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Gross primary productivity (GPP), the starting point of carbon entry into the land, is crucial for 
understanding the global carbon cycle. Previous research have debated incorporating the CO2 
fertilization effect (CFE) and canopy structural traits into GPP modeling. This study systematically 
evaluates their influence, demonstrating that CFE improves GPP estimation accuracy and significantly 
alters long-term trends. Interestingly, a two-leaf model (TLM) achieved comparable accuracy to the 
production efficiency model (PEM). Leveraging these insights, we generated 12 distinct GPP datasets 
and integrated them into a novel model- and climate-independent (MCI) GPP product using random 
forest regression and spatio-temporal tensor models. The MCI GPP estimates average global GPP from 
2001 to 2023 at 141.9 ± 4.0 Pg C yr−1, with a significant global increase of 5.7 Pg C yr−1 per decade. 
Validation against AmeriFlux data shows MCI GPP outperforms other global products (MOD17, GOSIF, 
X-Base Fluxcom), achieving an R2 of 0.72 and RMSE of 1.86 g C m−2 d−1. Available on Zenodo, this robust 
0.05° monthly dataset provides a valuable resource for carbon-climate feedback studies.

Background & Summary
Since the early 1980s, a period concurrent with a surge in global population from 4.5 to 8 billion and an expan-
sion of global GDP from 11 to 100 trillion USD, atmospheric CO2 concentrations have markedly increased 
from approximately 340 ppm to over 420 ppm. This rise is principally driven by anthropogenic emissions from 
fossil fuel combustion1. The elevated CO2 levels are strongly implicated in driving ongoing climate change2, 
which has, in turn, altered plant phenology and precipitated structural and functional shifts within terrestrial 
ecosystems3. These shifts encompass modifications in canopy dynamics, species distributions, and ecological 
integrity across diverse biomes4–6. Gross primary productivity (GPP), quantified as the total carbon assimilated 
by vegetation via photosynthesis per unit time, represents a cornerstone metric of ecosystem function. It funda-
mentally underpins the terrestrial carbon balance and serves as a crucial indicator of biogeochemical cycles3,7,8. 
Nevertheless, significant uncertainties persist in global GPP estimations; reported annual values exhibit consid-
erable variation, ranging from almost 100 to 150 Pg C yr−1, depending on the methodology employed9–11. These 
discrepancies stem from inherent limitations in model parameterization, inconsistencies within input data, and 
methodological challenges in scaling localized observations to global estimates11–14.

Over the past decades, eddy covariance (EC) flux towers have provided foundational high-precision 
benchmarks for regional GPP estimates via direct measurements of canopy CO2 exchange15,16. The FluxNet 
initiative17, a global network spanning major biomes, provides standardized, quality-controlled datasets that 
facilitate cross-site analyses of carbon flux dynamics. Leveraging these EC observations, various upscaling 
algorithms, including machine learning (ML) methods, have been utilized with gridded satellite and climate 
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datasets to extrapolate tower-based GPP estimates to global scales13,18,19. Nonetheless, the spatial distribution 
of EC flux towers remains sparse and geographically biased, resulting in significant underrepresentation in crit-
ical regions such as tropical forests and high-latitude ecosystems20. This uneven coverage introduces consid-
erable uncertainty when scaling tower-derived GPP globally, particularly in heterogeneous landscapes where 
vegetation-climate interactions exhibit non-linear responses13. Furthermore, the ‘black-box’ nature of many ML 
algorithms renders them susceptible to overfitting or underfitting climate factors; this limitation is exemplified 
by the low sensitivity of the Fluxcom GPP product to changes in atmospheric CO2 concentration, revealing 
structural deficiencies in simulating long-term trends21.

Satellite remote sensing (RS) has emerged as the pre-eminent tool for quantifying GPP, offering unparalleled 
capabilities for spatially continuous monitoring and seamless global coverage that effectively circumvent the 
limitations inherent in ground-based observational networks. Global GPP estimation relies on several distinct 
satellite-derived approaches. One approach leverages Solar-induced chlorophyll fluorescence (SIF) products 
(e.g., from OCO-2, TROPOMI), which provide a direct proxy for photosynthetic activity, facilitating data-driven 
GPP estimation through empirical SIF-GPP relationships across biomes22,23. Alternatively, light use efficiency 
(LUE) models, conceptually rooted in the Monteith framework24, calculate GPP as the product of absorbed 
photosynthetically active radiation (APAR) and a LUE coefficient; prominent operational examples include the 
MODIS/VIIRS25–27, GLASS28,29, and VPM30 GPP products. Furthermore, process-based models simulate GPP 
by mechanistically coupling carbon, water, and energy cycles31, exemplified by models such as the P-model32, 
BESS33, and BEPS34. Among these methodologies, LUE models have gained the most widespread adoption for 
global GPP assessments, despite their empirical relationship, largely owing to their relative simplicity, parsimo-
nious parameter requirements, and operational efficiency35.

However, earlier upscaled LUE GPP datasets, exemplified by the MODIS GPP product, generally neglected 
the direct physiological effects of rising atmospheric CO2 on leaf biochemistry and the influence of vegeta-
tion canopy architecture25. Increasing atmospheric CO2, recognized as a key driver behind at least half of the 
enhanced land carbon sink observed over recent decades, directly stimulates leaf-level photosynthetic rates, 
leading to increased net carbon assimilation and often promoting leaf area expansion4,36. Furthermore, elevated 
CO2 is expected to reduce stomatal conductance, thereby increasing water use efficiency and potentially enhanc-
ing photosynthesis under water-limited conditions37,38. Consequently, these GPP products tend to underesti-
mate long-term global GPP trends5,39. Additionally, conventional LUE models typically adopted a simplified 
‘big-leaf ’ representation (akin to production efficiency models (PEM)), failing to consider the radiation dif-
ference between sunlit and shaded leaves. However, canopy GPP is significantly related to horizontal canopy 
structure, particularly the difference between sunlit and shaded leaves in terms of photosynthetic capacity40. 
Sunlit leaves absorb both direct and diffuse radiation and can readily reach light saturation under high irradi-
ance, whereas shaded leaves intercept primarily diffuse radiation, operating at light intensities often between 
the light compensation and saturation points41–43. Critically, neither contemporary PEM nor two leaf model 
(TLM) approaches fully capture the canopy’s dynamic radiative configuration under diverse sky conditions, 
introducing uncertainty into GPP simulations from both model types44. PEM overlooks photosynthetic capacity 
differences between sunlit and shaded fractions, while TLM approaches have shown systematic underestimation 
of in-situ GPP under overcast and cloudy conditions40,45. Although recent advancements in LUE modelling, 
such as the EC-LUE and revised EC-LUE models, incorporate representations of CO2 response and canopy 
structure and demonstrate improved simulation of long-term GPP changes globally29,46, the precise quantifi-
cation of CO2 fertilization and canopy structural effects within the global GPP estimation framework remains 
challenging. Inadequate accounting for these factors continues to introduce substantial uncertainties into global 
GPP assessments.

To address the aforementioned problems and generate a set of long-term GPP products that consider these 
factors, this study plans to: 1) Integrate CFE and canopy structure stepwise in the MOD17 algorithmic frame-
work and quantitatively assess the effects of both on GPP estimation; 2) Generate 12 set of GPP datasets based 
on the PEM and TLM frameworks with CFE module, combining MODIS GPP model and other LUE models, 
and forced by multi-source climate data; 3) Utilize FluxNet GPPs as baseline for training a random forest (RF) 
algorithm to establish the nonlinear relationship between the multi-model output and the measured GPP and 
subsequently generate a model- and climate-independent (MCI) GPP product; 4) Filtered high uncertainty 
pixels and employed an advanced gap-filling algorithm for missing value interpolation to guarantee data spa-
tiotemporal continuity; 5) Conduct a systematic accuracy verification of the generated GPP products based on 
FluxNet-independent EC GPP and satellite-derived GPPs across multiple scales.

Methods
Input data.  This study utilized three types of data for distinct purposes: (1) input data for MCI GPP estima-
tion, (2) in-situ observations for model optimization and validation, and (3) existing GPP products for evaluation.

Input dataset for MCI GPP estimation.  Two reanalysis climate datasets, GMAO MERRA-2 (https://gmao.gsfc.
nasa.gov/reanalysis/MERRA-2), and ECMWF ERA-5 (https://cds.climate.copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-single-levels), were used to derive PEM and TLM, respectively. Core climate variables, includ-
ing air temperature, dew point temperature, and incoming shortwave radiation, were extracted from these 
datasets as model inputs. Vapor pressure deficit (VPD) was subsequently calculated using air temperature and 
dew point temperature47. Additionally, several other climatic variables (net radiation, evapotranspiration, and 
precipitation) were obtained from the GLDAS NOAH-2.1 product (https://disc.gsfc.nasa.gov/datasets?key-
words=GLDAS). Critical vegetation input parameters for PEM and TLM, fraction of absorbed photosyntheti-
cally active radiation (FPAR), and leaf area index (LAI), were acquired from the sensor-independent (SI) LAI/
FPAR dataset48. All climate and vegetation data were harmonized to 0.05° spatial resolution. Atmospheric CO2 
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concentrations, necessary for modeling the CFE49, were sourced from NOAA daily records (https://gml.noaa.
gov/ccgg/trends/).

Model parameterization utilized plant functional type (PFT) information derived from the MODIS 
MCD12Q1 product50, which followed the UMD classification scheme (Fig. 1). This scheme aggregated vegeta-
tion types into 11 biome types: evergreen needleleaf forest (ENF), evergreen broadleaf forest (EBF), deciduous 
needleleaf forest (DNF), deciduous broadleaf forest (DBF), mixed forest (MF), closed shrubland (CSH), open 
shrubland (OSH), wooded savanna (WSA), savanna (SAV), grassland (GRA), and cropland (CRO).

In-situ data for optimization and validation.  Monthly EC GPP measurements, covering the period 2001–2022, 
were sourced from the FluxNet201517 and AmeriFlux FluxNet51 datasets. To enhance simulation accuracy, 
model parameters were optimized through constrained calibration using FluxNet2015 data (Table S1). While 
independent validation relied on in-situ GPP measurements from the AmeriFlux network (Table S3), which is 
distinct from FluxNet2015. As GPP cannot be directly measured at flux sites, it is typically derived by partition-
ing net ecosystem exchange (NEE). This study employed monthly GPP data derived from the nighttime parti-
tioning method, retaining only high-quality observations (NEE_VUT_REF_QC > 0.8) for each year, ultimately 
yielding data from 193 sites (9548 monthly values) for optimization and 142 sites (7163 monthly values) for 
validation (Fig. 1).

Peer GPP products for evaluation.  For intercomparison at site and global scales, performance was evaluated 
against several major GPP satellite products, encompassing LUE-based, SIF-based, and ML-based datasets. 
These included: (1) the MODIS GPP product, generated using MODIS FPAR and an LUE model sensitive to 
air temperature and VPD25; (2) the GOSIF GPP product, derived from biome-specific relationships between 
reconstructed SIF (based on discrete OCO-2 SIF soundings, remote sensing data from the MODIS, and meteor-
ological reanalysis data) and tower GPP22; and (3) the X-Base Fluxcom GPP product, resulting from ML-based 
upscaling integrating flux tower estimates, remote sensing, and meteorological data18. All datasets were har-
monized to a 0.05° spatial resolution and monthly temporal scale, applying a common mask for vegetated land 
areas50. The intercomparison period was constrained to 2001–2021, corresponding to the availability of the 
X-Base Fluxcom product.

Assessing the contribution of CFE and contrasting PEM with TLM.  To evaluate the contribution 
of the CFE and distinguish between the PEM and TLM, this study designed three GPP configurations based on 
the original MODIS GPP algorithm: (1) PEM without CFE: the original MODIS GPP algorithm; (2) PEM with 
CFE: the original algorithm augmented by incorporating relative CFE; (3) TLM with CFE: a modified algorithm 
accounting for sunlit and shaded leaf separation and CFE integration. The contribution of CFE was quantified by 
comparing configurations 1 and 2. Differences between configurations 2 and 3 served to elucidate the distinctions 
between PEM and TLM frameworks. For these configurations, climate data from GMAO MERRA-2 and SI LAI/
FPAR were used as inputs, and model parameters were optimized using FluxNet2015.

Configuration 1, MODIS GPP is driven by FPAR, PAR, temperature, and VPD, which generate GPP  
(g C m−2 d−1) as follows:

GPP LUE PAR FPAR f f , (1)PEM without CFE opt TMIN VPD= × × × ×  

Fig. 1  Global distribution of FluxNet2015 (optimization) and AmeriFlux (validation) flux tower sites. 
The background shows MODIS land cover in 2020. Abbreviations: ENF (evergreen needleleaf forest), EBF 
(evergreen broadleaf forest), DNF (deciduous needleleaf forest), DBF (deciduous broadleaf forest), MF 
(mixed forest), CSH (closed shrubland), OSH (open shrubland), WSA (woody savanna), SAV (savanna), GRA 
(grassland), CRO (cropland).
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where, LUEopt is the optimal LUE (g C MJ−1); PAR is the incident photosynthetically active radiation  
(MJ m−2 d−1); FPAR is the fraction of vegetation absorbed PAR; f TMIN

M1  (Eq. 2) and f VPD
M1  (Eq. 3) are the tempera-

ture (daily minimum) and water stress scalar25.
Configuration 2 is the model of PEM with CFE proposed by Yuan et al.5, which generates GPP (g C m−2 d−1) 

by the MODIS GPP program is modified to include the CFE as follows:

GPP LUE PAR FPAR f f f(CO ) , (2)PEM with CFE opt TMIN VPD 2= × × × × ×  

=f(CO )
C

C
,

(3)
2

s
t

s
2001

where f(CO )2  is the effect of atmospheric CO2 concentration on the GPP of configuration 1, which is the relative 
value of the current year Cs

28 compared to year 20015.
The TLM framework explicitly accounts for canopy structural heterogeneity by partitioning vegetation into 

sunlit and shaded leaves. Configuration 3, TLM with CFE calculated GPP as follows:

= × + × × × ×  GPP (LUE APAR LUE APAR ) f f f(CO ) , (4)TLM with CFE opt
sun

sun opt
shade

shade TMIN VPD 2

where LUEopt
sun and LUEopt

shade are the optimal LUE of sunlit and shaded leaves for TLM, respectively. APAR sun and 
APAR shade are the APAR of sunlit and shaded leaves, respectively. A detailed description of the models can be 
found in Supplement A.

Generation of MCI GPP.  This study generated 12 sets of GPP by integrating the PEM and TLM frameworks 
with the MOD17 (incorporating CFE), EC-LUE, and MPI-Jena models, driven by meteorological forcings from 
GMAO MERRA-2 and ECMWF ERA5. Utilizing FLUXNET2015 as a baseline, the RF algorithm was applied to 
establish nonlinear relationships between these model outputs and measured GPP, thereby producing robust, 
model- and climate-independent GPP products. To ensure data reliability and continuity, rigorous quality control 
was applied to filter out pixels with high uncertainty, and then an advanced gap-filling algorithm was employed 
to interpolate missing values (See the flow chart in Fig. 2).

Generating 12 GPPs based on diverse models and climate variables.  This study utilized configuration 2 ‘PEM 
with CFE’ (Eq. 2) and configuration 3 ‘TLM with CFE’ (Eq. 4) as PEM1 and TLM1, respectively. Each of these 
was driven by GMAO MERRA-2 (C1) and ECMWF ERA5 (C2), resulting in four sets of GPPs. The other two 
LUE models previously mentioned, EC-LUE and MPI-Jena, were processed similarly to generate eight sets of 
GPPs. Detailed descriptions of all six model implementations (the three models applied within both PEM and 
TLM frameworks) can be found in Supplement A. Brief descriptions of the EC-LUE and MPI-Jena models are 
provided below.

The EC-LUE model dynamically regulates LUE based on observed canopy-scale VPD and soil moisture con-
straints derived from FluxNet sites28,29,46. Thus, the PEM2 and TLM2 calculated GPP as follows:

GPP LUE PAR FPAR min(f , f ) C , (5)PEM2 opt
PEM2

T
M2

VPD
M2

s= × × × ×

GPP (LUE APAR LUE APAR ) min(f , f ) C , (6)TLM2 opt
TLM2,sun

sun opt
TLM2,shade

shade T
M2

VPD
M2

s= × + × × ×

where LUEopt
PEM2 is the optimal LUE (gC MJ−1) for PEM2; LUEopt

TLM2,sun and LUEopt
TLM2,shade are the optimal LUE of 

sunlit and shaded leaves for TLM2; f T
M2 and f VPD

M2  are the temperature and water stress scalars, respectively.
The MPI-Jena model43,52 evaluates GPP for PEM3 and TLM3 as:

= × × × × × × ×GPP LUE PAR FPAR f f f f f , (7)PEM3 opt
PEM3

T
M3

VPD,CO2
M3

W
M3

L
M3

CI
M3

= × × + × ×

× × × ×

GPP (LUE APAR f LUE APAR f )

f f f f , (8)

TLM3 opt
TLM3,sun

sun L
TLM3,sun

opt
TLM1,shade

shade L
TLM3,shade

T
M3

VPD,CO2
M3

W
M3

CI
M3

where LUEopt
PEM3 is the optimal LUE (g C MJ−1) for PEM3; LUEopt

TLM3,sun and LUEopt
TLM3,shade are the optimal LUE 

of sunlit and shaded leaves for TLM3; f T
M3 is the temperature stress scalar for PEM3/TLM3; f VPD,CO2

M3  is the water 
stress scalar that consider CFE for PEM3/TLM353; f W

M3, f L
M3, and f CI

M3 are soil moisture (W), light saturation effect 
(L), and cloudiness index (CI) effects on PEM3/TLM3 GPPs, respectively. fL

TLM3,sun and fL
TLM3,shade are the f L

M3 for 
sunlit and shaded leaves, respectively.

It is important to note that this step was performed at a daily resolution (2001–2023) to generate 12 GPP 
time series. However, all subsequent steps operated at a monthly resolution, where the daily-scale GPPs were 
aggregated into monthly values.

https://doi.org/10.1038/s41597-025-06218-8


5Scientific Data |         (2025) 12:1965  | https://doi.org/10.1038/s41597-025-06218-8

www.nature.com/scientificdatawww.nature.com/scientificdata/

Estimating RF GPP via an ensemble model based on RF modelling and in-situ measurements.  Consistent with 
previous research indicating that ensemble models generally provide more accurate estimates across global 
regions compared to individual models54,55, this study leveraged the RF model to mitigate the inherent uncer-
tainties associated with single-model GPP estimations. The RF algorithm was employed to discern the relation-
ships between the 12 simulated GPP datasets and in situ GPP observations from FluxNet2015. This approach 
aimed to generate a consolidated GPP product exhibiting enhanced robustness and reduced dependence on 
specific model structures or climate forcing datasets. The RF method achieves this by aggregating predictions 
from numerous decision trees, implicitly optimizing input contributions based on learned feature importance. 
Specifically, the RF regression model was implemented using MATLAB’s ‘TreeBagger’ function with carefully 
optimized hyperparameters: 120 decision trees to balance computational efficiency and ensemble stability, and 
a minimum leaf size of 15 samples to prevent overfitting, utilizing parallel computing for acceleration. Input 
features included the twelve GPP datasets, latitude, land cover type, and month of the year. The target variable 
was the tower-based GPP from the FluxNet2015 dataset. Using a stratified 80/20 split, 80% of the data was allo-
cated for model training and 20% for validation, with the root mean square error (RMSE) serving as the primary 
performance metric. Through 100 bootstrap iterations, the optimal model configuration demonstrating the 
minimal validation RMSE was systematically identified. The coefficient of determination (R2) and RMSE for this 
optimal model at each FluxNet2015 site are detailed in Table S1. The resulting RF model effectively synthesized 
the twelve input GPP datasets while incorporating spatial (latitude, land cover) and temporal (monthly cycle) 
information, generating a globally consistent monthly GPP product at 0.05° resolution spanning the period 
2001–2023. This ensemble approach inherently reduces dependencies on specific climate datasets and mitigates 
single-model biases through nonlinear feature learning, and the rigorous training-validation protocol ensures 
the robustness of the final product.

Filtering the low-quality GPPs and gap-filling the missing values.  Despite the generation of the RF GPP product, 
a significant limitation arises from the substantial inherent uncertainties within the 12 input GPP datasets. These 
uncertainties, stemming from inter-model variability in representing climate change responses and discrepan-
cies between climate forcing data, propagate into the final GPP estimates. To address this challenge, this study 
implemented a two-step approach involving quality filtering and gap filling. First, GPP inputs associated with 
high uncertainty were identified and filtered out. Second, a spatial-temporal tensor (ST-Tensor) completion 

Fig. 2  Schematic diagram of the generation of model- and climate-independent (MCI) GPP. Here the ‘MOD17 
with CFE’, ‘EC-LUE’, and ‘MPI-Jena’ are three light use efficiency models used; ‘GMAO MERRA-2’ and 
‘ECMWF ERA5’ are two independent climate datasets; ‘FluxNet2015’ and ‘AmeriFlux’ are two site-level datasets 
for optimization, training, and validation. CFE: CO2 fertilization effect; PEM: production efficiency model; 
TLM: two leaf model; RF: random forest; ST-Tensor: spatio-temporal tensor.
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model, based on established methodologies48,56,57, was applied to reconstruct missing values in the remaining 
data, aiming for a more accurate and spatiotemporally consistent GPP estimation. The specific steps were exe-
cuted as follows:

	 1)	 Filtering low-quality GPPs. Spatiotemporal uncertainty within the GPP ensemble was quantified using the 
coefficient of variation (CV), calculated as the ratio of the standard deviation to the mean value across the 
twelve input GPPs for each pixel and time step. This normalized metric accounts for proportional variabili-
ty, enabling meaningful comparisons across different ecosystems. A conservative CV threshold of 50% was 
applied to ensure data reliability. Pixels where the CV exceeded 50% were assigned a quality flag of 0, and 
their corresponding RF GPP values were removed. Conversely, pixels with a CV of 50% or less were flagged 
as 1, and their RF GPP values were retained for the next step.

	 2)	 Tensor rearrangement. While standard tensor representations effectively capture local spatial similarity 
and short-term temporal relationships, they may not explicitly represent important periodic patterns (e.g., 
seasonal cycles). Therefore, data restructuring was performed before tensor completion. For each pixel, the 
one-dimensional multi-year time series was reshaped into a two-dimensional matrix, where columns rep-
resent individual years and rows represent months within those years. Concurrently, the two-dimensional 
spatial grid was transformed into a one-dimensional vector indexing the pixels. This data rearrangement 
process is illustrated by the following equation:

→X Y , (9)* * * *m m T m ny nm2

where X is the original tensor, Y is the transformed tensor, m denotes the spatial length of the original ten-
sor, and T denotes the total number of observations in the entire time series, which is equal to the number 
of years (ny) multiplied by the number of months in a year (nm).

	 3)	 Iteration weight update and gap-fill. The rearranged third-order tensor, structured along spatial, intra-an-
nual (monthly), and inter-annual (yearly) dimensions, is amenable to analysis based on its underlying 
low-rank structure. The tensor rank, reflecting the correlations and structural redundancy across these 
dimensions, is key to the fidelity of gap filling. A lower tensor rank indicates greater internal coherence 
within the data, which enables the reliable estimation and imputation of missing values (where Flag = 0) 
by leveraging the patterns present in the observed data across all modes. This effective rank is linked to 
the ranks of the matrices resulting from unfolding the tensor along each mode. Therefore, the gap-filling 
process in this study is formulated as an optimization problem and aims to find a completed, low-rank ten-
sor that accurately reconstructs the observed data points (where Flag = 1), as represented by the following 
equation designed to solve this optimization task:

min w rank(Y ),
(10)i 1

3

n n∑ ×
=

where wn is the weight corresponding to Yn that is always non-negative and satisfies ∑ == w 1i 1
3

n .
To solve Eq. (10), the process begins by iteratively determining the weights of the three mode matrices. 
Initialized equally (w1 = w2 = w3 = 1/3), these weights are updated using the singular value decomposi-
tion-based method from57. With optimized weights, Eq. (10) is efficiently solved via the algorithm of58, 
which employs a logarithmic operator. This operator improves tensor rank approximation, enhancing 
estimation accuracy59.

	 4)	 Iterate L1 trend filtering. Following the ST-Tensor completion process, the reconstructed GPP time series 
may still contain residual noise due to uncertainties in the Flag data. To address this, an iterative L1 trend 
filtering method57,60 is applied, which denoises 1D time series by balancing residual regularization and 
smoothing. Let y represent the noisy series and z the filtered output. The method optimizes a trade-off 
between two competing goals: (a) fidelity to the observed data and (b) smoothness of the filtered output. 
This is achieved by optimizing the following objective function (Eq. 11):

= . × − + λ‖ ‖ ‖ ‖Q 0 5 y z D , (11)2
2

z 1

where Dz represents the second-order difference matrix and λ is the regularization parameter that balances 
the fidelity and smoothness terms. In practice, this method excels at preserving turning point details due to 
its L1 regularization. After ST-Tensor completion, residual noise is assumed to exhibit negative bias. Initial 
iterations apply the L1 trend filter to smooth the GPP time series, replacing only noisy values while retain-
ing high-quality data. Subsequent iterations fully replace all flagged noise. Through repetition, this balances 
noise suppression with data fidelity, yielding a final output that is both gap-free and noise-free.

	 5)	 Reshape the tensor. Following the reverse process of rearrangement in step 2), the filled and filtered GPP 
tensor is returned to its original form. All steps done, the MCI GPP was generated.

Evaluations of the MCI GPP.  The MCI GPP will first be evaluated for its accuracy at the local scale through 
comparison with data from the AmeriFlux estimates51. These reference AmeriFlux (Table S3) are distinct from 
the FluxNet2015 data previously employed for parameterizing the LUE variable within the three PEMs and three 
TLMs. Initially, the accuracy of the temporal GPP will be assessed using the R2 and RMSE per site (Table S3). 
Subsequently, the spatiotemporal variability of MCI GPP will be validated against GPP observations across all 
sites. Finally, the performance of MCI GPP was compared against other peer GPP datasets.
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At the large scale, two metrics will be used to quantify the inherent uncertainty of the global MCI GPP. And 
the interannual GPP trends of the MCI GPP were then evaluated against three other published global-scale 
independent GPP data sets. In addition, a newly proposed framework61 for assessing the physical consistency 
between two terrestrial products was used in this study to examine the temporal consistency between MCI GPP 
and other global GPP products.

Uncertainty metrics.  The MCI GPP product is generated through a two-step process: initial retrieval via the RF 
algorithm, followed by gap-filling using the ST-Tensor method for pixels with high standard deviation. To eval-
uate the quality of this hybrid product, we use two key metrics: the standard deviation of the 12 GPPs (StdGPP) 
and the retrieval index (RI). The StdGPP metric reports the response differences to various models and climate 
variables, serving as a measure of solution accuracy at the pixel level. However, this metric is only calculated 
when the RF-based retrieval uncertainty is below 50% (as described in Section “Generation of MCI GPP”). 
Consequently, StdGPP cannot be calculated for pixels that are subsequently gap-filled by the ST-Tensor method, 
as these pixels lack the 12 original GPP inputs. Therefore, we use the RI (see Eq. 12) as an essential, complemen-
tary quality metric. RI characterizes the proportion of pixels successfully retrieved by the high-quality, RF-based 
algorithm, effectively serving as a measure of the overall regional or global quality. In summary, a reliable assess-
ment of the MCI GPP product quality requires the combination of both metrics: StdGPP provides a granular, 
pixel-by-pixel quality measure for the RF-retrieved data, while RI offers an aggregate measure of overall retrieval 
success for the product.

RI
N of pixels retrieved by the RF algorithm

N of pixels retrieved by the RF algorithm N of pixels gap filled by the ST Tensor method
,

(12)

=
.       

.       + .       −  

Trends analysis.  Trends in annual average GPPs were evaluated by the Mann–Kendall (MK) test in this study. 
The MK test is a non-parametric statistical test commonly used for climate diagnostics and prediction. It enables 
the detection of monotonic trends in time series data, helping to determine if significant trends exist62. The MK 
test is employed as follows:
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s

Equation 13 calculates the sum (S) of step function values, which represents the differences between values 
at different points (xj and xi) in the time series. The variables n and m denote the number of data points and the 
number of tied groups (recurring data sets), respectively. Next in Eq. 14, the variance (Var(S)) is calculated by 
assessing the magnitude of S to evaluate the statistical significance of the detected trends. Where the ti is the 
number of the ties (the number of repeats in the extent i). Finally, this study calculated the test statistic Zs 
(Eq. 15). When |Zs| > Z1 /2−α , the null hypothesis (i.e., no trend) is rejected and the α is a special significance 
level. Here, this study used the significance level of α = 0.1 and the Z1-α⁄2 = 1.28. Thus, the trends with 
P-value ≤ 0.1 were statistically significant in this paper.

Consistency assessment framework.  To analyze the level of agreement between simultaneous GPP changes, it is 
first necessary to assess the significance of each change using uncertainty to determine the confidence level (Cf) 
of the change from one GPP to the next. The Cf is determined by the ratio between the overlap region and the 
full range of values between two consecutive GPPs and their uncertainties. The full range is the interval of values 
that may exist between GPPs when uncertainty is taken into account to determine the maximum and minimum 
ranges, and the overlap range represents only the common value between the two intervals and indicates the 
degree of similarity between the observations. If the change is large but the relevant ranges (value ± uncertainty) 
do not overlap, a confidence level of 100% in the change is indicated61. This study quantified spatial uncertainty 
using the 5 × 5 neighborhood sliding window method, where the standard deviation of each pixel point is cal-
culated. This local standard deviation matrix can effectively characterize spatial heterogeneity, with regions of 
high values corresponding to locations where spatial fluctuations are significant (e.g., edges or anomalies), and 
regions of low values reflecting a homogeneous and stable spatial structure. If there is an overlap between the 
observed value of the change and its uncertainty, this highlights the degree of similarity and therefore a lower 
level of confidence in the change.
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The ratio between the overlap and the full range of values determines the confidence in the change: the 
greater the overlap, the less important the change. Therefore, the Cf is given as:

| = ×
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where Ol is the range of variation overlap, given by the following equation:
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where v is the GPP and u is the uncertainty associated with successive observations at t and t+1.
All changes in GPP were analyzed and categorized based on the type of change that occurred simultaneously. 

Three possible classifications of changes were considered: (1) increasing, (2) decreasing, or (3) no confidence 
in the change. To be classified as an increasing or decreasing change, the Cf value had to be at least 50% higher. 
Otherwise, it was classified as no significant change. Overall, nine possible combinations of categorizations can 
occur when considering simultaneous changes in GPPs. This confusion matrix was used to derive consistency 
and deviation metrics. Physical consistency (the definition can be found in Table S4) can take three forms: (1) 
n33: GPP increases significantly at the same time; (2) n11: a simultaneous significant decrease in GPP; 3) n22: a 
change in GPP that is simultaneously categorized as insignificant at a low confidence level. All other combina-
tions were considered inconsistent. Based on this confusion matrix, overall agreement (OA) was determined by 
the total percentage of coherent simultaneous changes, given by:

OA
n

N (19)
i 1
3

ii=
∑ =

where nii is the number of cases that fell into each coherent change classification type (i = 1, 2, 3) and N is the 
total number of considered cases.

Data Records
The global gridded 0.05° MCI GPP is generated and validated at daily scale from 2001 to 2023. Then the monthly 
and annual scale GPP are aggregated based on daily scale, the evaluation parts were token at annual scale. The 
monthly MCI GPP is available at: https://doi.org/10.5281/zenodo.1520466063. The data type is double, and the 
unit is g C m−2 month−1. The files were named as “MCI_GPP_ WGS84_0.05degree_Month_YYYYMM.tif ” 
and stored in the GeoTiff format, where YYYY represents year, and MM represents month (e.g. MCI_GPP_ 
WGS84_0.05degree_Month _200101.tif).

Over the period from 2001 to 2023, the mean annual global MCI GPP across vegetated areas amounted to 
141.9 ± 4.0 Pg C yr−1. High-productivity regions (>3,000 g C m−2 yr−1) are predominantly concentrated in trop-
ical ecosystems, including the Amazon Basin, Congo Basin, and Southeast Asia (Fig. 3a-1). Subtropical zones, 
such as southeastern North and South America, exhibit moderate GPP levels (around 2,000 g C m−2 yr−1). A sub-
stantial fraction (67.8%) of the global vegetated area displays relatively low productivity (0–1,600 g C m−2 yr−1),  
primarily corresponding to boreal and arid/semi-arid ecosystems. Partitioning by vegetation type reveals that 
global GPP is dominated by evergreen broadleaf forests (EBF: 37.2 Pg C yr−1), savannas (SAV: 25.9 Pg C yr−1) 
and grasslands (GRA: 22.9 Pg C yr−1), collectively account for over 50% of the total terrestrial productivity 
(Fig. 3a-2). Woody savannas (WSA: 17.6 Pg C yr−1) and croplands (CRO: 15.8 Pg C yr−1) provide the next larg-
est contributions. Moderate inputs derive from mixed forests (MF: 6.6 Pg C yr−1), open shrublands (OSH: 5.3 Pg 
C yr−1), deciduous broadleaf forests (DBF: 4.6 Pg C yr−1), and evergreen needleleaf forests (ENF: 3.2 Pg C yr−1),  
while closed shrublands (CSH: 0.5 Pg C yr−1) and deciduous needleleaf forests (DNF: 0.4 Pg C yr−1) contribute 
minimally.

The long-term trends of GPP from 2001 to 2023 were determined with a linear regression analysis per 
pixel (Fig. 3b). Statistically significant positive trends were detected across 47.6% of the global vegetated area 
(totaling 106 million km2). Regions exhibiting pronounced greening include Malaysia, Southeast Asia, the 
Indian Peninsula, Central Africa, northern and southeastern South America, and Central Europe (Fig. 3b-1). 
Conversely, declining GPP trends were observed in only 4.3% of global vegetated lands, primarily located in the 
Brazilian Amazon and Central Asia. Global GPP trends vary substantially by ecosystem type. Notably, ecosys-
tems characterized by sparser vegetation—specifically savannas, grasslands, croplands, and shrublands (WSA, 
SAV, GRA, CRO)—account for over 75% of the total observed GPP increase (Fig. 3b-2). Although forests remain 
the dominant contributor to Earth’s total plant productivity, their rate of GPP increase appears to be stabilizing 
globally, contributing only a marginal increment of 0.7 Pg C yr−1 decade−1 to the overall trend. Overall, satellite 
observations confirm the pronounced global greening trend reported since the early 2000s, characterized by 
terrestrial productivity increasing at approximately 3% per decade64,65. Our MCI GPP data corroborate this 
trend, indicating a global increase in carbon uptake equivalent to 5.7 Pg C yr−1 decade−1 during over the period 
2001–2023 (Fig. 3b).
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Technical Validation
The contribution of CFE and contrasting PEM with TLM.  Prior to incorporating the CFE modifica-
tion, the PEM explained 57% (R2 = 0.57) of the observed monthly variation in GPP across global EC monitoring 
sites (Fig. 4a). The integration of CFE significantly enhanced model performance (Fig. 4b): the R2 increased to 
0.62, while the RMSE decreased by nearly 10%, from 2.67 to 2.41 g C m−2 d−1. Crucially, the CFE modification 
corrected a persistent underestimation bias in PEM; the average bias improved markedly from −0.74 g C m−2 
d−1 to −0.06 g C m−2 d−1, and the regression slope, indicating alignment between modeled and observed GPP, 
strengthened from 0.57 to 0.67. When evaluated against the FluxNet2015 benchmark GPP data, the TLM, incor-
porating CFE, exhibited similar overall accuracy to the CFE-enhanced PEM but demonstrated superior explana-
tory power, accounting for 63% of monthly GPP variability (R2 = 0.63; Fig. 4c). Both the ‘PEM with CFE’ and the 
‘TLM with CFE’ achieved an identical RMSE of 2.41 g C m−2 d−1. However, TLM produced systematically higher 
GPP estimates; its bias shifted from slightly negative (−0.06 g C m−2 d−1 for the enhanced PEM) to near-neutral 
(0.02 g C m−2 d−1 for TLM), and its regression slope improved further to 0.73, suggesting stronger statistical 
agreement with observational data than the enhanced PEM. Nevertheless, a comparison of Fig. 4b,c indicates that 
TLM is prone to generating some abnormally high GPP estimates.

The incorporation of CFE significantly enhanced GPP magnitude across approx. 85.2% of global land areas 
(Fig. 5a, ΔGPP < 0 g C m−2 yr−1). Within these regions, 25.8% exhibited significant GPP growth (ΔGPP < −240 
g C m−2 yr−1) in agricultural zones in China, India, and Sub-Saharan Africa. The decline in GPP after consid-
ering CFE is concentrated in the Amazon forest and sub-Saharan evergreen broadleaf forest (EBF) regions. 
Although elevated CO2 levels typically enhance plant productivity, the CFE adjustment incorporates climatic 
feedback mechanisms, such as temperature and precipitation effects, which account for localized declines in 
moisture-limited or heat-stressed ecosystems. A direct comparison between ‘TLM with CFE’ and ‘PEM with 
CFE’ (Fig. 5b) indicated that while both models captured similar global patterns, they exhibited regional diver-
gences: 53.1% of areas showed significantly higher GPPs (ΔGPP < 0 g C m−2 yr−1) in ‘TLM with CFE’, and 

Fig. 3  Observed changes in MCI GPP during 2001–2023. (a-1) GPP averaged over the 23-year study period. 
The inset shows the histogram of multi-year average GPP. (a-2) Mean annual totals of GPP from 2001 to 2023 
for different vegetation types over the globe. (b-1) Spatial pattern of statistically significant trends in MCI 
GPP. Only statistically significant trends are color-coded (Mann-Kendall test, P ≤ 0.1). The insets show the 
distribution of pixels exhibiting statistically significant trends. (b-2) Totals of annual GPP trends from 2001 to 
2023 for different vegetation types across the globe.
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46.9% showed lower GPPs (ΔGPP > 0 g C m−2 yr−1) compared to ‘PEM with CFE’. These findings underscore 
the necessity of including CFE for accurate global GPP estimation and indicate that while ‘PEM with CFE’ and 
‘TLM with CFE’ provide comparable GPP estimates overall, they retain distinct regional characteristics and 
predictive behaviors.

This study further evaluated model performance using the GOSIF GPP product as a reference dataset to 
quantify the impact of the CFE modification and assess differences between the PEM and TLM models. Results 
confirm that incorporating CFE markedly reduces systematic underestimation in global GPP estimates; PEM 
and TLM exhibited nearly identical performance levels after CFE adjustment. Without CFE, 35.5% of the global 
land area exhibited annual GPP values at least 160 g C m−2 yr−1 lower than GOSIF benchmarks (Fig. S1a). 
Following CFE implementation, this extent of underestimation was substantially reduced to 20.4% (Fig. S1b). 
The refined ‘PEM with CFE’ shows close agreement with GOSIF, with 73.0% of land areas exhibiting annual GPP 
differences within ± 320 g C m−2 yr−1 (Fig. S1b). ‘TLM with CFE’ performed comparably, with 72.1% of land 
areas falling within this same difference range (Fig. S1c).

Generation of 12 PEM/TLM GPPs, RF GPP, and MCI GPP.  Within the MCI GPP estimation process, 
this study generated an ensemble of twelve GPP estimates using the PEM and TLM frameworks, incorporating 
three distinct LUE models (M1, M2, M3) and two meteorological climate datasets (C1, C2). Global annual GPP 
from these individual simulations ranged from 118.8 to 146.8 Pg C yr−1 (Table 1), with variations primarily 
observed in absolute magnitude rather than spatial patterns. All twelve GPP estimates exhibited consistent spatial 
distributions (Fig. S2); tropical ecosystems, particularly the Amazon Basin, Congo Basin, and Southeast Asia, 
consistently emerged as high-productivity regions, whereas over half of the global vegetated areas, including 
boreal and arid ecosystems, displayed low productivity. GPP estimates derived from PEM and TLM showed 
similar interannual variability (Fig. 6), although TLM generally yielded higher values than PEM. Furthermore, 
simulations driven by climate dataset C1 were largely consistent with those using C2. Among the LUE models, 
M3 produced the largest GPP magnitudes, followed by M1 and M2.

The most pronounced divergence across the GPP estimates occurred in their decadal trends, which ranged 
from 1.6 to 8.6 Pg C yr−1 decade−1, while relative trends spanned 1.2% to 5.9% decade−1 (Table 1 and Fig. 6). 
Spatially, these discrepancies (Fig. S3) reflect model-specific responses to climate forcing data, differing both 
across models using the same climate input and within the same model under different climate datasets. 
Regionally, GPP in the Amazon Basin declined significantly in simulations employing M1C1, M2C1, and M2C2 
configurations, irrespective of the framework (PEM or TLM), whereas other configurations showed only spo-
radic declines. In sub-Saharan Africa, decreasing trends were specific to the M1C2 and M2C2 simulations. 
Conversely, regions exhibiting significant GPP increases displayed spatially consistent patterns across all model 
configurations, differing primarily in trend magnitude.

Both PEM and TLM GPP outputs were subsequently optimized using FluxNet2015 data, and their 
post-optimization performance was evaluated. Optimized PEM configurations achieved R2 values ranging 
from 0.56 to 0.62 and RMSE values below 2.58 g C m−2 d−1 (Fig. S4). Optimized TLM configurations showed 

Fig. 4  Comparison of annual GPP from (a) PEM without CFE, (b) PEM with CFE, and (c) TLM with CFE with 
observations-based GPP from the FluxNet2015. The top 3 panels are daily scale GPP (g C m−2 d−1) and the 
bottom 3 panels are annual GPP sum (g C m−2 yr−1).
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Fig. 5  Spatial pattern of GPP difference (ΔGPP) for (a) ‘PEM with CFE’ vs. ‘PEM without CFE’ and (b) ‘TLM 
with CFE’ vs. ‘PEM with CFE’. In panel (a), the ΔGPP = GPPPEM without CFE – GPPPEM with CFE, same for panel  
(b) but the ΔGPP = GPPPEM with CFE – GPPTLM with CFE. The inset is the histogram of muti-year averaged ΔGPP.

Mean Annual GPP (Pg C yr−1) Trends in Annual GPP (Pg C yr−1 decade−1)

PEM

M1C1 132.60 ± 3.22 4.30* (3.25%)

M2C1 123.23 ± 3.22 3.92* (3.18%)

M3C1 135.31 ± 5.32 7.59* (5.61%)

M1C2 130.99 ± 2.69 3.74* (2.85%)

M2C2 118.84 ± 1.47 1.60* (1.35%)

M3C2 135.89 ± 4.36 6.24* (4.59%)

TLM

M1C1 133.53 ± 3.30 4.43* (3.32%)

M2C1 135.12 ± 3.46 4.13* (3.06%)

M3C1 146.81 ± 6.08 8.64* (5.89%)

M1C2 131.87 ± 2.76 3.86* (2.93%)

M2C2 130.37 ± 1.48 1.60* (1.22%)

M3C2 147.10 ± 5.11 7.32* (4.98%)

RF 138.46 ± 3.43 4.78* (3.58%)

MCI 141.95 ± 4.01 5.70* (5.02%)

Table 1.  Mean value of annual GPP and trends in annual GPP from the three PEMs and three TLMs forced 
with two climate data sets. The three PEMs and three TLMs are denoted as M1, M2, and M3. These models were 
forced with climate data from GMAO MERRA-2 (C1) and ECMWF ERA-5 (C2). Thus, the notation “M1C1” 
refers to PEM1 driven with GMAO MERRA-2 climate data.
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comparable performance, with R2 values from 0.57 to 0.63 and RMSE values between 2.40 and 2.59 g C m−2 d−1 
(Fig. S4). These performance metrics align with established benchmarks, such as the accuracy of MODIS GPP 
products, confirming the robustness of both the PEM and TLM frameworks. However, the observed discrep-
ancies among these estimates underscore the potential to enhance global GPP characterization by integrating 
these diverse model outputs into a more representative and potentially more accurate consolidated product. 
In addition, both inherent structural flaws in the PEM and TLM models (such as issues with separating sunlit/
shaded leaves and light saturation effects) and limitations in the remote sensing input data (specifically the 
saturation and underestimation of high LAI/FPAR values in dense canopies) collectively lead to the systematic 
underestimation of GPP when true productivity is high. This significant bias highlights a critical need and large 
potential for improvement in both canopy photosynthesis modeling and the generation of accurate input data.

After creating 12 PEM/TLM GPPs, the MCI GPP product was integrated using a RF regression algorithm, 
followed by an ST-Tensor gap-filling method for pixels where the initial 12 GPP uncertainty exceeded 50%. 
The initial RF GPP estimate yielded a mean annual global GPP of 138.5 ± 3.4 Pg C yr−1 across 2001–2023, 
increasing significantly at a rate of 4.78 Pg C yr−1 decade−1 (Table 1 and Fig. 6). Subsequently, 17.59% of global 
pixels (global RI = 82.41%) were filtered and gap-filled by the ST-Tensor method (Fig. 7a). Spatially, over half 
of all regions (52.95%) consistently maintained high retrieval quality (RI > 90%), primarily concentrated in 
the Southern Hemisphere and low-latitude Northern Hemisphere. Conversely, only 1.49% of regions required 
substantial gap-filling (RI < 50%), largely in the mid-to-high latitude Northern Hemisphere, which suggests 
model disagreement during periods of green-up and senescence. The mean StdGPP for high-quality pixels 
was 0.73 (Fig. 7b). High StdGPP pixels (StdGPP > 1.4, area = 8.67%) clustered in low-latitude regions (e.g., the 
Amazon), while low StdGPP pixels (StdGPP < 0.6, area = 41.39%) were common in the high-latitude Northern 
Hemisphere. Site-scale evaluation of RF GPP and MCI GPP can be found in the ‘Site-level evaluation’ section 
and detailed information of MCI GPP can be found in the ‘Data Records’ section.

Site-level evaluation.  The MCI GPP product was developed distinctly for different biome types using 
monthly FluxNet2015 GPP data and RF regression algorithm. The performance of this training model was 
assessed by evaluating the intermediate RF-generated GPP estimates against the corresponding FluxNet-derived 
monthly GPP observations. This evaluation revealed that the RF algorithm explained 82% of the observed 
monthly GPP variability globally (R2 = 0.82), achieving a RMSE of 1.67 g C m−2 d−1 and exhibiting minimal 
systematic bias (Fig. 8a). This also highlights the role of RF algorithms, which nearly eliminate the previous 

Fig. 6  Dynamic of annual GPPs. These GPPs include RF GPP, MCI GPP, and 12 GPPs from three PEMs and 
three TLMs, which are forced with two climate data sets. The three PEMs and three TLMs are denoted as M1, 
M2, and M3. These models were forced with climate data from GMAO MERRA-2 (C1) and ECMWF ERA-5 
(C2). Thus, the notation “M1C1” refers to PEM1 driven with GMAO MERRA-2 climate data.
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systematic underestimation by using site data as a reference. The model performed robustly across most biome 
types: forests, herbaceous vegetation, and other woody vegetation all yielded R2 values exceeding 0.8 and RMSE 
values below 1.5 g C m−2 d−1 (Fig. 8b). Notably, croplands exhibited lower accuracy, with an RMSE of approxi-
mately 2.4 g C m−2 d−1, indicating systematic discrepancies between the RF model estimates (informed by remote 
sensing inputs, presumably) and ground observations for this biome. Overall, the strong training accuracy 
demonstrated by the RF model underscores its reliability in capturing GPP patterns across the majority of evalu-
ated terrestrial ecosystems.

This study compared the performance of MCI GPP and three global GPP products (MOD17, GOSIF, 
and X-Base Fluxcom) through validation against independent AmeriFlux estimates, which differ from the 
FluxNet2015 dataset used for model optimization and training. As shown in Fig. 9, the MCI GPP outperformed 
the other GPPs, achieving an R2 of 0.72 and an RMSE of 1.86 g C m−2 d−1, compared to R2 values of 0.65~0.71 
and RMSE values of 1.93~2.11 g C m−2 d−1 for MOD17, GOSIF, and X-Base Fluxcom. Biome-specific analysis 
(Fig. 10) revealed that the MCI GPP demonstrated the highest accuracy for herbaceous and woody vegetation. 
For forests and croplands, X-Base Fluxcom matched the performance of MCI GPP, though both surpassed 
MOD17 and GOSIF. Notably, the MCI GPP showed substantial improvement over the individual PEM and TLM 

Fig. 7  Spatial pattern of retrieval index (RI, (a)) and standard deviation of the 12 GPPs (StdGPP, (b)) for MCI 
GPP from 2001 to 2023.
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GPPs (Fig. S5), which exhibited similar but lower accuracy. This result underscores the efficacy of the ensemble 
methodology employed in generating MCI GPP for enhancing the reliability of global GPP estimation.

Global intercomparison with other GPP products.  Annual average GPP distributions demonstrate 
strong concordance between the MCI and GOSIF products (Fig. 11b), with over 81.6% of vegetated areas exhib-
iting differences below 320 g C m−2 d−1. GOSIF GPP further aligns with MCI GPP in decadal growth rates  
(5.1 Pg C yr−1 decade−1) and spatial patterns, where 39.9% of significant greening areas and 5.6% of brown-
ing areas coincide (Fig. S6b). In contrast, comparisons with MOD17 and X-Base Fluxcom GPPs (Fig. 11a, c) 
reveal notable divergence: MCI GPP exhibits higher values across 80.7%–85.8% of vegetated regions. MOD17 

Fig. 8  (a) Comparison of annual RF GPP with observations-based GPP from the FluxNet2015. (b) The 
performance of RF GPP against observations-based GPP from the FluxNet2015 for different vegetation types. 
Forests include ENF, EBF, DNF, DBF, MF. Herbaceous vegetation includes SAV and GRA. Croplands include 
CRO. Other woody vegetation includes CSH, OSH, and WSA.

Fig. 9  Comparison of annual GPP from (a) MCI, (b) MOD17, (c) GOSIF, and (d) X-Base Fluxcom with 
observations-based GPP from the AmeriFlux program.
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and X-Base Fluxcom also show weaker decadal growth (2.9 ~ 3.4 Pg C yr−1 decade−1) and higher proportions of 
significantly browning areas (8.1% ~ 8.4%), underscoring differing trend characteristics compared to MCI GPP 
(Fig. S6a,c).

A newly proposed consistency assessment framework was employed to assess the temporal agreement 
between the MCI GPP product and three global datasets (MOD17, GOSIF, and X-Base Fluxcom GPPs). Using 
confidence level testing, monthly GPP variations for each dataset were classified. Confusion matrices were 
then generated by comparing the classified variations of MCI GPP against those of the other datasets, allow-
ing temporal consistency to be quantified using the OA metric. Results indicated robust alignment between 
MCI GPP and both MOD17 and X-Base Fluxcom, achieving global OA values of 71.3% and 72.7%, respec-
tively (Fig. 12a,c). In contrast, consistency with GOSIF was comparatively lower (OA = 63.3%). Spatial analysis 
(Fig. 12b) identified pronounced discrepancies in high-latitude Northern Hemisphere regions, likely stemming 
from limitations associated with the SIF-GPP relationship underpinning GOSIF. Specifically, potential inaccu-
racies in SIF retrievals during non-growing seasons and the propagation of errors through non-linear algorith-
mic components may affect GOSIF GPP estimates. Furthermore, OA exhibited a distinct latitudinal gradient, 
increasing from the equator towards the poles. This pattern highlights greater uncertainties in tropical GPP esti-
mates, potentially linked to complex vegetation dynamics or sensor/observational limitations in these regions.

Usage Notes
The biophysical mechanisms embedded in LUE models, which simulate vegetation photosynthetic response 
to climatic forcings (e.g., temperature, water stress, and light availability), have been rigorously evaluated 
across diverse biomes and spatiotemporal scales28,30,66. However, inherent biases within climate reanalysis 
products propagate directly into LUE-derived GPP estimates, compromising their accuracy. To mitigate this 
issue, a multi-forcing ensemble approach integrating heterogeneous climate datasets with structurally distinct 
LUE models has been advocated. This strategy aims to yield a ‘bias-resistant’ GPP ensemble by decoupling 
model uncertainties from climate forcing. A critical challenge involves objectively fusing these multi-model, 
multi-forcing outputs. Conventional static weighting schemes often fail to capture the complex, spatiotemporally 

Fig. 10  The performance of (a) MCI, (b) MOD17, (c) GOSIF, and (d) X-Base Fluxcom GPPs against 
observations-based GPP from the AmeriFlux program for different vegetation types. Forests include ENF, 
EBF, DNF, DBF, MF. Herbaceous vegetation includes SAV and GRA. Croplands include CRO. Other woody 
vegetation includes CSH, OSH, and WSA.
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heterogeneous interactions between ecosystem sensitivity and climatic variability. Here, this study harnessed RF 
as an adaptive weight-modeling tool by training on EC flux tower GPP benchmarks alongside several covariates 
(model outputs, spatiotemporal information, and land cover), which autonomously derive dynamic weights 
that reflect ecological realism. Crucially, RF operates strictly as a weight module rather than a primary GPP 
simulator, thereby preserving the mechanistic transparency of LUE models while circumventing the ‘black box’ 
pitfalls for ML methods. During this process, the global annual mean GPP was fixed at approximately 138 Pg 

Fig. 11  Spatial pattern of annual averaged GPP difference (ΔGPP) for (a) MCI vs. MOD17, (b) MCI vs. GOSIF, 
and (c) MCI vs. X-Base Fluxcom from 2001 to 2021. The ΔGPP = GPPMCI– GPPMOD17, GPPMCI– GPPGOSIF, 
and GPPMCI– GPPX-Base Fluxcom for panel (a), (b), and (c), respectively. The inset is the histogram of multi-year 
averaged ΔGPP.
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C yr−1 from a wide range of values (115 Pg C yr−1 to 155 Pg C yr−1, Fig. 6). This estimate aligns with global 
annual GPP assessments using machine learning algorithms and site-scale GPP as reference data, a finding cor-
roborated by other studies22,34,39. To address scenarios where inter-model GPP divergence exceeds ecologically 
plausible ranges (e.g., conflicting moisture stress parameterizations in semi-arid ecosystems), a backup protocol 
is implemented. Spatiotemporal gap-filling method will be activated when ensemble variability surpasses a spe-
cific threshold, leveraging spatial and temporal patterns to reconstruct outliers, thereby ensuring robustness. 
Fig. 6 clearly shows that the global annual GPP increased from RF (~138 Pg C yr−1) to MCI (~142 Pg C yr−1). 

Fig. 12  Spatial pattern of OA for (a) MCI vs. MOD17, (b) MCI vs. GOSIF, and (c) MCI vs. X-Base Fluxcom. 
Inserting blue lines and shading represent the mean values and standard deviations of GPP OA of the 0.05° 
latitude zone.
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The premise for gap-filling here is that the standard deviation of the 12 GPPs is greater than 50%, which means 
that the input data of these pixels in RF regression is not very reliable. We did not directly smooth the GPP time 
series and did not filter out the disturbance that should exist. Pixels requiring gap-filling are replaced by the GPP 
after gap-filling and the L1 smooth. The increase in the global GPP annual average from RF GPP to MCI GPP 
indicates that the RF GPP of pixels that need to be gap-filled is much lower than the RF GPP of the same pixel 
in the adjacent year and month. This is because the 12 input GPP datasets exhibit large variance, and several are 
significantly underestimated. This also illustrates the defects of these 12 GPPs and the necessity of gap filling.

In summary, persistent uncertainties in GPP estimation stem from two primary sources: limitations in estima-
tion models and the quality of input data. To overcome these barriers, advancing next-generation GPP frameworks 
is imperative and should prioritize (1) Mechanistic model advancement: Transitioning from empirical canopy-scale 
formulations towards leaf-level biochemical models that explicitly resolve photophysics, photobiology, and biochem-
istry67–71. Emerging observational constraints, such as SIF as a proxy for electron transport rates, should be assimi-
lated via data fusion to better constrain model process fidelity. Static parameterizations (e.g., maximum LUE) should 
evolve into dynamic, phenology-responsive functions modulated by real-time canopy nitrogen content and hydrau-
lic traits44,72. (2) Enhanced input data quality: Replacing coarse-resolution climate datasets with high-resolution 
alternatives and ensuring long-term data continuity (e.g., transitioning from MODIS to VIIRS, maintaining consist-
ent LAI/FPAR records) are crucial for developing reliable, long-term GPP data records like MCI GPP.

Overall, the MCI GPP product developed in this study provides a valuable data asset for investigating 
long-term vegetation dynamics and ecosystem responses to environmental change. Its potential applications 
include: 1) re-evaluating regional greening versus browning trends under climate change; 2) tracking phenolog-
ical changes and differentiating productivity seasonality from canopy greenness signals; 3) constraining global 
biogeochemical models through data assimilation; 4) assessing ecosystem sensitivity and response to drought; 5) 
establishing baselines for detecting vegetation stress, especially during extreme weather events; and 6) evaluating 
vegetation resilience following disturbances such as fire and deforestation.

Data availability
The MCI GPP dataset is available at: https://doi.org/10.5281/zenodo.15204660.

Code availability
The MATLAB code of PEM and TLM GPP generation is openly available at: https://doi.org/10.5281/
zenodo.13989451. And we provide MATLAB sample code for processing and using MCI GPP at: https://doi.org/ 
10.5281/zenodo.15204660.
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