net ecosystem exchange (NEE) using both daytime and nighttime partitioning schemes; we then formed a single daily GPP by

averaging the two, following recommendations to combine partitioning estimates for robust daily aggregates (Teubner et al.,

2020; Wild et al., 2022). We filtered the data with the quality flag provided with the datasets and excluded low-quality days,245

retaining only days with at least 50 % of observations. After deduplication and quality filtering, the FLUXNET training dataset
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comprised 215 sites, with an average observational record of approximately 4.7 years per site (median 3.3 years), based on the

number of valid 8-day GPP observations.

2.2 Evaluation datasets

The models proposed in this manuscript are compared with external GPP products and complementary indicators of photosyn-250

thetic and hydrological variability. These datasets are used as evaluation rather than as error-free validation targets: they differ

in observational inputs, model structure, training data, spatial and temporal resolution, and some share environmental drivers

or EC observations with the present framework. The comparison, therefore, focuses on consistency of spatial and temporal

behaviour across methodologically distinct products.

2.2.1 MODIS GPP255

MODIS GPP builds on the light–use efficiency (LUE) framework of Monteith (1972), in which photosynthetic carbon uptake

is proportional to the amount of photosynthetically active radiation absorbed by the canopy (APAR) and a biome-specific

conversion efficiency. The operational MODIS algorithm (MOD17) implements this concept by combining MODIS–derived

fraction of APAR (fAPAR) and ancillary radiation with ecophysiological scalars and biome parameters to estimate GPP at the

8 daily scale (Zhao et al., 2005; Running et al., 2015). In this study, we use the MOD17A2H Collection 6 product (8-daily at260

500 m sampling, 2003-2020) and regrid it by averaging to 0.25◦×0.25◦ to match the grid of our models for intercomparison

and evaluation.

2.2.2 FLUXCOM-RS and FLUXCOM X-Base GPP

FLUXCOM provides global GPP fields by upscaling eddy-covariance fluxes with machine-learning ensembles (Tramontana

et al., 2016; Jung et al., 2020). We use FLUXCOM-RS (Jung et al., 2020), which is based solely on remotely sensed data,265

using MODIS-derived surface reflectance vegetation indices (NDVI, EVI, NDWI), fAPAR, and daytime and nighttime LST

as predictors, thereby capturing the observed spatio-temporal variability of vegetation states without any meteorological input.

For evaluating our models, we adopt FLUXCOM-RS to emphasise Earth observation-driven variability at fine spatial and 8-day

temporal resolutions (native ∼10 km). We additionally use FLUXCOM X-Base (X-BASE; Nelson & Walther et al. (2024)), the

successor upscaling framework to the original FLUXCOM ensemble, which combines remotely sensed vegetation indices and270

LST with meteorological drivers (actual and potential incoming shortwave radiation, air temperature, VPD) within a single,

unified model, trained on an expanded eddy-covariance network of 294 sites at hourly, 0.05◦ resolution. FLUXCOM-RS for

2003-2015 is natively provided at 0.0833◦ (∼10 km) and 8-day resolution, whereas FLUXCOM X-BASE is natively simulated

at hourly and 0.05◦ resolution. FLUXCOM-RS (2003-2020) and FLUXCOM X-Base were aggregated to 0.25◦ to match the

grid of our models and to 8-daily where necessary.275
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2.2.3 DrylANNd GPP

As a dryland-specific benchmark, we use GPP from the DrylANNd (Dryland Artificial Neural Network) model (Dannenberg

et al., 2023) for 2015-2020. DrylANNd estimates GPP, NEE, and evapotranspiration using an ensemble of feed-forward artifi-

cial neural networks trained on AmeriFlux eddy-covariance observations across arid to sub-humid ecosystems of the western

United States. The model integrates multi-source satellite observations, combining optical vegetation indices (e.g., NDVI,280

NIRv, EVI), MODIS LST, and SMAP SM and soil temperature to better represent moisture limitation and pulse-driven pro-

ductivity in drylands. Outputs are provided at monthly temporal resolution and 0.05◦ spatial resolution for the years 2015 -

2020.

We spatially average DrylANNd GPP to 0.25◦×0.25◦ and use the native monthly estimates for intercomparison.

2.2.4 TRENDY ensemble v7 GPP285

As an external process-based benchmark alongside the satellite–based products, we use GPP from the reanalysis–driven

TRENDY-v7 ensemble of DGVMs (Le Quéré et al., 2018; Sitch et al., 2015) for the period 2003-2017. The v7 protocol

prescribes historical variations in climate, land use, and atmospheric CO2 to simulate GPP over 1950–2017. The ensemble

comprises 16 DGVMs (CABLE–POP, CLASS–CTEM, CLM5.0, DLEM, ISAM, JSBACH, JULES, LPJ, LPJ–GUESS, LPX,

OCN, ORCHIDEE, ORCHIDEE–CNP, SDGVM, SURFEX, VISIT), delivered at monthly time step on a common grid. We290

regridded each model to 0.25◦ using nearest–neighbour sampling and formed an unweighted ensemble-mean GPP time series

for evaluation. For the temporal agreement analyses, which include multiple global GPP datasets, we interpolate TRENDY to

8-daily observations to enable direct comparison over the same spatial and temporal domain.

2.2.5 SPEI

To assess the response of predicted GPP to drought, we use the Standardised Precipitation–Evapotranspiration Index (SPEI;295

(Vicente-Serrano et al., 2010)), which quantifies anomalies in the climatic water balance (precipitation minus potential evap-

otranspiration, PET) relative to a long-term baseline. Negative values indicate dry conditions (SPEI ≤−1 moderate drought;

SPEI ≤−2 extreme drought). We use the ERA5-based Global Drought Observatory implementation provided by the Joint

Research Centre of the European Commission, where precipitation and PET are derived from ERA5 reanalysis (European

Commission, Joint Research Centre (JRC), 2025a, b, c). Because SPEI integrates water supply and atmospheric demand, it300

has been widely used to diagnose drought-induced reductions in GPP and assess ecosystem sensitivity to water variability

(Vicente-Serrano et al., 2013; Humphrey et al., 2018).

Here, we use SPEI for the period 2003-2020 with integration times of 1, 3, and 6 to capture short-term moisture-stress effects

on GPP (SPEI-1, European Commission, Joint Research Centre (JRC) (2025a)) and more persistent seasonal water deficits

(SPEI-3, SPEI-6, European Commission, Joint Research Centre (JRC) (2025b, c)). We therefore use SPEI as an external305

climatic indicator to assess whether the modelled GPP products capture drought-induced reductions in productivity. SPEI is

provided at monthly and 0.25◦×0.25◦ resolution, so resampling is not necessary.
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2.2.6 TROPOSIF SIF

We use the TROPOSIF global sun-induced fluorescence (SIF) product derived from TROPOMI onboard Sentinel-5P (Guanter

et al., 2021) to assess spatial and temporal variations in GPP. SIF is emitted as a by-product of photosynthesis and has been310

shown to closely track ecosystem GPP, often more directly than reflectance-based vegetation indices (Guanter et al., 2014;

Zhang et al., 2016). TROPOSIF provides daily global coverage at high spatial resolution (∼3.5×5.5 km2) and retrieves far-

red SIF (743–758 nm) using a data-driven Fraunhofer line infilling approach. In this study, we employ the clear-sky L2B

variant (cloud fraction ≤ 0.2) for the period 2018-2020 and aggregate the observations to a 0.25◦×0.25◦ grid by averaging all

valid retrievals within each target cell. Only measurements fulfilling the recommended quality filtering (qa_value > 0.5) and315

additional geometric constraints (solar zenith angle ≤ 70◦, viewing zenith angle ≤ 60◦) are retained to ensure robust clear-sky

conditions.

2.3 Model implementations

Table 2. Overview of model configurations. Model A follows the GAM-based VODCA2GPP (Teubner et al., 2020; Wild et al., 2022)

formulation, whereas Models B–I use RF regression. VOD denotes the combined use of three predictors: VOD, dVOD, and medVOD; LST

denotes the joint use of both LSTday and LSTnight; SSM and RZSM denote the use of two predictors each: full signal and the corresponding

anomaly.

Model Algorithm T2M LST VOD Structural predictors Hydrological predictors

A GAM × × – –

B RF × × – –

C RF × × – –

D RF × × L-VOD –

E RF × × LC –

F RF × × L-VOD + LC –

G RF × × L-VOD + LC SSM

H RF × × L-VOD + LC RZSM

I RF × × L-VOD + LC SSM + RZSM

The model configurations provide a set of controlled contrasts to examine three aspects of the framework: the influence of the

learning algorithm, the replacement of reanalysis T2M by microwave-derived LST, and the additional information provided by320

structural, LC, and hydrological predictors (Table 2). All configurations are compared using cross-validation and ALE, while

selected models are retained for the subsequent global evaluation (Sect. 2.4).
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Model A follows the original GAM-based VODCA2GPP formulation (Teubner et al., 2020; Wild et al., 2022), using T2M

together with VOD, dVOD, and medVOD. Model B uses the same predictors in a Random Forest (RF), so that A–B isolates

the effect of the learning algorithm. RFs are used for the remaining configurations because they can flexibly capture nonlinear325

relationships and interactions among heterogeneous predictors without a priori specification (Breiman, 2001; Tramontana et al.,

2016; Schmidt et al., 2022). Model C replaces T2M with microwave-derived LSTday and LSTnight, providing the microwave-

driven thermal baseline.

Relative to Model C, Models D and E add L-VOD and LC fractions independently, while Model F combines both. Mod-

els G–I then evaluate the additional hydrological information from SSM, RZSM, and their combination, respectively. These330

configurations are treated as targeted contrasts rather than as a sequential forward-selection procedure because a predictor’s

contribution depends on the information already available to the model.

Training samples are obtained by collocating the gridded predictors with EC GPP at each tower location. Towers within

the same 0.25◦ grid cell share the predictor time series but retain their individual GPP observations. All configurations use the

same common EC sample, and missing predictor values are not imputed. RF models are implemented in scikit-learn (Pedregosa335

et al., 2011), with hyperparameters selected through a systematic parameter search (Table A2). Configurations retained for the

global analyses are subsequently trained on the full common EC sample and applied at 8-day and 0.25◦ resolution.

2.4 Model evaluation

Model evaluation proceeds from diagnostic assessment of the full set of models to targeted global comparisons. Models A–I

are first evaluated at EC sites and through accumulated local effects (ALE) to assess predictive performance and the conditional340

response to individual predictors. Based on these diagnostics, Model H is retained as the extended RF configuration for the

global evaluation. Models A, B, and H are compared for GPP magnitude to distinguish the effect of the learning algorithm (A–

B) from that of the extended predictor framework (B–H). Subsequent analyses of training-network sensitivity and agreement

with external datasets compare Models B and H, thereby retaining a common RF architecture.

2.4.1 Site-level performance and predictor responses345

All model configurations are evaluated using site-grouped 10-fold cross-validation, with all observations from an EC site

assigned entirely to either training or validation within each fold. Predictions for held-out sites are combined to obtain out-of-

fold estimates for the complete validation network. Pearson’s correlation coefficient (r), Nash–Sutcliffe efficiency (NSE; Nash

and Sutcliffe, 1970), RMSE and bias are calculated separately for each site at 8-day and monthly resolution and summarised

by their median across the common set of validation sites. Performance is additionally stratified between forest and short-350

vegetation sites. To assess tower–pixel representativeness, we compare performance between sites where the broad tower LC

class agrees with that of the corresponding 0.25◦ ESA CCI grid cell and sites where it does not (Sect. 2.1.4).

Conditional predictor responses are examined using ALE (Apley and Zhu, 2020), which estimates local changes in model

output within the observed predictor distribution and is therefore well suited to correlated predictors (Schmidt et al., 2022;

Kuhn-Régnier et al., 2021). One-dimensional ALEs are calculated for Models A–I using a reproducible random sample of355
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up to 300,000 complete training observations per model, 20 quantile-based bins, and a minimum bin size of 50 observations.

Effects outside the 5th–95th percentile range are interpreted cautiously because of lower data support. Two-dimensional ALEs

for LSTday×SSM and LSTday×RZSM are additionally used to examine conditional water–temperature interactions.

2.4.2 GPP magnitude and training-network sensitivity

The magnitude and spatial distribution of GPP are evaluated for Models A, B, and H against MODIS, FLUXCOM-RS, FLUX-360

COM X-Base, and TRENDY-v7. Products are restricted to their common spatial domain (115.1× 106 km2) and the common

2003–2015 comparison period. Annual GPP is area-integrated over the valid domain; time steps with less than 50 % spatial

coverage are excluded, and annual estimates are retained when temporal coverage exceeds 95 %. The remaining small temporal

gaps are accounted for by annualisation. TRENDY is integrated on its native grid using fractional overlap with the common

domain. Mean annual totals, latitudinal profiles, and LC-stratified distributions are used to identify both the magnitude and365

spatial origin of differences among products.

Sensitivity to the composition of the EC training network is evaluated for Models B and H by applying each of the ten cross-

validation fold models globally (Tramontana et al., 2015). For each grid cell and year, the coefficient of variation (CV) across

the ten-fold-specific annual GPP estimates is calculated as the standard deviation divided by the mean and expressed as a per-

centage; annual CV values are then averaged over the study period. Grid cells with mean annual GPP below 0.05 kgCm−2 yr−1370

are excluded because the CV becomes unstable near zero. This metric, therefore, quantifies sensitivity to training-site compo-

sition rather than total prediction uncertainty.

2.4.3 Global temporal agreement

Temporal agreement is evaluated for Models B and H against MODIS, FLUXCOM-RS, FLUXCOM X-Base, and TRENDY-

v7. Model and reference GPP are collocated in space and time over their respective periods of overlap, with TRENDY monthly375

values interpolated to the common 8-day time axis for temporal alignment. Pixel-wise Pearson correlations are calculated for

both the full GPP signal and 8-day anomalies. Anomalies are obtained by subtracting the corresponding 8-day-of-year clima-

tology, thereby removing the mean seasonal cycle and emphasising sub-seasonal and interannual co-variability. Correlations

are summarised by the LC classes defined in Sect. 2.1.4.

2.4.4 Evaluation of water-related GPP variability380

Models B and H are additionally compared with DrylANNd GPP, TROPOSIF SIF, and SPEI to evaluate GPP variability

associated with photosynthetic activity and water limitation. For DrylANNd and SIF, model and reference observations are

collocated in space and time, and Spearman rank correlations (ρ) are calculated pixel-wise for the full and anomaly signals;

only grid cells with at least 24 valid paired observations are retained. Agreement is summarised by the median ρ and the fraction

of negatively correlated grid cells. For SPEI, GPP anomalies are compared with SPEI at 1-, 3-, and 6-month integration times385

using Spearman correlation, with results stratified across the short-vegetation LC classes.
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3 Results

3.1 Model performance

Figure 2. Median site-level cross-validation metrics computed over 10-folds for each model. Colors encode model family according to

temperature input (blue: T2M; orange shades: LST). Panels report Pearson correlation (r), Nash–Sutcliffe efficiency (NSE), RMSE, and bias

gCm−2d−1.

Site-grouped 10-fold cross-validation shows clear differences in median site-level performance across the model configurations

(Fig. 2; Table A3).390

Model B shows a modest improvement in predictive skill compared to Model A. At 8-day resolution, median correlation

increases from approximately 0.71 to 0.72 and RMSE decreases from about 2.83 to 2.69 g C m−2 d−1, while NSE also

increases slightly. This indicates that, as expected, the choice of learning algorithm affects performance.

Replacing ERA5-Land T2M with microwave-derived LSTday and LSTnight (Model B vs. C) increases NSE and decreases

RMSE further to approximately 2.65 g C m−2 d−1. However, the correlation decreases slightly, consistent with the greater395

short-term variability and observational noise of satellite-derived LST relative to the smoother reanalysis T2M (Parinussa

et al., 2011). Thus, microwave LST provides broadly comparable predictive information to T2M, with some improvement in

error-based metrics but no systematic gain across all measures. This is consistent with previous flux-upscaling studies showing

that remotely sensed LST contains useful information on ecosystem carbon flux variability (Tramontana et al., 2015, 2016;

Jung et al., 2020).400
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Adding static L-VOD to LST+VOD (Model C → D) improves the model more consistently across metrics. This suggests

that L-VOD provides complementary information not contained in the higher-frequency VOD predictors alone, consistent with

its intended role as a structural constraint on vegetation state.

The greatest improvement is obtained by adding LC fractions to LST+VOD (Model C → E). Median 8-day r increases

to approximately 0.76 and NSE to about 0.27, while RMSE decreases to roughly 2.35 g C m−2 d−1. Median bias remains405

relatively small and positive. The magnitude of this improvement indicates that explicitly representing differences among

vegetation types is particularly important for transferring the GPP relationship across sites, consistent with the central role of

biome and PFT information in flux-upscaling frameworks (Tramontana et al., 2015, 2016; Jung et al., 2020). Adding L-VOD

together with LC fractions (Model E → F) produces only small and metric-dependent changes.

Adding SSM (Model G) does not produce a consistent improvement over Model F. Median r, NSE, and RMSE remain410

very similar, while bias shifts back towards a small positive value. In contrast, adding RZSM (Model H) yields a clearer gain:

median 8-day r increases to about 0.80 and RMSE decreases to approximately 2.30 g C m−2 d−1. Model H also has a median

bias close to zero, indicating that the gain in predictive skill is not achieved at the expense of a stronger systematic offset.

The LC-stratified cross-validation results (Figure A1) indicate that the benefit of RZSM is concentrated in short vegetation

sites: replacing SSM with RZSM (Model G → H) markedly improves correlation and RMSE for short vegetation, whereas the415

response for forest sites is much smaller and does not show a corresponding improvement in RMSE.

Sites with matching tower and satellite LC (Fig. A3) generally showed higher median correlations, lower RMSE, and bias

closer to zero compared to sites with mismatched LC, indicating that footprint heterogeneity and tower–pixel representativeness

contribute appreciably to model uncertainty. However, these sites were retained because excluding them would remove 83

towers (38% of the dataset, Fig. A2), and an additional sensitivity test (not shown) indicated lower overall model performance420

when training without them.

3.2 Relationship between GPP and predictors

The ALE analysis indicates that VOD, T2M, LSTday, and RZSM exhibit some of the largest ranges of modelled effects on GPP,

as reflected by their comparatively large ALE magnitudes (Fig. 3). The temperature responses are physiologically plausible and

broadly consistent across model configurations. Both T2M (Fig. 3c) and LSTday (Fig. 3d) show a strong increase in predicted425

GPP from cold conditions towards warmer temperatures, consistent with temperature limitation of photosynthesis under cool

conditions (Chang et al., 2021; Lin et al., 2012). The response generally levels off or declines at the warmest temperatures,

although the exact shape depends on the model: the GAM-based T2M response exhibits a more distinct optimum around 293–

295 K, whereas the RF responses tend to increase over a broader part of the sampled temperature range. Similarly, LSTday

increases strongly towards approximately 298–300 K before plateauing or declining slightly. LSTnight (Fig. 3h) has a smaller430

ALE magnitude and shows a predominantly positive response from cold to warm nighttime conditions, which tends to level

off at the warmer end of the distribution rather than displaying the same pronounced optimum as the daytime temperature

predictors.
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VOD (Fig. 3 a) exhibits a consistent, near-monotonic positive modelled association with GPP, and shows one of the largest

absolute ALE magnitudes across predictors and models. This indicates that VOD provides substantial information for the435

fitted GPP models, consistent with its sensitivity to vegetation water content and biomass. The other VOD-derived predictors

provide complementary information: dVOD (Fig. 3g) generally shows increasing GPP effects with positive vegetation changes,

while medVOD (Fig. 3b) has a predominantly negative conditional response that weakens once L-VOD and LC fractions

are included. L-VOD (Fig. 3e) shows a comparatively stronger response when introduced without LC fractions (Model D),

but a much smaller independent effect in Models F–I, suggesting substantial overlap between L-VOD and LC fractions in440

representing persistent vegetation structure.

Figure 3. ALEs of non-PFT predictors across all models. Curves are centred 1D ALE (20 quantile bins) with dotted vertical lines at the

0.05/0.25/0.50/0.75/0.95 quantiles of predictor value. Positive/negative ALE values indicate model effects above/below the centred mean

effect over the data used for the ALE calculation.
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RZSM (Fig. 3 f) rises approximately monotonically, a modelled relationship consistent with increasing water availability

alleviating stomatal limitation.

SSM (Fig. 3i) shows a weak negative modelled effect, which may partly reflect its role as a short-term weather proxy: wetter

surface soils often follow precipitation events that coincide with lower radiation and cooler conditions (Koirala et al., 2017;445

Walther et al., 2019). Similar negative GPP–precipitation sensitivities have been reported in some ecosystems and seasons,

including energy-limited sites (Miller et al., 2023). The 2D ALEs provide additional evidence for interactions between water

and thermal conditions (Fig. A5). The SSM × LSTday surface (Fig. A5) shows mostly weak interactions, with localised

negative interaction effects at high SSM and sub-optimal LSTday. The RZSM × LSTday surface (Fig. A5) shows a stronger

positive interaction around intermediate-to-warm temperatures (≈290–300 K), indicating that the joint model response under450

these conditions exceeds that expected from the additive RZSM and LSTday effects alone. This pattern is consistent with

coupled water-energy constraints on GPP.

In terms of LC fractions (Fig.A4), the ALEs show that increasing tree cover has the largest positive effect on predicted GPP,

especially for evergreen (pftTreeBE; Fig. A4 a) and deciduous (pftTreeBD; Fig. A4 b) broadleaf and needleleaf evergreen

(pftTreeNE; Fig. A4 c) trees, with gains that rise steeply at low-moderate cover and then saturate at higher fractions. Shrub cover455

(pftShrub* panels; Figs. A4 c, d, e) exhibits a negative effect, strongest for broadleaf shrubs, likely reflecting a compositional

trade-off: increasing shrub cover typically comes at the expense of tree cover, leading to lower productivity. Bare fraction

(pftBare; Fig. A4 d) is also negative, as expected for low-productivity surfaces. The near overlap of curves across moisture-

augmented models indicates that adding SM/RZSM primarily adjusts magnitude rather than sign or shape, reinforcing that

LC fractions provides a stable structure for the RF to separate productive (tree-dominated) from low-productivity (shrub/bare)460

landscapes.

3.3 Magnitude of predicted GPP

Models A, B, and H differ substantially in their integrated GPP magnitude (Table A4). Model A produces 206.8 Pg C yr−1,

a higher magnitude than Model B (189.4 Pg C yr−1). This indicates that the choice of algorithm alone lowers the estimated

GPP magnitude. Adding additional predictors in Model H yields a further reduction (175.0 Pg C yr−1). Despite its lower465

GPP magnitude, Model H remains substantially higher than the reference products over the common spatial domain. MODIS,

FLUXCOM-RS, and FLUXCOM X-Base estimate 111.1, 108.4, and 121.5 Pg C yr−1, respectively, while individual TRENDY-

v7 members span 72.1–148.0 Pg C yr−1.

3.3.1 Latitudinal distribution of predicted GPP

The latitudinal profiles in Fig. 4 show the spatial origin of the differences in integrated GPP. All products reproduce the470

expected zonal pattern of high tropical productivity and declining GPP towards the subtropics and high latitudes, although

their magnitudes differ substantially (Beer et al., 2010; Anav et al., 2015).
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Figure 4. Latitudinal mean GPP for model configurations A, B, H and reference products. Means are calculated from observations collocated

in space and time over the common comparison period. The TRENDY-v7 distribution is shown as the ensemble mean and interquartile range.

Differences among Models A, B, and H vary substantially with latitude. Replacing the GAM formulation of Model A with

RF (Model B) generally reduces GPP, while the largest difference between Models B and H occurs between approximately

−35◦ and −20◦ latitude. In these broadly water-limited subtropical regions, Model H shows a pronounced reduction in GPP,475

bringing the estimates closer to the reference products.

At the tropical maximum, Models B and H fall within the TRENDY interquartile range and are also close to the FLUXCOM-

X estimates, whereas Model A shows higher GPP. MODIS and FLUXCOM-RS show substantially lower estimates than our

configurations; however, MOD17 has been reported to underestimate at highly productive sites (Turner et al., 2006).

At high northern latitudes, a substantial discrepancy also persists. Above approximately 70◦N, Models A, B, and H remain480

generally higher than MODIS, FLUXCOM-RS, and FLUXCOM X-Base, which converge towards ≈ 0.3–0.7 kg C m−2 yr−1,

although the model estimates mostly remain within the TRENDY interquartile range. The particularly large departures of

Model A in the Southern Hemisphere extratropics and at high northern latitudes coincide with regions that are relatively poorly

represented by FLUXNET.

3.3.2 Biome dependence of GPP magnitude.485

The biome distributions in Fig. 5 further identify the ecosystem types underlying the differences in GPP magnitude. Across

all products, the broad ecological ordering is consistent: BEF has the highest productivity, whereas shrublands and sparse veg-
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etation occupy the low-productivity end of the distribution, reflecting differences in growing-season length, canopy structure,

water availability, and absorbed radiation (Beer et al., 2010; Anav et al., 2015).

Figure 5. Distribution of GPP by land-cover class for Models A, B, H, FLUXNET observations, and the gridded reference products. Only

observations collocated in space and time across the products are used. The distributions, therefore, diagnose biome-dependent differences

in GPP magnitude independently of unequal sampling in the comparison datasets.

One of the largest differences between Models A, B, and H and the references occur in BEF, contributing to the tropical490

offset visible in Fig. 4. Model H shows substantially lower GPP than Models A and B in short vegetation biomes, bringing the

estimates closer to the reference products and suggesting a better-constrained representation of productivity in water-limited

ecosystems.

3.4 Sampling uncertainty

Global mean inter-fold CV decreases (Fig., 3.4, Table A5) from 14.2% in Model B to 7.9% in Model H, corresponding to a495

44% reduction in sensitivity to the composition of the flux-tower training network. The largest uncertainties occur in sparsely

sampled dry regions. In the Sahara/Sahel, mean CV decreases from 21.1% in Model B to 14.7% in Model H, while over arid

Australia it decreases more modestly from 24.8% to 20.3%. Thus, although Model H substantially reduces fold sensitivity
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globally, arid Australia remains a region of comparatively high uncertainty. A similarly strong reduction occurs in the boreal

zone (> 50◦N), where mean CV decreases from 10.4% to 4.8%. Regions of persistently elevated CV broadly coincide with500

areas of sparse FLUXNET coverage.

Figure 6. Inter-fold coefficient of variation of predicted GPP as a measure of uncertainty.

3.5 Temporal agreement with external GPP datasets

We evaluated Models B and H against four external GPP products (MODIS, FLUXCOM-RS, FLUXCOM X-Base, and

TRENDY; Figs. 7 and A7, Table A8). For the full 8-day signal, Model H generally shows higher correlations than Model B

across LC classes and reference products. Agreement is strongest in BDF, NEF, NDF, and MF, where median r for Model H505

ranges from approximately 0.76 to 0.88, while clear improvements are also evident in sparse vegetation, grasslands, croplands,

and shrubs. BEF remains the main exception, with low and reference-dependent correlations, consistent with its weak season-

ality and limited temporal dynamic range (Restrepo-Coupe et al., 2013; Guan et al., 2015; Tramontana et al., 2016; Wild et al.,

2022).

The improvement from Model B to Model H is even clearer for 8-day anomalies (Fig. A7 and Table A8). Across sparse veg-510

etation, grasslands, croplands, and shrubs, median correlations increase by approximately 0.11–0.29 across the four reference

products. Improvements are also evident in BDF, NEF, NDF, and MF, although agreement with TRENDY is generally lower

than with the observation-based products. Agreement in BEF remains comparatively weak and reference-dependent.

Overall, the comparison with four external GPP products supports Model H over the simpler Model B, particularly for

reproducing short-term GPP variability across contrasting LC classes.515
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Figure 7. Pixel-wise Pearson correlation coefficient (r) between predicted GPP and FLUXCOM-RS, FLUXCOM X-Base, MODIS, and

TRENDY on harmonised 8-day time series. Each model–reference pair is restricted to its shared temporal overlap, and boxplots are shown

by LC class.

3.6 Evaluation of photosynthetic and water-related GPP variability using SIF, SPEI and DrylANNd GPP

Agreement with DrylANNd improves markedly from Model B to Model H (Fig. 8; Table A7). Median full-signal Spearman

correlation increases from ρ= 0.780 to 0.841, while anomaly correlation increases from 0.183 to 0.452. The fraction of grid

cells with negative anomaly correlations decreases from 16.6 % to 2.8 %.

SIF shows a similar, although weaker, improvement. Median full-signal correlation increases from ρ= 0.422 for Model B520

to 0.557 for Model H, and anomaly correlation increases from 0.064 to 0.124. The fraction of negative anomaly correlations

decreases from 35.6 % to 27.0 %. Agreement remains comparatively weak for SIF anomalies, potentially reflecting the variable

coupling between SIF and GPP under high atmospheric demand and drought (Li and Xiao, 2022; Qiu et al., 2024).
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Figure 8. Spatial agreement over the full signal of Models B and H with SIF (left) and DrylANNd GPP (right). The upper panels show R2

for Model B, while the lower panels show the difference between Models B and H. Blue indicates higher R2 for Model H and red higher

R2 for Model B. Grey marks cells with negative Spearman ρ or fewer than 24 valid collocated observations. Insets show the distribution of

Spearman ρ and its median.

The SPEI comparison likewise shows stronger coupling of Model H GPP anomalies to drought variability (Fig. 9). The

largest differences occur in sparse vegetation and shrubs. For sparse vegetation, ρ increases from 0.41 to 0.75 for SPEI-03 and525

from 0.46 to 0.75 for SPEI-06; for shrubs, it increases from 0.30 to 0.62 and from 0.26 to 0.55, respectively. Grasslands also

show a pronounced increase, from −0.02 to 0.26 for SPEI-03 and from −0.08 to 0.28 for SPEI-06.

Overall, Model H shows improved agreement with both photosynthetic variability represented by SIF and water-related GPP

variability represented by DrylANNd and SPEI. The strongest improvements in the latter occur in short-vegetation classes,

supporting an improved representation of water-related GPP dynamics relative to Model B.530
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Figure 9. Spearman rank correlation (ρ) between GPP anomalies and SPEI at 1-, 3-, and 6-month timescales (SPEI-01, SPEI-03, SPEI-06)

for five short-vegetation land-cover classes.

4 Discussion and conclusions

4.1 Feasibility of microwave-driven GPP estimation

The central question of this study is whether the main time-varying controls on GPP can be represented from microwave

observations while retaining transferability across ecosystems. Previous studies established the potential of VOD for GPP

estimation, but also showed that the VOD–GPP relationship depends on vegetation type and microwave frequency (Teubner535

et al., 2018, 2019, 2020; Wild et al., 2022). Our results show that this framework can be extended with microwave-derived

thermal and hydrological information, although the individual predictors contribute differently.

Replacing ERA5-Land T2M with microwave-derived LST yields mixed but broadly comparable site-level performance.

Error-based metrics improve slightly, whereas correlation decreases somewhat. This is consistent with radiometric LST sam-

pling the instantaneous surface thermal state and exhibiting greater short-term variability than the smoother reanalysis T2M540

(Parinussa et al., 2011; Good et al., 2017). The comparison therefore supports LST as an observation-based thermal constraint,
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rather than indicating a general increase in predictive skill. Importantly, it removes reanalysis temperature as a time-varying

model input.

Canopy structure and vegetation composition have a strong effect on transferability. LC fraction provides the largest indi-

vidual improvement among the tested predictor groups. Its 11 fractional PFT layers explicitly represent sub-grid vegetation545

composition, allowing otherwise similar microwave signals to be interpreted differently among ecosystems. L-VOD provides

complementary information on persistent canopy structure, but its conditional effect becomes much smaller once LC is in-

cluded, as also indicated by the ALE analysis. This suggests partial redundancy between these structural descriptors rather

than a simple additive contribution of each predictor.

The hydrological comparisons further distinguish shallow from deeper soil-water information. Adding SSM does not con-550

sistently improve cross-validation performance, whereas RZSM produces a clearer gain, particularly at short-vegetation sites.

Its approximately monotonic positive ALE response is also consistent with increasing root-zone water availability relieving

water limitation. This behaviour is physically plausible because deeper SM dynamics integrate water availability over longer

timescales than the rapidly varying surface layer; previous analyses likewise show stronger relationships between deeper SM

and vegetation productivity in many grasses, shrubs, and semi-arid ecosystems (Li et al., 2021a). Including SSM together555

with RZSM provides no consistent additional benefit. The weak negative conditional SSM response should not be interpreted

causally: surface wetness covaries with precipitation, cloudiness, radiation, and temperature and can therefore act as a short-

term weather proxy (Koirala et al., 2017; Walther et al., 2019).

Because LC remains a static non-microwave predictor, the resulting framework is best described as microwave-driven rather

than microwave-only. Its time-varying vegetation, thermal, and hydrological information is derived from microwave observa-560

tions, while LC fractions provid the ecological context needed for transfer across vegetation types.

4.2 Global consistency and photosynthetic and water-related GPP variability

The comparisons with external GPP datasets indicate that the extended framework improves the representation of GPP dynam-

ics beyond the EC sites. Model H generally agrees more closely than Model B with MODIS, FLUXCOM-RS, FLUXCOM

X-Base, and TRENDY across LC classes, with particularly clear improvements for GPP anomalies in short vegetation. These565

comparisons evaluate the net effect of the extended Model H configuration and cannot attribute the improvement to RZSM,

LC, or L-VOD individually; those contributions are instead diagnosed by the A–I cross-validation and ALE contrasts.

The complementary evaluations provide evidence for both photosynthetic and water-related variability. Agreement with

SIF improves more modestly, particularly for anomalies, indicating broader consistency with an observation-based proxy of

photosynthetic activity while also reflecting the variable coupling between SIF and GPP under drought and across aridity570

gradients (Li and Xiao, 2022; Qiu et al., 2024). In contrast, DrylANNd and SPEI provide more direct evidence for water-

related GPP dynamics. Agreement with DrylANNd improves substantially for both the full signal and anomalies, consistent

with better representation of productivity variability in drylands, where soil-water availability exerts a strong control (Liu

et al., 2020; Kannenberg et al., 2024). Model H GPP anomalies also show stronger relationships with SPEI, especially at

3- and 6-month timescales in sparse vegetation, shrublands, and grasslands, indicating improved representation of persistent575
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water-related variability (Wang et al., 2022; Zhang et al., 2021; Vicente-Serrano et al., 2013). Together with the site-level

RZSM contrasts, these results address an important weakness of the original VODCA2GPP implementation, which showed

comparatively weak GPP responses with increasing drought severity (Wang et al., 2022).

Agreement with external products should nevertheless not be interpreted as validation against independent truth. Several

products share EC observations, meteorological forcing, or related Earth-observation inputs with the present framework, and580

TRENDY is available only monthly. The comparisons are therefore most useful for identifying patterns that are robust across

methodologically different estimates and ecosystems where disagreement persists.

BEF remains a notable example of such disagreement. Temporal correlations are weak and reference-dependent, while esti-

mates of GPP magnitude also diverge substantially. Tropical productivity remains comparatively difficult to constrain because

persistent cloud cover and saturation affect optical products and tropical EC sites remain sparse (Turner et al., 2006; Tra-585

montana et al., 2016; Wild et al., 2022). The spread in BEF should therefore be interpreted as structural uncertainty among

approaches rather than as unambiguous evidence of bias in any single product.

4.3 Absolute GPP magnitude and spatial extrapolation

Absolute GPP magnitude remains the main unresolved uncertainty. Model H produces lower GPP than Models A and B

but remains substantially higher than MODIS, FLUXCOM-RS, FLUXCOM X-Base, and the TRENDY ensemble over their590

common domain. Such differences cannot be interpreted simply as positive bias, because the absolute magnitude of terrestrial

GPP is itself poorly constrained and substantial spread exists among observation-based and process-based estimates (Beer et al.,

2010; Anav et al., 2015; Jung et al., 2020). Recent atmospheric constraints also suggest that commonly used estimates may be

too low. Cuntz et al. (2025), for example, estimated northern extratropical GPP (> 23◦N) at approximately 51± 2 Pg C yr−1,

corresponding to a global value of about 151±4 Pg C yr−1 in their scaling experiments. These ranges describe spread among the595

matching scenarios rather than formal uncertainty. Although closer to Model H than many of the external products considered

here, those estimates are not directly comparable because the spatial domains and constraints differ.

The contrast between Models A and B further demonstrates that GPP magnitude depends strongly on model formulation.

They use the same T2M+VOD predictors and EC target, yet the RF substantially reduces integrated GPP and the large latitu-

dinal departures produced by the GAM, particularly in the Southern Hemisphere extratropics and at high northern latitudes.600

The further reduction in Model H indicates that both the learning algorithm and additional predictor constraints affect large-

scale extrapolation. Consequently, the remaining magnitude discrepancy cannot be attributed solely to the EC target or to one

missing predictor.

Spatial representativeness provides an additional source of uncertainty. EC measurements sample a much smaller and dy-

namically varying source area than the 0.25◦ satellite grid cell, and sites with mismatching tower and grid-cell LC show lower605

cross-validation performance (Chu et al., 2021; Fang et al., 2024). Uneven environmental and geographical coverage of the

tower network further affects extrapolation. The fold-based analysis supports this interpretation: regions with sparse EC cov-

erage, including arid Australia and parts of the Sahara and Sahel, remain particularly sensitive to training-site composition,

although this sensitivity is lower for Model H than for Model B (Tramontana et al., 2015; Roberts et al., 2017; Sulkava et al.,
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2011). This reduction reflects the net effect of the extended Model H configuration and cannot be assigned to LC, L-VOD, or610

RZSM individually.

Strong hydroclimatic variability in semi-arid ecosystems may amplify differences among relationships learned from different

training subsets (Ahlström et al., 2015; Poulter et al., 2014), but it is important to distinguish this from the quantity measured

here: the fold CV quantifies sensitivity to training-site composition, not climatic variability or total prediction uncertainty.

Reducing tower–pixel mismatch should therefore be a priority for future development. Footprint-aware matching and higher-615

resolution predictor data could improve the correspondence between EC observations and satellite inputs. Using AMSR-E and

AMSR2 observations closer to their native resolution and future higher-resolution microwave observations from missions such

as CIMR may further reduce sub-pixel mixing (Donlon et al., 2023).

4.4 Remaining environmental and observational constraints

The present predictor set does not explicitly describe all processes that can down-regulate photosynthesis. Incoming radiation620

and photoperiod are particularly relevant at high latitudes and during seasonal transitions, where similar vegetation, tempera-

ture, and soil-water conditions can occur under very different light availability. Atmospheric VPD is another missing constraint

because high evaporative demand can reduce stomatal conductance even when root-zone water remains available (Nemani

et al., 2003; Grossiord et al., 2020). These missing controls may contribute both to regional differences and to uncertainty in

absolute GPP magnitude.625

The EC target also introduces uncertainty. GPP is not measured directly but derived from NEE partitioning, and daytime-

and nighttime-based approaches can produce systematically different estimates (Reichstein et al., 2005; Lasslop et al., 2010;

Pastorello et al., 2020). Because all configurations are trained against the same averaged target, partitioning uncertainty cannot

explain the large differences among Models A, B, and H, but it can influence their common absolute scale.

A further limitation arises from the multi-sensor LST record. AMSR-E/AMSR2 and SSMIS F17 observe at different local630

times, and the DMSP orbit is subject to drift (Yang et al., 2011). CDF harmonisation reduces distributional offsets among sen-

sors but cannot remove differences caused by sampling different phases of the diurnal temperature cycle. Residual observation-

time and orbital effects therefore remain a source of uncertainty in the LST record and consequently in GPP.

4.5 Synthesis and outlook

Taken together, the results support the feasibility of microwave-driven GPP upscaling while defining where the present frame-635

work remains uncertain. Microwave-derived LST provides a broadly comparable alternative to reanalysis T2M, LC supplies

the strongest ecological context for transferring microwave signals among ecosystems, L-VOD adds complementary cannopy

structure information, and RZSM improves the representation of water-related variability, particularly at short-vegetation sites.

Model H consequently provides a useful balance between site-level performance and representation of hydrologically driven

GPP dynamics.640

The principal remaining challenges concern absolute GPP magnitude, spatial extrapolation, and environmental controls

not explicitly represented by the current predictors. Future development should combine footprint-aware training and higher-
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resolution microwave observations with additional constraints on radiation and atmospheric water demand. Active-microwave

observations may also provide complementary structural information; for example, ESA’s BIOMASS mission uses P-band

SAR to retrieve forest above-ground biomass and height (Quegan et al., 2019). Combining such structural information with the645

long-term passive-microwave record could improve spatial transferability while preserving the observational complementarity

that motivates a microwave-driven GPP product.

Data availability. Data from Model H will be made available after review in an open TU Wien Research Data https://researchdata.tuwien.

ac.at repository.

Appendix A: Appendix heading650

Table A1. 11 Plant Functional Type (PFT) Predictors used in this study

Vegetation

Predictor Leaf type Phenology Growth Form Other

pftTreeBE∗ Broadleaved evergreen Tree –

pftTreeBD∗ Broadleaved deciduous Tree –

pftTreeNE∗ Needle-leaved evergreen Tree –

pftTreeND∗ Needle-leaved deciduous Tree –

pftShrubBE∗ Broadleaved evergreen Shrub –

pftShrubBD∗ Broadleaved deciduous Shrub –

pftShrubNE∗ Needle-leaved evergreen Shrub –

pftHerb† – – Herbaceous cover –

pftCrop† – – Cropland –

pftBare∗ – – – Bare soil

pftNoLand∗ – – – No land
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Table A2. Random forest hyperparameter search space and selected values. Detailed descriptions of the hyperparameters are provided in the

scikit-learn documentation (Pedregosa et al., 2011).

Hyperparameter Search range Selected value Description

n_estimators {200,400, . . . ,2000} (step 200) 1200 Number of trees in the forest.

max_features {1,2, . . . ,p} or {sqrt, log2} 5 Number of features considered at each split.

min_samples_split {2,5,10,15,20} 5 Minimum number of samples required to split an internal node.

min_samples_leaf {1,2,4,8,15,20} 15 Minimum number of samples required at a leaf node.

bootstrap {True, False} True Whether bootstrap samples are used when building trees.

Table A3. Cross-validation performance at 8-day (8D) and monthly (M) temporal scales. Values represent median out-of-fold site-level

metrics calculated across the common set of 215 validation sites.

Model Scale r NSE RMSE Bias

Model A (T2M, VOD) – GAM 8D 0.707 0.035 2.826 -0.034

Model A (T2M, VOD) – GAM M 0.772 0.082 2.590 0.120

Model B (T2M, VOD) 8D 0.718 0.055 2.695 -0.057

Model B (T2M, VOD) M 0.796 0.160 2.398 -0.004

Model C (LST, VOD) 8D 0.690 0.072 2.646 0.091

Model C (LST, VOD) M 0.774 0.194 2.386 0.073

Model D (LST, VOD, L-VOD) 8D 0.700 0.102 2.491 0.028

Model D (LST, VOD, L-VOD) M 0.784 0.213 2.220 0.120

Model E (LST, VOD, LC) 8D 0.762 0.265 2.345 0.058

Model E (LST, VOD, LC) M 0.822 0.319 2.154 0.143

Model F (LST, VOD, L-VOD, LC) 8D 0.772 0.271 2.399 -0.036

Model F (LST, VOD, L-VOD, LC) M 0.828 0.333 2.183 0.024

Model G (LST, VOD, SSM, L-VOD, LC) 8D 0.766 0.267 2.378 0.033

Model G (LST, VOD, SSM, L-VOD, LC) M 0.825 0.320 2.169 0.100

Model H (LST, VOD, RZSM, L-VOD, LC) 8D 0.798 0.279 2.294 0.000

Model H (LST, VOD, RZSM, L-VOD, LC) M 0.854 0.328 2.111 0.109

Model I (LST, VOD, SSM, RZSM, L-VOD, LC) 8D 0.785 0.291 2.314 -0.001

Model I (LST, VOD, SSM, RZSM, L-VOD, LC) M 0.855 0.326 2.129 0.107
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Figure A1. Median of per-station cross-validation metrics, by model and land-cover group. Forests = BEF, BDF, NDF, NEF and MF forests;

short vegetation = shrubs, sparse vegetation, grassland, and bare soil.
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Figure A2. Tower–satellite broad LC agreement across vegetation groups. Percentage of flux-tower sites for which the tower LC class agrees

with the corresponding ESA CCI broad LC class, shown separately for forest, short vegetation, and cropland sites.
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Figure A3. Cross-validation performance stratified by tower–satellite LC agreement. Sites are classified according to whether the dominant

LC class at the flux-tower location agrees with that of the corresponding satellite grid cell.
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Figure A4. Accumulated Local Effects (ALE) of plant functional type (PFT) predictors across all models. Curves show centred 1D ALE

(20 quantile bins) of GPP vs each PFT fraction; dotted vertical lines mark the 0.05/0.25/0.50/0.75/0.95 quantiles of the reference model’s

PFT distribution. Positive/negative ALE values indicate model effects above/below the centred mean effect over the data used for the ALE

calculation.
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Figure A5. 2D Accumulated Local Effects (ALE) for selected predictor pairs. Positive/negative values indicate positive/negative second-

order interaction effects relative to the additive main effects of the two predictors.
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Table A4. Mean annual GPP over the common spatial domain (115.1 million km2) and the common period 2003–2015. For Models A,

B, H, MODIS, FLUXCOM-RS, and FLUXCOM X-Base, values are reported as the temporal mean ± interannual standard deviation. For

TRENDY-v7, the ensemble mean is followed by the minimum–maximum range across the mean GPP estimates of the 16 ensemble members.

Configuration / product GPP (Pg C yr−1)

Models

Model A T2M, VOD (GAM) 206.8± 2.2

Model B T2M, VOD (RF) 189.4± 1.1

Model H LST, VOD, RZSM, L-VOD, LC 175.0± 1.4

References

MODIS 111.1± 2.7

FLUXCOM-RS 108.4± 1.3

FLUXCOM X-Base 121.5± 2.1

TRENDY-v7 116.4 [72.1–148.0]

Table A5. Global and regional relative inter-fold GPP uncertainty, expressed as the coefficient of variation (CV = SD/mean, in %), for

Models B, and G.

Model Global mean CV [%] Sahara/Sahel [%] Australia (arid) [%] Boreal (>50N) [%]

B 14.2 21.1 24.8 10.4

H 7.9 14.7 20.3 4.8
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Figure A6. Spatial agreement over anomalies of Models B and H with SIF (left) and DrylANNd GPP (right). The upper panels show R2

for Model B, while the lower panels show the difference between Models B and H. Blue indicates higher R2 for Model H and red higher

R2 for Model B. Grey marks cells with negative Spearman ρ or fewer than 24 valid collocated observations. Insets show the distribution of

Spearman ρ and its median.

Table A6. Agreement between predicted GPP and SIF, for the raw (full) signal and for anomalies. R2 and ρ (Spearman) are unweighted

medians over all grid cells passing the minimum-sample threshold. “% ρ < 0” is the unweighted fraction of those cells with a negative rank

correlation.

Model R2 full R2 anom ρ full ρ anom % ρ<0 full % ρ<0 anom

Model B 0.178 0.004 0.422 0.064 17.2 35.6

Model H 0.311 0.015 0.557 0.124 13.3 27.0

Table A7. Agreement between predicted GPP and DrylANNd, for the raw (full) signal and for anomalies. R2 and ρ (Spearman) are un-

weighted medians over all grid cells passing the minimum-sample threshold. “% ρ < 0” is the unweighted fraction of those cells with a

negative rank correlation.

Model R2 full R2 anom ρ full ρ anom % ρ<0 full % ρ<0 anom

Model B 0.609 0.034 0.780 0.183 3.3 16.6

Model H 0.707 0.205 0.841 0.452 1.7 2.8
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Figure A7. Pixel-wise correlation (r) between predicted GPP and four independent references (FLUXCOM RS, FLUXCOM X-Base,

MODIS, TRENDY) computed on 8-day anomalies, shown as boxplots by land-cover class. Anomalies are derived by subtracting an 8-

day-of-year climatology to remove the seasonal cycle, isolating sub-seasonal and interannual co-variability. Correlations are masked where

fewer than 24 paired 8-day samples are available.
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Table A8. Median pixel-wise Pearson correlation coefficient (r) between GPP from Models B and H and four external GPP products,

stratified by land-cover class. Panel (a) shows correlations for the full 8-day signal and Panel (b) for 8-day anomalies.

MODIS FLUXCOM-RS FLUXCOM X-Base TRENDY

LC class B H B H B H B H

(a) Full 8-day signal

Sparse vegetation 0.570 0.669 0.552 0.716 0.482 0.630 0.495 0.677

Grassland 0.705 0.784 0.684 0.788 0.693 0.761 0.651 0.751

Cropland 0.673 0.788 0.657 0.796 0.647 0.776 0.636 0.813

Shrubs 0.565 0.754 0.581 0.805 0.600 0.786 0.549 0.753

BEF 0.024 0.110 -0.012 0.264 0.001 0.241 0.083 0.050

BDF 0.708 0.835 0.716 0.846 0.721 0.835 0.726 0.840

NEF 0.771 0.841 0.815 0.875 0.794 0.835 0.736 0.755

NDF 0.783 0.855 0.814 0.874 0.782 0.828 0.776 0.804

MF 0.814 0.859 0.861 0.878 0.839 0.845 0.807 0.798

(b) 8-day anomalies

Sparse vegetation 0.355 0.634 0.289 0.582 0.249 0.514 0.172 0.398

Grassland 0.275 0.467 0.252 0.465 0.240 0.378 0.167 0.301

Cropland 0.196 0.359 0.181 0.355 0.184 0.306 0.143 0.257

Shrubs 0.248 0.497 0.244 0.528 0.249 0.466 0.194 0.399

BEF 0.006 0.081 0.001 0.150 0.009 0.147 0.028 0.003

BDF 0.156 0.313 0.152 0.369 0.144 0.300 0.116 0.162

NEF 0.329 0.550 0.355 0.599 0.250 0.406 0.181 0.219

NDF 0.352 0.566 0.384 0.606 0.283 0.435 0.208 0.260

MF 0.291 0.523 0.328 0.578 0.213 0.350 0.180 0.216
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