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Abstract16

Accurate terrestrial gross primary productivity (GPP) estimates are crucial for devel-17

oping effective climate change policies. However, quantifying GPP is challenging due to18

sparse ground observations and the complexity of plant functional types (PFTs). In this19

study, we addressed these challenges by evaluating various aspects of a data-driven model,20

including the architecture of time series deep learning models, the optimal sequence length21

for input data, and the selection of an appropriate PFT dataset to improve GPP pre-22

diction accuracy. We introduce FluxFormer, a framework and global dataset designed23

to optimize GPP estimates from 2001 to 2020 at a 0.1-degree spatial resolution. Flux-24

Former leverages the updated global PFT dataset v2.0.8 from the ESA Land Cover Cli-25

mate Change Initiative (ESA-CCI) and combines this with time series remote sensing26

and climate data using a Multivariate Time Series (MVTS) Transformer model. Our eval-27

uations showed that FluxFormer’s model architecture and optimal sequence length se-28

lection can improve monthly GPP predictions (R2 = 0.74) and their local mean sea-29

sonal cycle in tropical (R2 > 0.9) and arid (R2 > 0.6) regions through cross-validation.30

We also demonstrated that incorporating the ESA-CCI PFT dataset v2.0.8 yielded a more31

reliable GPP dataset compared to using the Moderate Resolution Imaging Spectrora-32

diometer one-dimensional PFT dataset. Additionally, FluxFormer exhibits reduced in-33

terannual variability in arid regions and captures a positive long-term GPP trend (2001-34

2020) consistent with carbon dioxide (CO2) fertilization effects, an aspect missing in some35

existing datasets. FluxFormer can thus serve as a tool for refining carbon flux estimates36

and for cross-verifying datasets.37

Plain Language Summary38

Terrestrial carbon fluxes, especially gross primary production (the carbon amount39

fixed by plants through photosynthesis), are pivotal for ecosystem health and the over-40

all carbon balance of the Earth. We present FluxFormer, a data-driven model that gen-41

erates a monthly global dataset of gross primary production. This dataset is produced42

using a deep learning model specifically designed for multivariate time series represen-43

tation learning and updated global plant species information. Through a comprehensive44

evaluation of FluxFormer, encompassing the choice of input datasets, data-driven model45

algorithms, and the resulting products, we observed improvements in certain validation46

metrics, indicating its potential for cross-verifying and enhancing existing datasets.47

1 Introduction48

Terrestrial ecosystems, acting as a carbon sink, play a crucial role in mitigating global49

warming (Pan et al., 2011). From 1960 to 2022, this terrestrial sink has outpaced the50

ocean, offsetting 31% of fossil CO2 emissions compared to the ocean’s projected 25% (Friedlingstein51

et al., 2023). This vital role is largely driven by terrestrial GPP, a major global carbon52

flux (Beer et al., 2010), which significantly contributes to terrestrial carbon sequestra-53

tion.54

Estimating terrestrial carbon fluxes, especially GPP, encompasses diverse meth-55

ods. This includes simulating dynamic global vegetation models (DGVMs) as demon-56

strated in the TRENDY project (Sitch et al., 2015; Le Quéré et al., 2018), and upscal-57

ing from measurements obtained through eddy covariance (EC) flux tower and satellite58

observations (Jung et al., 2019; Zeng et al., 2020). Despite widespread reliance on PFTs59

for ecosystem productivity estimates (Poulter et al., 2011, 2015; Lin et al., 2021; Guo60

et al., 2023; Yan et al., 2023), inconsistencies in PFT data significantly impact GPP and61

other climate variables at regional and global scales (Poulter et al., 2011).62

PFT datasets either provide a 1D or 2D representation of real-world PFT data. 1D63

data categorize PFTs as discrete types based on the dominant PFT within a pixel area,64
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while 2D data offer a continuous coverage of local PFTs within a pixel area, which is typ-65

ically used in Earth system and land surface models. The International Geosphere-Biosphere66

Program (IGBP) classification is a widely used 1D PFT scheme for upscaling GPP from67

flux site observations. Its popularity is attributed to its well-established nature, ease of68

access, direct linkage to FLUXNET data (FLUXNET, 2024), and its conceptual simplic-69

ity, which facilitates visualization and understanding (Cranko Page et al., 2024). How-70

ever, despite its common use, the IGBP classification is considered outdated, and rely-71

ing on it is not recommended for bridging climate inputs to terrestrial fluxes (Cranko Page72

et al., 2024).73

Recent efforts have focused on improving PFT representation, with the latest ad-74

vancement being the release of the new ESA-CCI PFT dataset v2.0.8 (Harper et al., 2022).75

Using global land surface model simulations, Harper et al. (2022) assessed the impact76

of regional updates in the new PFT distribution on climate-related variables, including77

GPP. For instance, in tropical regions characterized by high tree diversity and complex78

rainforest structures (Montgomery & Chazdon, 2001), a reduction in tree fraction from79

the new PFT data leads to a slight increase in albedo, which in turn results in lower evap-80

otranspiration and GPP. However, the effects of the ESA-CCI PFT dataset v2.0.8 on81

other aspects of derived GPP products, such as interannual variability, mean seasonal82

cycles, and uncertainty in simulated GPP, need to be thoroughly evaluated, a task that83

has not yet been addressed in previous studies.84

Reliable long-term time series data for both GPP and its predictors are crucial for85

understanding the physical mechanisms affecting GPP, particularly when using data-driven86

causal methods, which have recently gained significant attention (Runge et al., 2019; Dı́az87

et al., 2022; Runge et al., 2023). The value of incorporating long-term temporal struc-88

tures of predictors has been demonstrated (Besnard et al., 2019), highlighting its poten-89

tial to enhance future GPP upscaled products (Jung et al., 2020). Several attempts have90

been made to utilize time series predictors with both sequence and non-sequence ma-91

chine learning models to upscale carbon flux from flux site (Kämäräinen et al., 2023; Nathaniel92

et al., 2023). However, the optimal choice of data-driven model and the appropriate se-93

quence length for temporal predictors have not yet been fully elucidated. Recently, state-94

of-the-art deep learning models specifically designed for time series representation learn-95

ing like MVTS Transformer (Zerveas et al., 2021), Informer (H. Zhou et al., 2021), Aut-96

oformer (Wu et al., 2021), and Fedformer (T. Zhou et al., 2022) have been gaining pop-97

ularity for their ability to capture temporal dynamics and seasonality. While these mod-98

els hold promise for upscaling global carbon fluxes, their application in this domain re-99

mains scarce. Therefore, it is essential to assess the performance of these recent mod-100

els relative to other approaches and determine the optimal sequence length for tempo-101

ral predictors in upscaling GPP from flux sites.102

In this study, we evaluate the effectiveness of a novel approach that employs an MVTS103

Transformer model (Zerveas et al., 2021), and the updated ESA-CCI PFT dataset v2.0.8104

(Harper et al., 2022), to predict global monthly gross primary production. Our objec-105

tives are threefold: First, we assess the performance of the MVTS Transformer in com-106

parison to other popular machine learning and deep learning models and determine the107

optimal sequence length for time series input data. Second, we investigate the advan-108

tages of using the ESA-CCI PFT dataset v2.0.8 over the IGBP PFT data for upscaling109

GPP. Finally, we compare the generated GPP products — FluxFormer with other satellite-110

based upscaled datasets, evaluating aspects such as mean annual GPP distribution, in-111

terannual variability, and the mean seasonal cycle. The FluxFormer GPP dataset could112

be used to validate terrestrial biosphere models and serve as a tool for cross-checking other113

datasets.114
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2 Data115

2.1 FLUXNET 2015116

We leveraged FLUXNET 2015 as our reference data (Pastorello et al., 2020), ex-117

tracting monthly GPP from 206 tier 1 EC sites. The FLUXNET 2015 dataset exhibits118

an uneven distribution of sites across different climate zones. Notably, tropical and semi-119

arid regions, despite their significant contributions to both observed GPP values (e.g.,120

Amazonia, Central Africa, Southeast Asia) (M. Chen et al., 2017), and the global car-121

bon cycle (Poulter et al., 2014), are under-represented compared to other areas. The mixed122

use of open-path and closed-path gas analyzers may contribute to uncertainties and re-123

gional biases in the final upscaled product due to differences in their operating princi-124

ples (Hirata et al., 2007; Burba et al., 2008; Haslwanter et al., 2009). This requires fur-125

ther in-depth analysis in a future study to address and correct these biases.126

Following the workflow of data preprocessing pipeline from previous study (Tramontana127

et al., 2016), we filtered out records with a quality control value below 80% for measured128

and reliable gap-fill data. Relying solely on quality control values is reported to be in-129

sufficient for obtaining qualified data due to inconsistencies in the differences between130

GPP, ecosystem respiration (RECO), and net ecosystem exchange (NEE) (Zeng et al.,131

2020; Tramontana et al., 2016). We also filtered out data points with extreme differences132

based on the computed linear regression values between two flux-partitioning methods133

for GPP and the difference between GPP-RECO and NEE. Data points with residuals134

falling outside the range of ±3 times the interquartile range were excluded. This resulted135

in a total of 10513 training samples derived from an initial pool of 12094 qualified monthly136

samples. The distribution of FLUXNET sites is shown in Figure 1, along with the data137

availability statistic by climate regions and by main IGBP PFTs.138

2.2 Remote sensing data139

For remote sensing data, we used the Moderate Resolution Imaging Spectroradiome-140

ter (MODIS) dataset for leaf area index (LAI) and fraction of absorbed photosynthetic141

active radiation (FPAR), specifically the MOD15A2H.061 8-day composite dataset avail-142

able at a 500 m spatial resolution (Myneni et al., 2021), which was collected via Google143

Earth Engine (Gorelick et al., 2017). For quality control (QC), we selected only the good-144

quality LAI and FPAR data by filtering the corresponding QC band bit mask included145

in the MODIS product, which indicates retrievals from the main algorithm with or with-146

out saturation. Although previous studies have utilized a range of remote sensing pre-147

dictors, some incorporating additional variables such as land surface temperature and148

other vegetation and water indices (Y. Zhang et al., 2017; Tramontana et al., 2016; Jung149

et al., 2019), and others focusing solely on LAI and FPAR (Zeng et al., 2020; Nathaniel150

et al., 2023). We chose to use only the most commonly employed and minimal set of pre-151

dictors, specifically LAI and FPAR.152

2.3 ERA5 reanalysis data153

In addition to MODIS data, we employed specific variables from the ERA5 reanal-154

ysis product (Muñoz Sabater, 2019), including 2-meter air temperature (T2M), surface155

short-wave (solar) radiation downwards (SSRD), vapor pressure deficit (VPD), total pre-156

cipitation (TP), and total evaporation (E). As VPD is not directly available in the orig-157

inal dataset, we estimated it using the relationship between saturated vapor pressure (SVP)158

and actual vapor pressure (AVP): VPD = SVP - AVP, based on T2M and dewpoint tem-159

perature. These predictors were selected based on a literature review of previous stud-160

ies (Tramontana et al., 2016; Jung et al., 2019; Zeng et al., 2020), as well as a recent com-161

parison evaluating the ability of different sets of explanatory variables to predict GPP162

(Gaber et al., 2024). The original ERA5 data, with a 0.1-degree spatial resolution was163
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Figure 1. (a) FLUXNET 2015 site distributions and data availability statistic by climate

region (b) and main IGBP PFTs (c).

obtained from the Copernicus Climate Change Service Climate Data Store (Muñoz Sabater,164

2019).165

2.4 Plant function types166

2.4.1 ESA CCI PFT Data167

We leveraged the updated global PFT dataset (PFT v2.0.8) (Harper et al., 2022),168

spanning 1992-2020. This high-resolution (300m) dataset provides the percentage cover169

of 14 PFTs for each pixel, offering a more faithful representation of global PFT distri-170

butions. Notably, it incorporates high-resolution, peer-reviewed vegetation class map-171

ping, refining global PFT assumptions and potentially impacting regional carbon flux172

estimates (Harper et al., 2022). The complete set of PFTs includes bare soil, built ar-173

eas, water bodies, snow and ice, natural grasses, managed grasses, broadleaved decid-174

uous trees, broadleaved evergreen trees, needleleaved deciduous trees, needleleaved ev-175

ergreen trees, broadleaved deciduous shrubs, broadleaved evergreen shrubs, needleleaved176

deciduous shrubs, and needleleaved evergreen shrubs.177
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2.4.2 MODIS IGBP PFT Data178

We utilized the PFT information from the MODIS land cover type product MCD12Q1.061,179

which is available at a spatial resolution of 500 meters (M. Friedl & Sulla-Menashe, 2019).180

This dataset was accessed through Google Earth Engine (Gorelick et al., 2017). The MODIS181

product offers global land cover classifications at annual intervals from 2001 to 2020. Specif-182

ically, the Land Cover Type 1 product is based on the IGBP classification scheme, which183

defines 17 distinct land cover classes, assuming that each pixel is 100% covered by a sin-184

gle PFT, an assumption that does not realistically reflect real-world conditions. This dataset185

was used for comparison with the ESA-CCI PFT dataset in the context of upscaling GPP186

from flux site data.187

3 Method188

3.1 Multivariate Time Series Transformer Framework189

Figure 2 details the workflow of FluxFormer, our method for upscaling GPP us-190

ing remote sensing, climate and PFT data. We leverage the MVTS Transformer model191

(Zerveas et al., 2021), known for its strong performance in multivariate time series re-192

gression, even with limited data. Its core components include an input encoding layer193

with proposed learnable positional encoding and a Transformer encoder. An in-depth194

introduction of Transformer architecture is presented in (Vaswani et al., 2017), and Zerveas195

et al. (2021) provides detailed information on learnable positional encoding. Here, we196

describe the modifications we have implemented to adapt these methods for use with mul-197

tivariate time series data from remote sensing and climate sources, as well as non-time-198

series PFT data.199

Despite both the ESA-CCI and MODIS-IGBP PFT datasets being time series data200

available annually (one record per year), their temporal resolution is much coarser than201

the monthly FLUXNET 2015 data (12 records per year). Therefore, annual PFT data202

is considered a non-temporal variable (condition/context variable), and it would be in-203

efficient to input it directly through a time series model. Consequently, we modified the204

original MVTS input encoder to handle the non-time-series context variable from PFT,205

as shown in Figure 2. We separately encoded the annual PFT classes from each dataset206

using the same simple encoder consisting of three linear layers. The output vector from207

each PFT encoder was then concatenated with the projected vector from the time se-208

ries remote sensing and climate input data.209

To train the MVTS Transformer model, we first extracted remote sensing, climate,210

and PFT data associated with each monthly record from the FLUXNET 2015 dataset.211

The PFT data was directly input into its corresponding encoder. Since MODIS-IGBP212

PFT is 1D categorical data, we applied one-hot encoding before feeding it into the en-213

coder.214

The extracted remote sensing and climate data was then organized for input into215

the deep learning model. Specifically, for a given month M, each training sample X ∈216

Rw×m, where w denotes the length of the time series for month M. The value of w cor-217

responds to the minimum number of 8-day remote sensing records for month M across218

all years, ranging from four records in January to 44 records in December. The variable219

m represents the number of different variables (m = 7), which include 7 remote sens-220

ing and climate variables from MODIS and ERA5 reanalysis data: LAI, FPAR, T2M,221

SSRD, VPD, TP, and E. This forms a sequence of w feature vectors xt ∈ Rm, result-222

ing in X ∈ Rw×m = [x1,x2, . . . ,xw]. This sequence represents a multivariate time se-223

ries of length w with m different variables.224
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Figure 2. Schematic workflow of our FluxFormer methodology based on remote sensing (RS),

climate (ERA5), and PFTs data.

3.2 Validation225

To thoroughly evaluate each aspect introduced in this study, we designed three val-226

idation experiments as illustrated in Figure 3. First, we examined different model archi-227

tectures, including both time-series and non-time-series models, in combination with var-228

ious input sequence lengths and PFT datasets. These models were trained and validated229

against the ground truth data from FLUXNET 2015. Next, we evaluated the impact of230

two PFT datasets (ESA-CCI and MODIS-IGBP) on the upscaled GPP products gen-231

erated from the optimal model configurations. Finally, we created the final upscaled GPP232

dataset based on the best model and PFT data, and inter-compared it against other widely233

used upscaled GPP products generated with data-driven and light use efficiency (LUE)234

models.235

3.2.1 Model performance evaluation236

To evaluate model performance, we used a five-fold cross-validation scheme to par-237

tition the training and validation data. The training data was randomly divided into five238

groups (folds), with each fold used for testing while the remaining four folds were used239

for training. We adhered to a specific rule for fold splitting, as recommended by Tramontana240

et al. (2016); Ichii et al. (2017), which is commonly applied in GPP upscaling models.241

This rule involves assigning the entire time series from a given site to the same fold, fa-242

cilitating the assessment of the model’s extrapolation capability. For this evaluation, we243

used Root Mean Square Error (RMSE) and the coefficient of determination (R2) as the244

metrics to evaluate the performance of the models in each test case. To evaluate the per-245

formance of the proposed model, we conducted comprehensive validation experiments246

with three main objectives:247

(1) We tested the performance of FluxFormer against five well-known machine learn-248

ing models: Long Short-Term Memory network (LSTM), Bidirectional Long Short-Term249

Memory network (BiLSTM), Multi-layer Perceptron (MLP), Random Forest, and eX-250

treme Gradient Boosting model (XGBoost). For the deep learning models (LSTM, BiL-251

STM, MLP), the process of inputting remote sensing, climate data, and PFT data was252
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Figure 3. Validation framework for evaluating the proposed workflow in terms of model archi-

tecture, PFT dataset, and resulting GPP products.

consistent with that used in FluxFormer. This approach ensured that FluxFormer did253

not receive any special input treatment separate from the other models.254

(2) We assessed the performance of the model with and without the inclusion of255

PFT, as well as the performance of selected models using different PFT datasets (ESA-256

CCI, MODIS-IGBP, and their combination, ESA-CCI + MODIS-IGBP).257

(3) We aimed to identify the optimal time series length of input features for pre-258

dicting monthly GPP. To do this, we initially trained a model using fixed sequence lengths259

of the input features, testing three scenarios: 1 month (1M), 6 months (6M), and 12 months260

(12M). For each scenario, we used the corresponding lag of input feature data: 1 month,261

6 months, or 12 months prior to the monthly GPP observation time. Additionally, we262

varied the fixed time series lengths for GPP observed each month. Specifically, for a given263

month M, we used M months of lag data before the observed GPP month, starting from264

January. We referred to this case as ”Jan to month M”.265

Finally, we presented cross-validation results of the best model against the groundtruth266

data at different time and spatial conditions including monthly prediction, across site267

variability, mean seasonal cycle and monthly anomalies. To assess cross-site variability,268

the monthly GPP averaged over years for each site was calculated. Mean seasonal cy-269

cles were determined as the average monthly GPP over the observation period at each270

site, while monthly anomalies were derived by subtracting the mean seasonal cycles from271

the monthly GPP values (Tramontana et al., 2016).272
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3.2.2 PFTs dataset evaluation273

As discussed in the previous section, we assessed the effectiveness of two PFT datasets,274

ESA-CCI and MODIS-IGBP, in predicting monthly GPP with various machine learn-275

ing models. This evaluation aims to determine the impact of each PFT dataset on global276

upscaled GPP products, utilizing the best-performing models identified in our model per-277

formance evaluation. To achieve this, we first examined the pixel-level interannual vari-278

ability (IAV) of GPP from 2001 to 2020 by calculating the standard deviation divided279

by the mean of annual fluxes. Next we analyzed the seasonality of GPP by pixel-level280

correlation distribution with SIF due to its increasing use in GPP estimation (Norton281

et al., 2019; Liu et al., 2020; Bai et al., 2022). We selected the satellite-based SIF prod-282

uct from TROPOSIF observations, which has been available only since 2018 (Köhler et283

al., 2018).284

Additionally, we assessed the uncertainty introduced by each PFT dataset to its285

upscaled GPP product. For each PFT dataset, we trained five models separately through286

150, 250, 350, 450, and 550 epochs. We then used the standard deviation of the annual287

mean and global annual mean variations of the five products from each PFT to evalu-288

ate the uncertainty introduced by the PFT to the GPP product. Finally, we investigated289

how differences in PFT distributions between the ESA-CCI and MODIS-IGBP datasets290

could affect the estimated GPP.291

3.2.3 GPP products inter-comparison292

We compare our upscaled GPP product with five other GPP products generated293

by data-driven models: FluxCom-X (Nelson et al., 2024), FluxCom (Jung et al., 2019),294

NIES (Zeng et al., 2020), MetaFlux (Nathaniel et al., 2023), and Nirv-GPP (Wang et295

al., 2021). Additionally, we include two GPP products produced by light use efficiency296

models: LUE-SSVC (Bi et al., 2022), and LUE-VPM (Y. Zhang et al., 2017).297

First, we examined the GPP annual mean distribution, latitudinal variations, and298

regional annual contributions of FluxFormer and other products. For regional contribu-299

tions, we utilized the regional mask of the 26 SREX regions defined by the IPCC Spe-300

cial Report on Managing the Risks of Extreme Events and Disasters to Advance Climate301

Change Adaptation (Seneviratne et al., 2012). Figure S1 displays the masks for the 26302

SREX regions.303

Next, we analyzed GPP interannual variability (IAV) and seasonality using the same304

method employed in the previous section for evaluating upscaled GPP products derived305

from different PFT datasets. For the evaluation of GPP seasonality against SIF, some306

GPP products were not available after 2018 due to differences in data availability pe-307

riods. Therefore, we focused our evaluation on the GPP seasonality of FluxCom-X, Flux-308

Com, NIES, MetaFlux, and LUE-SSVC.309

Then, we validated all GPP products against ground observations from the FLUXNET310

2015 dataset. For data-driven models, re-evaluating these models with the same dataset311

used for training might seem inappropriate, as it could lead to overly optimistic results.312

This is because the same dataset is used for both training and validation. However, GPP313

products are typically generated at coarser spatial resolutions compared to the input data314

used for model training. For example, MODIS LAI (500m) and ESA CCI PFT (300m)315

data were used to extract feature values around the FLUXNET sites for model train-316

ing, but the GPP product is produced at a 0.1-degree spatial resolution for computa-317

tional efficiency. To produce a coarser-resolution GPP product, predictions must either318

be made on regridded/interpolated 0.1-degree input features or by regridding/interpolating319

high-resolution GPP predictions to a lower resolution (e.g., from 300m/500m to 0.1-degree).320

During this process, the trained model might still struggle to make accurate predictions321

from coarser input features or in neighboring pixels around the FLUXNET sites if high-322
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resolution input features are used. This discrepancy can affect the final product through323

the regridding process from high-resolution to coarser resolution. Therefore, this eval-324

uation is valuable for assessing discrepancies between GPP products, as demonstrated325

by Z. Zhang et al. (2024).326

Finally, we examined the global interannual trends of the GPP product. To ensure327

consistent global area representation across all products, it is recommended by Jung et328

al. (2020) to compute the annual global mean GPP and RECO, scaling the global av-329

erage fluxes using the total global land area of 122.4 million square kilometers (M. A. Friedl330

et al., 2010). However, we observed that each GPP product has its own no-data mask331

for desert or polar areas. Therefore, we decided to preserve the masking purpose of the332

data provided and calculate the global annual GPP by summing its latitude-weighted333

pixels rather than scaling global mean GPP by global land area.334

4 Results335

4.1 Model performance evaluation336

First, we presented the cross-validation scores for six models: FluxFormer, LSTM,337

BiLSTM, MLP, RF, and XGB, across four PFT dataset settings: Without PFT, ESA-338

CCI, MODIS-IGBP, and MODIS-IGBP + ESA-CCI, and four timeseries settings: one339

case of varied sequence length (Jan to month M), and three cases of fixed sequence length340

(1M, 6M, and 12M), as detailed in Table S1 and Figure 4.341

Overall, FluxFormer achieved the highest performance with varied sequence lengths342

(Jan to month M) and with PFT incoporated. The models were able to explain approx-343

imately 74% of the variation in monthly GPP through cross-validation.344

Incorporating PFT generally improved the performance of all models and reduced345

the error across different timeseries settings. In the case of varied timeseries lengths (Jan346

to month M), models with PFT significantly outperformed those without PFT, explain-347

ing approximately 2% to 5% more variation in monthly GPP. For fixed time series lengths348

(1M, 6M, and 12M), PFT-included models such as FluxFormer, Random Forest, and XG-349

Boost achieved R2 values that were 3% to 6% higher compared to models without PFT.350

However, for LSTM, BiLSTM, and MLP, the improvement was around 1%. Including351

PFT is crucial as it provides contextual information that enhances the learning process352

for all models in predicting monthly GPP on a global scale.353

Despite differences in content between ESA-CCI, which provides 2D data on lo-354

cal PFT fractions, and MODIS-IGBP, which offers 1D data on the most dominant PFT355

while ignoring others, the performance improvement from these two PFT datasets is largely356

similar in terms of predicting monthly GPP, as evaluated using R2 and RMSE scores across357

global-scale cross-validation. Additionally, the definitions of PFTs differ significantly be-358

tween ESA-CCI (14 classes) and MODIS-IGBP (17 classes). Therefore, it is necessary359

to evaluate the models in local regions and further assess the GPP products generated360

by each PFT dataset, as discussed later in this study.361

For fixed sequence length settings, all models performed poorly with a 1-month lag362

of the input feature (1M case), and their performance improved as the sequence length363

increased from 1M to 6M. However, extending the length to 12M (12 months), which in-364

volves inputting a sequence of at least 44 8-day records of remote sensing and climate365

data, generally did not enhance the models’ performance compared to the 6M case. This366

is likely due to the noise from redundant information in the 12M case degrading the mod-367

els’ performance. For varied sequence lengths, FluxFormer, BiLSTM, and MLP achieved368

better results than with fixed lengths, with FluxFormer delivering the best overall per-369

formance, showing the highest R2 and lowest RMSE, as shown in Figure 4. Using in-370

puts with monthly varied sequence lengths not only achieves comparable performance,371
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and even better results for FluxFormer, but is also more efficient in terms of model com-372

plexity compared to using long fixed sequences (6M and 12M). This approach requires373

12 monthly models but uses significantly less training data per model compared to train-374

ing a single model with fixed sequence lengths using the entire dataset.375

Figure 4. Performance of FluxFormer, LSTM, BiLSTM, MLP, Random Forest, and XGBoost

in predicting monthly GPP across global scale, with varying monthly sequence lengths and differ-

ent PFT data settings.

Incorporating varied sequence lengths into FluxFormer has yielded the best over-376

all performance. To avoid redundancy and distractions from plotting fixed sequence length377

models, Figures 5 and 6 focus on the performance of the six models using only varied378

sequence lengths of input data with four PFT settings. These figures are evaluated against379

monthly observed GPP and the mean seasonal cycle across five climate regions: trop-380

ical, arid, temperate, continental, and polar. In terms of monthly GPP, FluxFormer with381

different PFT settings consistently shows the highest performance in the tropical, tem-382

perate, continental, and polar regions. However, in the arid region, BiLSTM achieves the383

highest performance among the models. The ESA-CCI dataset significantly outperforms384

MODIS-IGBP in both the tropical region (with FluxFormer) and the arid region (with385
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BiLSTM). In terms of the mean seasonal cycle, FluxFormer shows the highest perfor-386

mance in the tropical, temperate, and continental regions, with R2 > 0.95. In the arid387

region, FluxFormer significantly outperforms the other models, with R2 ranging from388

0.14 to 0.61, while the other models have R2 < 0. In the polar region, FluxFormer achieves389

the second-best R2 = 0.91, following LSTM with R2 = 0.92, both models use the com-390

bination of MODIS-IGBP and ESA-CCI. Detailed performance metrics for all models391

are provided in Table S2 and S3.392

Figure 5. Performance of FluxFormer, LSTM, BiLSTM, MLP, Random Forest, and XGBoost

in predicting monthly GPP across local climate regions, with varying monthly sequence lengths

and different PFT data settings.

Finally, we presented scatter plots comparing FLUXNET GPP observations with393

the GPP predictions from the best-performing model for monthly GPP, cross-site means,394

mean seasonal cycles, and monthly anomalies through cross-validation in Figure 7. The395

model demonstrated good performance in predicting monthly GPP (R2 = 0.74), cross-396

site mean (R2 = 0.73), and mean seasonal cycle (R2 = 0.77). However, the model’s397

performance in predicting monthly anomalies remains poor, reflecting the ongoing chal-398

lenge of developing data-driven models to capture GPP anomalies from ground obser-399

vations effectively.400

In general, cross-validation of various deep learning model architectures including401

MVTS, LSTM, BiLSTM, MLP, and traditional machine learning models such as Ran-402

dom Forest and XGBoost, along with different PFT settings and input sequence lengths,403

showed that FluxFormer achieved the best performance. This model, based on the MVTS404

architecture and utilizing varied sequence lengths (from January to month M) and PFT,405

demonstrated the highest effectiveness. However, this evaluation did not clarify the im-406

pact of MODIS-IGBP, ESA-CCI, or their combination. Therefore, a detailed assessment407

in the next section will evaluate how these two PFT datasets affect the generated GPP408

products.409
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Figure 6. Performance of FluxFormer, LSTM, BiLSTM, MLP, Random Forest, and XG-

Boost in predicting monthly GPP mean seasonal cycle across local climate regions, with varying

monthly sequence lengths and different PFT data settings.

4.2 PFTs Dataset evaluation410

We show the GPP IAV of FluxFormer with four PFT settings in Figure 8. We ob-411

served that the GPP product from ESA-CCI exhibits the lowest variability in desert re-412

gions such as West and Central Asia, Southern Africa, and parts of North America. This413

aligns with the expected low GPP in these areas (Hadley & Szarek, 1981), suggesting414

greater plausibility for the ESA-CCI PFT dataset in these regions. While MODIS-IGBP415

derived GPP product can reduce IAV in some arid regions compared to the product with-416

out using PFT, its IAV in the Arabian Peninsula is clearly higher. The combination of417

the two PFT datasets also reduces IAV in some arid regions compared to the other set-418

tings, but it still has higher IAV in Australia than ESA-CCI, likely due to the influence419

of MODIS-IGBP data.420

For the mean seasonal cycle evaluation shown in Figure 9, all the products exhibit421

a similar pattern in Pearson correlation with TROPOSIF in 2018 and 2019. The high-422

est correlations are observed in temperate and continental regions, while the lowest cor-423

relations are found in tropical and arid regions. The clearest difference between the prod-424

ucts is seen in the Northeast Brazilian forest, with minor differences observed in East425

Africa.426

Figure 10(a) shows the pixel-level uncertainty of the generated products from the427

trained model with different epochs and PFT settings for the year 2001, while Figure428

10(b) presents the global interannual trend from 2001 to 2020. The lowest uncertainty429

is observed with the ESA-CCI dataset, while the highest is seen with the MODIS-IGBP430

dataset in both spatial (pixel-level) and temporal (long-term trend) aspects. In fact, us-431

ing MODIS-IGBP results in greater uncertainty than not using any PFT data at all. The432
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Figure 7. Scatter plot of FLUXNET GPP observation and predicted GPP by the best model

for monthly GPP, across site mean, mean seasonal cycle and anomalies.

MODIS-IGBP-derived product shows the highest uncertainties, particularly in regions433

like the southern Sahara and eastern North America. Conversely, the lowest uncertain-434

ties are found in tropical regions, consistently covered by evergreen broadleaf forests. Since435

these products were generated using models trained with varying numbers of epochs, rang-436

ing from 150 to 550, we found that the MODIS-IGBP data could easily introduce noise437

to the model, leading to instability after each training session, especially with varying438

epoch numbers. Using ESA-CCI reduces the product’s uncertainty across models, sug-439

gesting that products generated with ESA-CCI are more reliable than those using the440

MODIS-IGBP PFT dataset or no PFT dataset at all.441

In addition to the earlier uncertainty analysis, we evaluate how differences in PFT442

distributions between the ESA-CCI and MODIS-IGBP datasets could impact the esti-443

mated GPP, as shown in Figure 11. ESA-CCI and MODIS-IGBP define PFT classes dif-444

ferently: ESA-CCI uses 14 classes in a 2D format, while MODIS-IGBP uses 17 classes445

in a 1D format. To facilitate comparison, we regrouped the PFT classes into three main446

categories: Tree, Shrub, and Grass.447
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Figure 8. Spatial patterns of GPP interannual variability extracted over 2001 to 2020 for

FluxFormer with different setting of PFT data.

Figure 9. Spatial patterns of mean seasonal correlation with TROPOSIF for FluxFormer with

different setting of PFT data.

For ESA-CCI, the Tree class includes of four subclasses: broadleaved deciduous (BD)448

trees, broad-leaved evergreen (BE) trees, needle-leaved deciduous (ND) trees, and needle-449

leaved evergreen (NE) trees. The Shrub class also has four subclasses: BD shrubs, BE450

shrubs, ND shrubs, and NE shrubs, while the Grass class encompasses both natural and451

managed grasses. For MODIS-IGBP, the Tree class consists of five subclasses: BD forests,452

BE forests, ND forests, NE forests, and mixed forests. We specifically select only closed453

shrublands for the Shrub category, while the Grass class was grouped from open shrub-454

lands, woody savannahs, savannahs, grasslands, and croplands.455

–15–



manuscript submitted to JGR: Biogeosciences

Figure 10. (a) Spatial patterns of uncertaimty and (b) global interannual variability of Flux-

Former with differnt setting of PFT data in 2001.

This regrouping highlights differences in PFT coverage and accounts for variations456

in GPP between the two datasets. As shown in Figure 11(a), the mean annual GPP for457

2001 differs between ESA-CCI and MODIS-IGBP. Figure 11(b) depicts differences in the458

three main PFT categories. MODIS-IGBP’s 1D data underrepresents tree cover in north-459

ern Asia, North America, Central Africa, East Asia, and parts of South America, lead-460

ing to lower GPP estimates compared to ESA-CCI. In Central Europe, ESA-CCI shows461

slightly lower tree coverage than MODIS-IGBP, resulting in lower GPP estimates. In trop-462

ical regions dominated by broad-leaved evergreen tree, no significant difference in tree463

cover as well as GPP estimates is observed between the two PFT datasets.464

For Shrub categories, even though open shrublands and woody savannahs are in-465

cluded in Grass in MODIS-IGBP, the differences in Shrub coverage between MODIS-466

IGBP and ESA-CCI are relatively minor compared to those for Tree and Grass, high-467

lighting discrepancies in Shrub definitions in each dataset. Lastly, ESA-CCI shows lower468
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grass coverage than MODIS-IGBP, particularly in northern Asia, North America, south-469

eastern South America, South Africa, and Australia, resulting in slightly lower GPP es-470

timates. This experiment demonstrates how variations in PFT distributions and defi-471

nitions across different datasets can impact GPP estimates.472

Figure 11. The difference in (a) mean annual GPP and (b) PFT cover in 2001 between ESA-

CCI and MODIS-IGBP.

After evaluating GPP IAV, mean seasonal cycles, and the uncertainty of the gen-473

erated GPP products and the GPP changes induced by different PFT datasets, we found474

that ESA-CCI outperforms the MODIS-IGBP dataset in terms of spatial IAV and over-475

all product reliability. The mean seasonal cycle is primarily influenced by the choice of476

model architecture and sequence length. Therefore, in the final comparison with other477

GPP products, we will exclusively use the ESA-CCI-derived GPP product.478

4.3 GPP products inter-comparison479

Figure S2 illustrates the average GPP values for all products in 2016. As expected,480

GPP is highest in tropical regions and lowest in semi-arid areas. As shown in Figure 12(a),481

a consistent pattern of the latitudinal distribution of GPP emerges across all products,482

with GPP values gradually increasing from colder climates to warm and humid condi-483

tions in temperate and tropical regions. Notably, the largest differences between prod-484

uct estimates occur in tropical regions (particularly in the Amazon, West Africa, South-485

east Asia) and North Asia of FluxCom and MetaFlux compared to the others, as indi-486

cated in Figure 12(b). These differences are likely due to two main factors. First, the487

lack of reliable observations in tropical regions and North Asia, which are major contrib-488

utors to GPP, is due to the sparse distribution of FluxNet sites. In contrast, Europe and489

North America have a denser network of observation sites but contribute less to over-490

all GPP. Second, variations in input data and methodological approaches across differ-491

ent studies also contribute to these discrepancies.492
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Figure 12. (a) Latitudinal distributions of mean annual GPP and (b) regional GPP of mean

annual GPP from SREX regions from FluxFormer and other upscaled product over 2001 to 2020

Focusing on interannual variations (Figure 13), we find that our GPP data exhibits493

lower variability compared to Nirv-GPP, LUE-VPM in desert regions like parts of East-494

ern and Southern Africa, and parts of North and South America. This aligns with the495

expected low GPP in these areas (Hadley & Szarek, 1981), suggesting greater plausibil-496

ity of our data in these regions. In Australia, high interannual variability can be attributed497

to increased precipitation during La Niña years (Nelson et al., 2024), as observed in FluxCom-498

X, Nirv-GPP, LUE-VPM, and FluxFormer, but absent in FluxCom, MetaFlux, and LUE-499

SSVC. However, the magnitude of this variability requires further investigation in future500

studies. Among the datasets, FluxCom, LUE-SSVC, and MetaFlux exhibit the least vari-501

ability, though their interannual variability may be underestimated compared to other502

approaches, such as inversion models and DGVMs (Jung et al., 2020).503

While a linear relationship between GPP and SIF has been widely assumed in pre-504

vious studies (Guanter et al., 2012; H. Yang et al., 2017), this assumption remains un-505

certain across diverse climate regions and PFTs (Gu et al., 2019; Xiao et al., 2019; Y. Zhang506

et al., 2016; A. Chen et al., 2021). This uncertainty is particularly pronounced in trop-507

ical regions, where weak seasonality in photosynthesis leads to a less robust linear rela-508

tionship between SIF and GPP (Doughty et al., 2021). Regionally, tropical forests and509

savannahs are often water-limited rather than sunlight-limited (Guan et al., 2015; Madani510

et al., 2017, 2020; Palmer et al., 2023). Furthermore, tropical forests, dominated by ev-511

ergreen broadleaf forests (EBFs), exhibit complex vegetation structures that contribute512

to larger uncertainties in both satellite observations and ground-based GPP estimates513

from EC sites, further weakening the SIF-GPP correlation in these regions (Hayek et al.,514

2018; Li et al., 2018; Z. Zhang et al., 2020; Shekhar et al., 2022). Additionally, frequent515

cloud cover in the tropics contaminates SIF signals from satellite observations, adding516

to the challenge of using SIF as a reliable proxy for GPP (Doughty et al., 2021; Shekhar517

et al., 2022).518

Figure 14 depicts the temporal correlations between monthly SIF and GPP. In tem-519

perate and continental regions, most products show moderate to high GPP-SIF corre-520

lations. However, in arid regions, FluxFormer show lower GPP-SIF correlations, espe-521

cially in the Horn of Africa deserts. This corresponds with the findings of Palmer et al.522

(2023), highlighting the more substantial influence of rainfall on GPP than sunlight in523
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Figure 13. Spatial patterns of GPP interannual variability extracted over 2001 to 2020 from

FluxFormer and other upscaled products.

Figure 14. Spatial patterns of mean seasonal correlation with TROPOSIF from FluxFormer

and other upscaled products.

this eastern desert region of Africa. In tropical regions, our data shows lower correlations524

with TROPOMI SIF compared to FluxCom-X, FluxCom, NIES, and MetaFlux, partic-525
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ularly in Central/South America, West/Central Africa, and Southeast Asia. This aligns526

with observations from previous studies (Sanders et al., 2016; Doughty et al., 2021; Shekhar527

et al., 2022), suggesting weak seasonality in tropical photosynthesis weakens the GPP-528

SIF correlation to background levels.529

In addition to evaluating the GPP product with SIF, we re-assessed the GPP prod-530

ucts using the FLUXNET 2015 dataset. This re-evaluation included both monthly GPP531

and the mean seasonal cycle to further examine differences in GPP seasonality in trop-532

ical regions, which showed low seasonal consistency among the products after the TROPOSIF533

evaluation. As noted earlier, this re-evaluation is important because the GPP product534

has a coarser resolution compared to the original input used for model training. The re-535

sults, shown in Figure S3 present the R2 values across five climate regions for all mod-536

els. FluxFormer demonstrates the highest R2 values for monthly observed GPP and the537

mean seasonal cycle, particularly in tropical regions and most other regions, except the538

arid region, where FluxFormer achieves a second-best R2 = 0.85, following NIES R2 =539

0.87. This indicates that FluxFormer shows much better agreement with ground-observed540

GPP than other products at both regional and global scales, in terms of monthly observed541

GPP and seasonal trends. However, due to the complexity of tropical rainforests, and542

sparse EC sites impede accurate quantification of seasonal carbon fluxes (Xu et al., 2015),543

including their reliance on groundwater for photosynthesis and the lack of groundwater544

data (Z. Zhang et al., 2024), it is essential to further re-assess GPP seasonality in trop-545

ical regions in future studies.546

Figure 15. (a) Global annual GPP variations and (b) GPP grow rate from FluxFormer and

other upscaled products over 2001 to 2020.

Examining the global annual mean time series of GPP from 2001 to 2020, as shown547

in Figure 15(a), reveals diverse patterns in carbon fluxes across different products. Es-548

timated annual mean fluxes for GPP range from 120 to 145 PgC/year, with FluxFormer549

and other products falling within this range. Among these, LUE model-derived prod-550

ucts (LUE-SSVC and LUE-VPM) show a more pronounced positive GPP trend com-551

pared to data-driven products (FluxCom-X, FluxCom, MetaFlux, NIES, Nirv-GPP, and552

FluxFormer), as illustrated in Figure 15(b). Among the data-driven products, the GPP553

trend from FluxCom is considered unrealistic as it does not account for the CO2 fertil-554
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ization effect (Jung et al., 2020). Other data-driven products show positive trends, with555

MetaFlux having the smallest trend at 0.03 PgC/year, NIES showing the largest trend556

at 0.38 PgC/year, followed by FluxCom-X at 0.34 PgC/year, Nirv-GPP at 0.30 PgC/year,557

and FluxFormer at 0.21 PgC/year. These positive GPP trends align with the anticipated558

increase due to the CO2 fertilization effect, which could potentially enhance the land car-559

bon sink (Piao et al., 2020; R. Yang et al., 2022; Guo et al., 2023).560

5 Conclusion561

In this study, we present our work on upscaling global gross primary production.562

We first evaluated different aspects of the upscaling framework, including the choice of563

time series model architecture, optimal sequence length for input data, and the selec-564

tion of an appropriate PFT dataset through cross-validation. We then compared the GPP565

dataset generated using the best model configuration, including architecture, sequence566

length, and PFT settings, with other satellite-based upscaled products.567

Our cross-validation using FLUXNET 2015 data showed that FluxFormer outper-568

formed models like LSTM, BiLSTM, MLP, Random Forest, and XGBoost in predicting569

monthly GPP. By using either the ESA-CCI or MODIS-IGBP PFT datasets, FluxFormer570

surpassed other machine learning models that used same input data and training pipelines.571

It demonstrated promising performance in predicting monthly GPP and mean seasonal572

cycle in tropical and arid regions, while also reducing model complexity and computa-573

tional burden. The choice of PFT dataset was found to significantly affect GPP estimates,574

local interannual variability, and overall product uncertainty. Notably, the ESA-CCI dataset575

provided more reliable GPP data than MODIS-IGBP, making it the preferred choice for576

future GPP upscaling studies. However, the models still struggle to accurately repro-577

duce monthly anomalies, a common challenge in the field that will require improvements578

in both input data and machine learning algorithms in future research.579

Inter-comparison with other upscaled GPP products (FluxCom-X, FluxCom, NIES,580

MetaFlux, Nirv-GPP, LUE-SSVC, LUE-VPM) shows that FluxFormer aligns well with581

latitudinal variations and spatial distribution of mean annual GPP. However, notable582

discrepancies are observed in tropical regions and North Asia, particularly with Flux-583

Com and MetaFlux. FluxFormer exhibits lower interannual variability in some arid re-584

gions compared to Nirv-GPP and LUE-VPM, consistent with expected low GPP in these585

areas (Hadley & Szarek, 1981). The mean seasonal cycle analysis using TROPOMI SIF586

indicates strong GPP-SIF correlations in cold and temperate regions but lower correla-587

tions in tropical and semi-arid regions, reflecting weaker seasonality in tropical photo-588

synthesis (Sanders et al., 2016; Doughty et al., 2021; Shekhar et al., 2022). From 2001589

to 2020, FluxFormer shows a positive GPP trend with a growth rate of 0.21 PgC per year,590

aligning with other products and supporting the CO2 fertilization effect (Piao et al., 2020;591

R. Yang et al., 2022; Guo et al., 2023).592

Overall, we have demonstrated that monthly GPP and mean seasonal cycle pre-593

dictions can be improved by carefully selecting the time-series model characteristics and594

optimizing the input sequence length. Additionally, the uncertainty of the upscaled prod-595

ucts is heavily influenced by the choice of the PFT dataset, which highlights its impor-596

tance for future studies on upscaling terrestrial carbon fluxes from ground-based obser-597

vations.598

Open Research Section599

The FluxFormer GPP dataset is provided in monthly NetCDF format and can be600

accessed from the Zenodo repository (Phan & Fukui, 2024a). The source code for the601

modified MVTS Transformer with the PFT encoder is also available on Zenodo (Phan602

& Fukui, 2024b).603
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