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Key Points:

« We evaluate the architecture, optimal sequence length, and PFT dataset selection
of a data-driven model to improve GPP prediction accuracy

¢ We introduce FluxFormer, a framework and global dataset optimizing GPP es-
timates from 2001 to 2020 at a 0.1-degree spatial resolution

e FluxFormer performs well in evaluations against flux site data and other upscaled
datasets, showing promising results
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Abstract

Accurate terrestrial gross primary productivity (GPP) estimates are crucial for devel-
oping effective climate change policies. However, quantifying GPP is challenging due to
sparse ground observations and the complexity of plant functional types (PFTs). In this
study, we addressed these challenges by evaluating various aspects of a data-driven model,
including the architecture of time series deep learning models, the optimal sequence length
for input data, and the selection of an appropriate PFT dataset to improve GPP pre-
diction accuracy. We introduce FluxFormer, a framework and global dataset designed

to optimize GPP estimates from 2001 to 2020 at a 0.1-degree spatial resolution. Flux-
Former leverages the updated global PFT dataset v2.0.8 from the ESA Land Cover Cli-
mate Change Initiative (ESA-CCI) and combines this with time series remote sensing

and climate data using a Multivariate Time Series (MVTS) Transformer model. Our eval-
uations showed that FluxFormer’s model architecture and optimal sequence length se-
lection can improve monthly GPP predictions (R? = 0.74) and their local mean sea-
sonal cycle in tropical (R% > 0.9) and arid (R? > 0.6) regions through cross-validation.
We also demonstrated that incorporating the ESA-CCI PFT dataset v2.0.8 yielded a more
reliable GPP dataset compared to using the Moderate Resolution Imaging Spectrora-
diometer one-dimensional PFT dataset. Additionally, FluxFormer exhibits reduced in-
terannual variability in arid regions and captures a positive long-term GPP trend (2001-
2020) consistent with carbon dioxide (COs) fertilization effects, an aspect missing in some
existing datasets. FluxFormer can thus serve as a tool for refining carbon flux estimates
and for cross-verifying datasets.

Plain Language Summary

Terrestrial carbon fluxes, especially gross primary production (the carbon amount
fixed by plants through photosynthesis), are pivotal for ecosystem health and the over-
all carbon balance of the Earth. We present FluxFormer, a data-driven model that gen-
erates a monthly global dataset of gross primary production. This dataset is produced
using a deep learning model specifically designed for multivariate time series represen-
tation learning and updated global plant species information. Through a comprehensive
evaluation of FluxFormer, encompassing the choice of input datasets, data-driven model
algorithms, and the resulting products, we observed improvements in certain validation
metrics, indicating its potential for cross-verifying and enhancing existing datasets.

1 Introduction

Terrestrial ecosystems, acting as a carbon sink, play a crucial role in mitigating global
warming (Pan et al., 2011). From 1960 to 2022, this terrestrial sink has outpaced the

ocean, offsetting 31% of fossil CO4 emissions compared to the ocean’s projected 25% (Friedlingstein

et al., 2023). This vital role is largely driven by terrestrial GPP, a major global carbon
flux (Beer et al., 2010), which significantly contributes to terrestrial carbon sequestra-
tion.

Estimating terrestrial carbon fluxes, especially GPP, encompasses diverse meth-
ods. This includes simulating dynamic global vegetation models (DGVMs) as demon-
strated in the TRENDY project (Sitch et al., 2015; Le Quéré et al., 2018), and upscal-
ing from measurements obtained through eddy covariance (EC) flux tower and satellite
observations (Jung et al., 2019; Zeng et al., 2020). Despite widespread reliance on PFTs
for ecosystem productivity estimates (Poulter et al., 2011, 2015; Lin et al., 2021; Guo
et al., 2023; Yan et al., 2023), inconsistencies in PFT data significantly impact GPP and
other climate variables at regional and global scales (Poulter et al., 2011).

PFT datasets either provide a 1D or 2D representation of real-world PFT data. 1D
data categorize PFTs as discrete types based on the dominant PFT within a pixel area,
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while 2D data offer a continuous coverage of local PFT's within a pixel area, which is typ-
ically used in Earth system and land surface models. The International Geosphere-Biosphere
Program (IGBP) classification is a widely used 1D PFT scheme for upscaling GPP from
flux site observations. Its popularity is attributed to its well-established nature, ease of
access, direct linkage to FLUXNET data (FLUXNET, 2024), and its conceptual simplic-

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

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

ing on it is not recommended for bridging climate inputs to terrestrial fluxes (Cranko Page
et al., 2024).

Recent efforts have focused on improving PFT representation, with the latest ad-
vancement being the release of the new ESA-CCI PFT dataset v2.0.8 (Harper et al., 2022).
Using global land surface model simulations, Harper et al. (2022) assessed the impact
of regional updates in the new PFT distribution on climate-related variables, including
GPP. For instance, in tropical regions characterized by high tree diversity and complex
rainforest structures (Montgomery & Chazdon, 2001), a reduction in tree fraction from
the new PFT data leads to a slight increase in albedo, which in turn results in lower evap-
otranspiration and GPP. However, the effects of the ESA-CCI PFT dataset v2.0.8 on
other aspects of derived GPP products, such as interannual variability, mean seasonal
cycles, and uncertainty in simulated GPP, need to be thoroughly evaluated, a task that
has not yet been addressed in previous studies.

Reliable long-term time series data for both GPP and its predictors are crucial for
understanding the physical mechanisms affecting GPP, particularly when using data-driven
causal methods, which have recently gained significant attention (Runge et al., 2019; Diaz
et al., 2022; Runge et al., 2023). The value of incorporating long-term temporal struc-
tures of predictors has been demonstrated (Besnard et al., 2019), highlighting its poten-
tial to enhance future GPP upscaled products (Jung et al., 2020). Several attempts have
been made to utilize time series predictors with both sequence and non-sequence ma-
chine learning models to upscale carbon flux from flux site (Kéméréinen et al., 2023; Nathaniel
et al., 2023). However, the optimal choice of data-driven model and the appropriate se-
quence length for temporal predictors have not yet been fully elucidated. Recently, state-
of-the-art deep learning models specifically designed for time series representation learn-
ing like MVTS Transformer (Zerveas et al., 2021), Informer (H. Zhou et al., 2021), Aut-
oformer (Wu et al., 2021), and Fedformer (T. Zhou et al., 2022) have been gaining pop-
ularity for their ability to capture temporal dynamics and seasonality. While these mod-
els hold promise for upscaling global carbon fluxes, their application in this domain re-
mains scarce. Therefore, it is essential to assess the performance of these recent mod-
els relative to other approaches and determine the optimal sequence length for tempo-
ral predictors in upscaling GPP from flux sites.

In this study, we evaluate the effectiveness of a novel approach that employs an MVTS
Transformer model (Zerveas et al., 2021), and the updated ESA-CCI PFT dataset v2.0.8
(Harper et al., 2022), to predict global monthly gross primary production. Our objec-
tives are threefold: First, we assess the performance of the MVTS Transformer in com-
parison to other popular machine learning and deep learning models and determine the
optimal sequence length for time series input data. Second, we investigate the advan-
tages of using the ESA-CCI PFT dataset v2.0.8 over the IGBP PFT data for upscaling
GPP. Finally, we compare the generated GPP products — FluxFormer with other satellite-
based upscaled datasets, evaluating aspects such as mean annual GPP distribution, in-
terannual variability, and the mean seasonal cycle. The FluxFormer GPP dataset could
be used to validate terrestrial biosphere models and serve as a tool for cross-checking other
datasets.
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2 Data
2.1 FLUXNET 2015

We leveraged FLUXNET 2015 as our reference data (Pastorello et al., 2020), ex-
tracting monthly GPP from 206 tier 1 EC sites. The FLUXNET 2015 dataset exhibits
an uneven distribution of sites across different climate zones. Notably, tropical and semi-
arid regions, despite their significant contributions to both observed GPP values (e.g.,
Amazonia, Central Africa, Southeast Asia) (M. Chen et al., 2017), and the global car-
bon cycle (Poulter et al., 2014), are under-represented compared to other areas. The mixed
use of open-path and closed-path gas analyzers may contribute to uncertainties and re-
gional biases in the final upscaled product due to differences in their operating princi-
ples (Hirata et al., 2007; Burba et al., 2008; Haslwanter et al., 2009). This requires fur-
ther in-depth analysis in a future study to address and correct these biases.

Following the workflow of data preprocessing pipeline from previous study (Tramontana
et al., 2016), we filtered out records with a quality control value below 80% for measured
and reliable gap-fill data. Relying solely on quality control values is reported to be in-
sufficient for obtaining qualified data due to inconsistencies in the differences between
GPP, ecosystem respiration (RECO), and net ecosystem exchange (NEE) (Zeng et al.,
2020; Tramontana et al., 2016). We also filtered out data points with extreme differences
based on the computed linear regression values between two flux-partitioning methods
for GPP and the difference between GPP-RECO and NEE. Data points with residuals
falling outside the range of +3 times the interquartile range were excluded. This resulted
in a total of 10513 training samples derived from an initial pool of 12094 qualified monthly
samples. The distribution of FLUXNET sites is shown in Figure 1, along with the data
availability statistic by climate regions and by main IGBP PFTs.

2.2 Remote sensing data

For remote sensing data, we used the Moderate Resolution Imaging Spectroradiome-
ter (MODIS) dataset for leaf area index (LAI) and fraction of absorbed photosynthetic
active radiation (FPAR), specifically the MOD15A2H.061 8-day composite dataset avail-
able at a 500 m spatial resolution (Myneni et al., 2021), which was collected via Google
Earth Engine (Gorelick et al., 2017). For quality control (QC), we selected only the good-
quality LAI and FPAR data by filtering the corresponding QC band bit mask included
in the MODIS product, which indicates retrievals from the main algorithm with or with-
out saturation. Although previous studies have utilized a range of remote sensing pre-
dictors, some incorporating additional variables such as land surface temperature and
other vegetation and water indices (Y. Zhang et al., 2017; Tramontana et al., 2016; Jung
et al., 2019), and others focusing solely on LAT and FPAR (Zeng et al., 2020; Nathaniel
et al., 2023). We chose to use only the most commonly employed and minimal set of pre-
dictors, specifically LAT and FPAR.

2.3 ERAS5 reanalysis data

In addition to MODIS data, we employed specific variables from the ERA5 reanal-
ysis product (Mutioz Sabater, 2019), including 2-meter air temperature (T2M), surface
short-wave (solar) radiation downwards (SSRD), vapor pressure deficit (VPD), total pre-
cipitation (TP), and total evaporation (E). As VPD is not directly available in the orig-
inal dataset, we estimated it using the relationship between saturated vapor pressure (SVP)
and actual vapor pressure (AVP): VPD = SVP - AVP, based on T2M and dewpoint tem-
perature. These predictors were selected based on a literature review of previous stud-
ies (Tramontana et al., 2016; Jung et al., 2019; Zeng et al., 2020), as well as a recent com-
parison evaluating the ability of different sets of explanatory variables to predict GPP
(Gaber et al., 2024). The original ERA5 data, with a 0.1-degree spatial resolution was
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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 (Munoz Sabater,
2019).

2.4 Plant function types
2.4.1 ESA CCI PFT Data

We leveraged the updated global PFT dataset (PFT v2.0.8) (Harper et al., 2022),
spanning 1992-2020. This high-resolution (300m) dataset provides the percentage cover
of 14 PFTs for each pixel, offering a more faithful representation of global PFT distri-
butions. Notably, it incorporates high-resolution, peer-reviewed vegetation class map-
ping, refining global PFT assumptions and potentially impacting regional carbon flux
estimates (Harper et al., 2022). The complete set of PFTs includes bare soil, built ar-
eas, water bodies, snow and ice, natural grasses, managed grasses, broadleaved decid-
uous trees, broadleaved evergreen trees, needleleaved deciduous trees, needleleaved ev-
ergreen trees, broadleaved deciduous shrubs, broadleaved evergreen shrubs, needleleaved
deciduous shrubs, and needleleaved evergreen shrubs.



178 2.4.2 MODIS IGBP PFT Data

179 We utilized the PFT information from the MODIS land cover type product MCD12Q1.061,
180 which is available at a spatial resolution of 500 meters (M. Friedl & Sulla-Menashe, 2019).
181 This dataset was accessed through Google Earth Engine (Gorelick et al., 2017). The MODIS

182 product offers global land cover classifications at annual intervals from 2001 to 2020. Specif-
183 ically, the Land Cover Type 1 product is based on the IGBP classification scheme, which
184 defines 17 distinct land cover classes, assuming that each pixel is 100% covered by a sin-
185 gle PFT, an assumption that does not realistically reflect real-world conditions. This dataset

186 was used for comparison with the ESA-CCI PFT dataset in the context of upscaling GPP
187 from flux site data.

188 3 Method

189 3.1 Multivariate Time Series Transformer Framework

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

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

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

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

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

195 introduction of Transformer architecture is presented in (Vaswani et al., 2017), and Zerveas
196 et al. (2021) provides detailed information on learnable positional encoding. Here, we

107 describe the modifications we have implemented to adapt these methods for use with mul-
108 tivariate time series data from remote sensing and climate sources, as well as non-time-

109 series PFT data.

200 Despite both the ESA-CCI and MODIS-IGBP PFT datasets being time series data
201 available annually (one record per year), their temporal resolution is much coarser than
202 the monthly FLUXNET 2015 data (12 records per year). Therefore, annual PFT data
203 is considered a non-temporal variable (condition/context variable), and it would be in-
204 efficient to input it directly through a time series model. Consequently, we modified the
20 original MVTS input encoder to handle the non-time-series context variable from PFT,
206 as shown in Figure 2. We separately encoded the annual PFT classes from each dataset
207 using the same simple encoder consisting of three linear layers. The output vector from
208 each PFT encoder was then concatenated with the projected vector from the time se-

200 ries remote sensing and climate input data.

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

an and PFT data associated with each monthly record from the FLUXNET 2015 dataset.
212 The PFT data was directly input into its corresponding encoder. Since MODIS-IGBP
213 PFT is 1D categorical data, we applied one-hot encoding before feeding it into the en-
214 coder.

215 The extracted remote sensing and climate data was then organized for input into
216 the deep learning model. Specifically, for a given month M, each training sample X €
217 R®*™ where w denotes the length of the time series for month M. The value of w cor-
218 responds to the minimum number of 8-day remote sensing records for month M across
219 all years, ranging from four records in January to 44 records in December. The variable
220 m represents the number of different variables (m = 7), which include 7 remote sens-

21 ing and climate variables from MODIS and ERAS5 reanalysis data: LAI, FPAR, T2M,
22 SSRD, VPD, TP, and E. This forms a sequence of w feature vectors x; € R™, result-
223 ing in X € RY*™ = [x1,Xa,...,Xy]. This sequence represents a multivariate time se-
24 ries of length w with m different variables.
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Figure 2. Schematic workflow of our FluxFormer methodology based on remote sensing (RS),
climate (ERA5), and PFTs data.

3.2 Validation

To thoroughly evaluate each aspect introduced in this study, we designed three val-
idation experiments as illustrated in Figure 3. First, we examined different model archi-
tectures, including both time-series and non-time-series models, in combination with var-
ious input sequence lengths and PFT datasets. These models were trained and validated
against the ground truth data from FLUXNET 2015. Next, we evaluated the impact of
two PFT datasets (ESA-CCI and MODIS-IGBP) on the upscaled GPP products gen-
erated from the optimal model configurations. Finally, we created the final upscaled GPP
dataset based on the best model and PFT data, and inter-compared it against other widely
used upscaled GPP products generated with data-driven and light use efficiency (LUE)
models.

3.2.1 Model performance evaluation

To evaluate model performance, we used a five-fold cross-validation scheme to par-
tition the training and validation data. The training data was randomly divided into five
groups (folds), with each fold used for testing while the remaining four folds were used
for training. We adhered to a specific rule for fold splitting, as recommended by Tramontana
et al. (2016); Ichii et al. (2017), which is commonly applied in GPP upscaling models.
This rule involves assigning the entire time series from a given site to the same fold, fa-
cilitating the assessment of the model’s extrapolation capability. For this evaluation, we
used Root Mean Square Error (RMSE) and the coefficient of determination (R?) as the
metrics to evaluate the performance of the models in each test case. To evaluate the per-
formance of the proposed model, we conducted comprehensive validation experiments
with three main objectives:

(1) We tested the performance of FluxFormer against five well-known machine learn-
ing models: Long Short-Term Memory network (LSTM), Bidirectional Long Short-Term
Memory network (BiLSTM), Multi-layer Perceptron (MLP), Random Forest, and eX-
treme Gradient Boosting model (XGBoost). For the deep learning models (LSTM, BiL-
STM, MLP), the process of inputting remote sensing, climate data, and PFT data was
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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 did
not receive any special input treatment separate from the other models.

(2) We assessed the performance of the model with and without the inclusion of
PFT, as well as the performance of selected models using different PFT datasets (ESA-
CCI, MODIS-IGBP, and their combination, ESA-CCI + MODIS-IGBP).

(3) We aimed to identify the optimal time series length of input features for pre-
dicting monthly GPP. To do this, we initially trained a model using fixed sequence lengths
of the input features, testing three scenarios: 1 month (1M), 6 months (6M), and 12 months
(12M). For each scenario, we used the corresponding lag of input feature data: 1 month,

6 months, or 12 months prior to the monthly GPP observation time. Additionally, we
varied the fixed time series lengths for GPP observed each month. Specifically, for a given
month M, we used M months of lag data before the observed GPP month, starting from
January. We referred to this case as ”Jan to month M”.

Finally, we presented cross-validation results of the best model against the groundtruth
data at different time and spatial conditions including monthly prediction, across site
variability, mean seasonal cycle and monthly anomalies. To assess cross-site variability,
the monthly GPP averaged over years for each site was calculated. Mean seasonal cy-
cles were determined as the average monthly GPP over the observation period at each
site, while monthly anomalies were derived by subtracting the mean seasonal cycles from
the monthly GPP values (Tramontana et al., 2016).



273 3.2.2 PFTs dataset evaluation

274 As discussed in the previous section, we assessed the effectiveness of two PFT datasets,
215 ESA-CCI and MODIS-IGBP, in predicting monthly GPP with various machine learn-

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

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

o78 formance evaluation. To achieve this, we first examined the pixel-level interannual vari-

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

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

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

282 et al., 2019; Liu et al., 2020; Bai et al., 2022). We selected the satellite-based SIF prod-
283 uct from TROPOSIF observations, which has been available only since 2018 (Kéhler et
284 al., 2018)

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

286 upscaled GPP product. For each PFT dataset, we trained five models separately through
287 150, 250, 350, 450, and 550 epochs. We then used the standard deviation of the annual
288 mean and global annual mean variations of the five products from each PFT to evalu-

289 ate the uncertainty introduced by the PFT to the GPP product. Finally, we investigated
200 how differences in PFT distributions between the ESA-CCI and MODIS-IGBP datasets
201 could affect the estimated GPP.

202 3.2.3 GPP products inter-comparison

203 We compare our upscaled GPP product with five other GPP products generated
204 by data-driven models: FluxCom-X (Nelson et al., 2024), FluxCom (Jung et al., 2019),
205 NIES (Zeng et al., 2020), MetaFlux (Nathaniel et al., 2023), and Nirv-GPP (Wang et
206 al., 2021). Additionally, we include two GPP products produced by light use efficiency
207 models: LUE-SSVC (Bi et al., 2022), and LUE-VPM (Y. Zhang et al., 2017).

208 First, we examined the GPP annual mean distribution, latitudinal variations, and
299 regional annual contributions of FluxFormer and other products. For regional contribu-
300 tions, we utilized the regional mask of the 26 SREX regions defined by the IPCC Spe-

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

302 Change Adaptation (Seneviratne et al., 2012). Figure S1 displays the masks for the 26
303 SREX regions.

304 Next, we analyzed GPP interannual variability (IAV) and seasonality using the same
30 method employed in the previous section for evaluating upscaled GPP products derived

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

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

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

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

310 Then, we validated all GPP products against ground observations from the FLUXNET
31 2015 dataset. For data-driven models, re-evaluating these models with the same dataset

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

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

314 products are typically generated at coarser spatial resolutions compared to the input data
315 used for model training. For example, MODIS LAT (500m) and ESA CCI PFT (300m)

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

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

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

319 be made on regridded/interpolated 0.1-degree input features or by regridding/interpolating
320 high-resolution GPP predictions to a lower resolution (e.g., from 300m/500m to 0.1-degree).
321 During this process, the trained model might still struggle to make accurate predictions
322 from coarser input features or in neighboring pixels around the FLUXNET sites if high-
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resolution input features are used. This discrepancy can affect the final product through
the regridding process from high-resolution to coarser resolution. Therefore, this eval-
uation is valuable for assessing discrepancies between GPP products, as demonstrated
by Z. Zhang et al. (2024).

Finally, we examined the global interannual trends of the GPP product. To ensure
consistent global area representation across all products, it is recommended by Jung et
al. (2020) to compute the annual global mean GPP and RECO, scaling the global av-
erage fluxes using the total global land area of 122.4 million square kilometers (M. A. Friedl
et al., 2010). However, we observed that each GPP product has its own no-data mask
for desert or polar areas. Therefore, we decided to preserve the masking purpose of the
data provided and calculate the global annual GPP by summing its latitude-weighted
pixels rather than scaling global mean GPP by global land area.

4 Results
4.1 Model performance evaluation

First, we presented the cross-validation scores for six models: FluxFormer, LSTM,
BiLSTM, MLP, RF, and XGB, across four PFT dataset settings: Without PFT, ESA-
CCI, MODIS-IGBP, and MODIS-IGBP + ESA-CCI, and four timeseries settings: one
case of varied sequence length (Jan to month M), and three cases of fixed sequence length
(1M, 6M, and 12M), as detailed in Table S1 and Figure 4.

Overall, FluxFormer achieved the highest performance with varied sequence lengths
(Jan to month M) and with PFT incoporated. The models were able to explain approx-
imately 74% of the variation in monthly GPP through cross-validation.

Incorporating PFT generally improved the performance of all models and reduced
the error across different timeseries settings. In the case of varied timeseries lengths (Jan
to month M), models with PFT significantly outperformed those without PFT, explain-
ing approximately 2% to 5% more variation in monthly GPP. For fixed time series lengths
(1M, 6M, and 12M), PFT-included models such as FluxFormer, Random Forest, and XG-
Boost achieved R? values that were 3% to 6% higher compared to models without PFT.
However, for LSTM, BiLSTM, and MLP, the improvement was around 1%. Including
PFT is crucial as it provides contextual information that enhances the learning process
for all models in predicting monthly GPP on a global scale.

Despite differences in content between ESA-CCI, which provides 2D data on lo-
cal PFT fractions, and MODIS-IGBP, which offers 1D data on the most dominant PFT
while ignoring others, the performance improvement from these two PFT datasets is largely
similar in terms of predicting monthly GPP, as evaluated using R?> and RMSE scores across
global-scale cross-validation. Additionally, the definitions of PFTs differ significantly be-
tween ESA-CCI (14 classes) and MODIS-IGBP (17 classes). Therefore, it is necessary
to evaluate the models in local regions and further assess the GPP products generated
by each PFT dataset, as discussed later in this study.

For fixed sequence length settings, all models performed poorly with a 1-month lag
of the input feature (1M case), and their performance improved as the sequence length
increased from 1M to 6M. However, extending the length to 12M (12 months), which in-
volves inputting a sequence of at least 44 8-day records of remote sensing and climate
data, generally did not enhance the models’ performance compared to the 6M case. This
is likely due to the noise from redundant information in the 12M case degrading the mod-
els’ performance. For varied sequence lengths, FluxFormer, BiLSTM, and MLP achieved
better results than with fixed lengths, with FluxFormer delivering the best overall per-
formance, showing the highest R? and lowest RMSE, as shown in Figure 4. Using in-
puts with monthly varied sequence lengths not only achieves comparable performance,
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and even better results for FluxFormer, but is also more efficient in terms of model com-
plexity compared to using long fixed sequences (6M and 12M). This approach requires
12 monthly models but uses significantly less training data per model compared to train-
ing a single model with fixed sequence lengths using the entire dataset.
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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-
all performance. To avoid redundancy and distractions from plotting fixed sequence length
models, Figures 5 and 6 focus on the performance of the six models using only varied
sequence lengths of input data with four PFT settings. These figures are evaluated against
monthly observed GPP and the mean seasonal cycle across five climate regions: trop-
ical, arid, temperate, continental, and polar. In terms of monthly GPP, FluxFormer with
different PFT settings consistently shows the highest performance in the tropical, tem-
perate, continental, and polar regions. However, in the arid region, BiLSTM achieves the
highest performance among the models. The ESA-CCI dataset significantly outperforms
MODIS-IGBP in both the tropical region (with FluxFormer) and the arid region (with
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BiLSTM). In terms of the mean seasonal cycle, FluxFormer shows the highest perfor-
mance in the tropical, temperate, and continental regions, with R? > 0.95. In the arid
region, FluxFormer significantly outperforms the other models, with R? ranging from

0.14 to 0.61, while the other models have R? < 0. In the polar region, FluxFormer achieves
the second-best R? = 0.91, following LSTM with R? = 0.92, both models use the com-
bination of MODIS-IGBP and ESA-CCI. Detailed performance metrics for all models

are provided in Table S2 and S3.
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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 with
the GPP predictions from the best-performing model for monthly GPP, cross-site means,
mean seasonal cycles, and monthly anomalies through cross-validation in Figure 7. The
model demonstrated good performance in predicting monthly GPP (R? = 0.74), cross-
site mean (R? = 0.73), and mean seasonal cycle (R? = 0.77). However, the model’s
performance in predicting monthly anomalies remains poor, reflecting the ongoing chal-
lenge of developing data-driven models to capture GPP anomalies from ground obser-
vations effectively.

In general, cross-validation of various deep learning model architectures including
MVTS, LSTM, BiLSTM, MLP, and traditional machine learning models such as Ran-
dom Forest and XGBoost, along with different PFT settings and input sequence lengths,
showed that FluxFormer achieved the best performance. This model, based on the MVTS
architecture and utilizing varied sequence lengths (from January to month M) and PFT,
demonstrated the highest effectiveness. However, this evaluation did not clarify the im-
pact of MODIS-IGBP, ESA-CCI, or their combination. Therefore, a detailed assessment
in the next section will evaluate how these two PFT datasets affect the generated GPP
products.
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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 evaluation

We show the GPP TAV of FluxFormer with four PFT settings in Figure 8. We ob-
served that the GPP product from ESA-CCI exhibits the lowest variability in desert re-
gions such as West and Central Asia, Southern Africa, and parts of North America. This
aligns with the expected low GPP in these areas (Hadley & Szarek, 1981), suggesting
greater plausibility for the ESA-CCI PFT dataset in these regions. While MODIS-IGBP
derived GPP product can reduce IAV in some arid regions compared to the product with-
out using PFT, its IAV in the Arabian Peninsula is clearly higher. The combination of
the two PFT datasets also reduces IAV in some arid regions compared to the other set-
tings, but it still has higher TAV in Australia than ESA-CCI, likely due to the influence
of MODIS-IGBP data.

For the mean seasonal cycle evaluation shown in Figure 9, all the products exhibit
a similar pattern in Pearson correlation with TROPOSIF in 2018 and 2019. The high-
est correlations are observed in temperate and continental regions, while the lowest cor-
relations are found in tropical and arid regions. The clearest difference between the prod-
ucts is seen in the Northeast Brazilian forest, with minor differences observed in East
Africa.

Figure 10(a) shows the pixel-level uncertainty of the generated products from the
trained model with different epochs and PFT settings for the year 2001, while Figure
10(b) presents the global interannual trend from 2001 to 2020. The lowest uncertainty
is observed with the ESA-CCI dataset, while the highest is seen with the MODIS-IGBP
dataset in both spatial (pixel-level) and temporal (long-term trend) aspects. In fact, us-
ing MODIS-IGBP results in greater uncertainty than not using any PFT data at all. The
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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 regions

like the southern Sahara and eastern North America. Conversely, the lowest uncertain-
ties are found in tropical regions, consistently covered by evergreen broadleaf forests. Since
these products were generated using models trained with varying numbers of epochs, rang-
ing from 150 to 550, we found that the MODIS-IGBP data could easily introduce noise

to the model, leading to instability after each training session, especially with varying
epoch numbers. Using ESA-CCI reduces the product’s uncertainty across models, sug-
gesting that products generated with ESA-CCI are more reliable than those using the
MODIS-IGBP PFT dataset or no PFT dataset at all.

In addition to the earlier uncertainty analysis, we evaluate how differences in PFT
distributions between the ESA-CCI and MODIS-IGBP datasets could impact the esti-
mated GPP, as shown in Figure 11. ESA-CCI and MODIS-IGBP define PFT classes dif-
ferently: ESA-CCI uses 14 classes in a 2D format, while MODIS-IGBP uses 17 classes
in a 1D format. To facilitate comparison, we regrouped the PFT classes into three main
categories: Tree, Shrub, and Grass.
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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)
trees, broad-leaved evergreen (BE) trees, needle-leaved deciduous (ND) trees, and needle-
leaved evergreen (NE) trees. The Shrub class also has four subclasses: BD shrubs, BE
shrubs, ND shrubs, and NE shrubs, while the Grass class encompasses both natural and
managed grasses. For MODIS-IGBP, the Tree class consists of five subclasses: BD forests,
BE forests, ND forests, NE forests, and mixed forests. We specifically select only closed
shrublands for the Shrub category, while the Grass class was grouped from open shrub-
lands, woody savannahs, savannahs, grasslands, and croplands.
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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 variations
in GPP between the two datasets. As shown in Figure 11(a), the mean annual GPP for
2001 differs between ESA-CCI and MODIS-IGBP. Figure 11(b) depicts differences in the
three main PFT categories. MODIS-IGBP’s 1D data underrepresents tree cover in north-
ern Asia, North America, Central Africa, East Asia, and parts of South America, lead-
ing to lower GPP estimates compared to ESA-CCI. In Central Europe, ESA-CCI shows
slightly lower tree coverage than MODIS-IGBP, resulting in lower GPP estimates. In trop-
ical regions dominated by broad-leaved evergreen tree, no significant difference in tree
cover as well as GPP estimates is observed between the two PFT datasets.

For Shrub categories, even though open shrublands and woody savannahs are in-
cluded in Grass in MODIS-IGBP, the differences in Shrub coverage between MODIS-
IGBP and ESA-CCI are relatively minor compared to those for Tree and Grass, high-
lighting discrepancies in Shrub definitions in each dataset. Lastly, ESA-CCI shows lower
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grass coverage than MODIS-IGBP, particularly in northern Asia, North America, south-
eastern South America, South Africa, and Australia, resulting in slightly lower GPP es-
timates. This experiment demonstrates how variations in PFT distributions and defi-
nitions across different datasets can impact GPP estimates.
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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-
erated GPP products and the GPP changes induced by different PFT datasets, we found
that ESA-CCI outperforms the MODIS-IGBP dataset in terms of spatial IAV and over-
all product reliability. The mean seasonal cycle is primarily influenced by the choice of
model architecture and sequence length. Therefore, in the final comparison with other
GPP products, we will exclusively use the ESA-CCI-derived GPP product.

4.3 GPP products inter-comparison

Figure S2 illustrates the average GPP values for all products in 2016. As expected,
GPP is highest in tropical regions and lowest in semi-arid areas. As shown in Figure 12(a),
a consistent pattern of the latitudinal distribution of GPP emerges across all products,
with GPP values gradually increasing from colder climates to warm and humid condi-
tions in temperate and tropical regions. Notably, the largest differences between prod-
uct estimates occur in tropical regions (particularly in the Amazon, West Africa, South-
east Asia) and North Asia of FluxCom and MetaFlux compared to the others, as indi-
cated in Figure 12(b). These differences are likely due to two main factors. First, the
lack of reliable observations in tropical regions and North Asia, which are major contrib-
utors to GPP, is due to the sparse distribution of FluxNet sites. In contrast, Europe and
North America have a denser network of observation sites but contribute less to over-
all GPP. Second, variations in input data and methodological approaches across differ-
ent studies also contribute to these discrepancies.
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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 exhibits
lower variability compared to Nirv-GPP, LUE-VPM in desert regions like parts of East-
ern and Southern Africa, and parts of North and South America. This aligns with the
expected low GPP in these areas (Hadley & Szarek, 1981), suggesting greater plausibil-
ity of our data in these regions. In Australia, high interannual variability can be attributed
to increased precipitation during La Nifia years (Nelson et al., 2024), as observed in FluxCom-
X, Nirv-GPP, LUE-VPM, and FluxFormer, but absent in FluxCom, MetaFlux, and LUE-
SSVC. However, the magnitude of this variability requires further investigation in future
studies. Among the datasets, FluxCom, LUE-SSVC, and MetaFlux exhibit the least vari-
ability, though their interannual variability may be underestimated compared to other
approaches, such as inversion models and DGVMs (Jung et al., 2020).

While a linear relationship between GPP and SIF has been widely assumed in pre-
vious studies (Guanter et al., 2012; H. Yang et al., 2017), this assumption remains un-
certain across diverse climate regions and PFTs (Gu et al., 2019; Xiao et al., 2019; Y. Zhang
et al., 2016; A. Chen et al., 2021). This uncertainty is particularly pronounced in trop-
ical regions, where weak seasonality in photosynthesis leads to a less robust linear rela-
tionship between SIF and GPP (Doughty et al., 2021). Regionally, tropical forests and
savannahs are often water-limited rather than sunlight-limited (Guan et al., 2015; Madani
et al., 2017, 2020; Palmer et al., 2023). Furthermore, tropical forests, dominated by ev-
ergreen broadleaf forests (EBFs), exhibit complex vegetation structures that contribute
to larger uncertainties in both satellite observations and ground-based GPP estimates
from EC sites, further weakening the SIF-GPP correlation in these regions (Hayek et al.,
2018; Li et al., 2018; Z. Zhang et al., 2020; Shekhar et al., 2022). Additionally, frequent
cloud cover in the tropics contaminates SIF signals from satellite observations, adding
to the challenge of using SIF as a reliable proxy for GPP (Doughty et al., 2021; Shekhar
et al., 2022).

Figure 14 depicts the temporal correlations between monthly SIF and GPP. In tem-
perate and continental regions, most products show moderate to high GPP-SIF corre-
lations. However, in arid regions, FluxFormer show lower GPP-SIF correlations, espe-
cially in the Horn of Africa deserts. This corresponds with the findings of Palmer et al.
(2023), highlighting the more substantial influence of rainfall on GPP than sunlight in
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Figure 14. Spatial patterns of mean seasonal correlation with TROPOSIF from FluxFormer

and other upscaled products.

524 this eastern desert region of Africa. In tropical regions, our data shows lower correlations
525 with TROPOMI SIF compared to FluxCom-X, FluxCom, NIES, and MetaFlux, partic-
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ularly in Central/South America, West/Central Africa, and Southeast Asia. This aligns
with observations from previous studies (Sanders et al., 2016; Doughty et al., 2021; Shekhar
et al., 2022), suggesting weak seasonality in tropical photosynthesis weakens the GPP-

SIF correlation to background levels.

In addition to evaluating the GPP product with SIF, we re-assessed the GPP prod-
ucts using the FLUXNET 2015 dataset. This re-evaluation included both monthly GPP
and the mean seasonal cycle to further examine differences in GPP seasonality in trop-
ical regions, which showed low seasonal consistency among the products after the TROPOSIF
evaluation. As noted earlier, this re-evaluation is important because the GPP product
has a coarser resolution compared to the original input used for model training. The re-
sults, shown in Figure S3 present the R? values across five climate regions for all mod-
els. FluxFormer demonstrates the highest R? values for monthly observed GPP and the
mean seasonal cycle, particularly in tropical regions and most other regions, except the
arid region, where FluxFormer achieves a second-best R? = 0.85, following NIES R? =
0.87. This indicates that FluxFormer shows much better agreement with ground-observed
GPP than other products at both regional and global scales, in terms of monthly observed
GPP and seasonal trends. However, due to the complexity of tropical rainforests, and
sparse EC sites impede accurate quantification of seasonal carbon fluxes (Xu et al., 2015),
including their reliance on groundwater for photosynthesis and the lack of groundwater
data (Z. Zhang et al., 2024), it is essential to further re-assess GPP seasonality in trop-
ical regions in future studies.
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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 shown
in Figure 15(a), reveals diverse patterns in carbon fluxes across different products. Es-
timated annual mean fluxes for GPP range from 120 to 145 PgC/year, with FluxFormer
and other products falling within this range. Among these, LUE model-derived prod-
ucts (LUE-SSVC and LUE-VPM) show a more pronounced positive GPP trend com-
pared to data-driven products (FluxCom-X, FluxCom, MetaFlux, NIES, Nirv-GPP, and
FluxFormer), as illustrated in Figure 15(b). Among the data-driven products, the GPP
trend from FluxCom is considered unrealistic as it does not account for the COs fertil-
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ization effect (Jung et al., 2020). Other data-driven products show positive trends, with
MetaFlux having the smallest trend at 0.03 PgC/year, NIES showing the largest trend

at 0.38 PgC/year, followed by FluxCom-X at 0.34 PgC/year, Nirv-GPP at 0.30 PgC/year,
and FluxFormer at 0.21 PgC/year. These positive GPP trends align with the anticipated
increase due to the COs fertilization effect, which could potentially enhance the land car-
bon sink (Piao et al., 2020; R. Yang et al., 2022; Guo et al., 2023).

5 Conclusion

In this study, we present our work on upscaling global gross primary production.
We first evaluated different aspects of the upscaling framework, including the choice of
time series model architecture, optimal sequence length for input data, and the selec-
tion of an appropriate PFT dataset through cross-validation. We then compared the GPP
dataset generated using the best model configuration, including architecture, sequence
length, and PFT settings, with other satellite-based upscaled products.

Our cross-validation using FLUXNET 2015 data showed that FluxFormer outper-
formed models like LSTM, BiLSTM, MLP, Random Forest, and XGBoost in predicting
monthly GPP. By using either the ESA-CCI or MODIS-IGBP PFT datasets, FluxFormer
surpassed other machine learning models that used same input data and training pipelines.
It demonstrated promising performance in predicting monthly GPP and mean seasonal
cycle in tropical and arid regions, while also reducing model complexity and computa-
tional burden. The choice of PFT dataset was found to significantly affect GPP estimates,
local interannual variability, and overall product uncertainty. Notably, the ESA-CCI dataset
provided more reliable GPP data than MODIS-IGBP, making it the preferred choice for
future GPP upscaling studies. However, the models still struggle to accurately repro-
duce monthly anomalies, a common challenge in the field that will require improvements
in both input data and machine learning algorithms in future research.

Inter-comparison with other upscaled GPP products (FluxCom-X, FluxCom, NIES,
MetaFlux, Nirv-GPP, LUE-SSVC, LUE-VPM) shows that FluxFormer aligns well with
latitudinal variations and spatial distribution of mean annual GPP. However, notable
discrepancies are observed in tropical regions and North Asia, particularly with Flux-
Com and MetaFlux. FluxFormer exhibits lower interannual variability in some arid re-
gions compared to Nirv-GPP and LUE-VPM, consistent with expected low GPP in these
areas (Hadley & Szarek, 1981). The mean seasonal cycle analysis using TROPOMI SIF
indicates strong GPP-SIF correlations in cold and temperate regions but lower correla-
tions in tropical and semi-arid regions, reflecting weaker seasonality in tropical photo-
synthesis (Sanders et al., 2016; Doughty et al., 2021; Shekhar et al., 2022). From 2001
to 2020, FluxFormer shows a positive GPP trend with a growth rate of 0.21 PgC per year,
aligning with other products and supporting the COs fertilization effect (Piao et al., 2020;
R. Yang et al., 2022; Guo et al., 2023).

Overall, we have demonstrated that monthly GPP and mean seasonal cycle pre-
dictions can be improved by carefully selecting the time-series model characteristics and
optimizing the input sequence length. Additionally, the uncertainty of the upscaled prod-
ucts is heavily influenced by the choice of the PFT dataset, which highlights its impor-
tance for future studies on upscaling terrestrial carbon fluxes from ground-based obser-
vations.

Open Research Section

The FluxFormer GPP dataset is provided in monthly NetCDF format and can be
accessed from the Zenodo repository (Phan & Fukui, 2024a). The source code for the
modified MVTS Transformer with the PFT encoder is also available on Zenodo (Phan
& Fukui, 2024b).

21—



604

605

606

607

608

609

610

611

612

613

614

616

617

618

619

620

621

622

623

624

626

627

628

629

630

631

632

633

634

636

637

638

640

641

642

643

644

645

646

647

648

650

651

652

653

654

655

656

Acknowledgments

This work was supported by the Ministry of Education, Culture, Sports, Science and Tech-
nology - Japan, and the International Digital Earth Applied Science Research Center at
Chubu University.

References

Bai, J., Zhang, H., Sun, R., Li, X., Xiao, J., & Wang, Y. (2022).  Estimation of
global gpp from gome-2 and oco-2 sif by considering the dynamic variations of
gpp-sif relationship. Agricultural and Forest Meteorology, 326, 109180.

Beer, C., Reichstein, M., Tomelleri, E., Ciais, P., Jung, M., Carvalhais, N., ... oth-
ers  (2010). Terrestrial gross carbon dioxide uptake: global distribution and
covariation with climate. Science, 329(5993), 834-838.

Besnard, S., Carvalhais, N., Arain, M. A., Black, A., Brede, B., Buchmann, N.,

... Reichstein, M. (2019, 02). Memory effects of climate and vegetation af-
fecting net ecosystem co2 fluxes in global forests. PLOS ONE, 14(2), 1-22.
Retrieved from https://doi.org/10.1371/journal.pone.0211510 doi:
10.1371/journal.pone.0211510

Bi, W., He, W., Zhou, Y., Ju, W., Liu, Y., Liu, Y., ... Cheng, N. (2022, May 16).
A global 0.05° dataset for gross primary production of sunlit and shaded
vegetation canopies from 1992 to 2020. Scientific Data, 9(1), 213. Re-
trieved from https://doi.org/10.1038/s41597-022-01309-2 doi:
10.1038/s41597-022-01309-2

Burba, G. G., McDermitt, D. K., Grelle, A., Anderson, D. J., & Xu, L. (2008).
Addressing the influence of instrument surface heat exchange on the mea-
surements of co2 flux from open-path gas analyzers. Global Change Biology,
14(8), 1854-1876.  Retrieved from https://onlinelibrary.wiley.com/doi/
abs/10.1111/7j.1365-2486.2008.01606.x doi: https://doi.org/10.1111/
j.1365-2486.2008.01606.x

Chen, A., Mao, J., Ricciuto, D., Lu, D., Xiao, J., Li, X., ... Knapp, A. K. ~ (2021).
Seasonal changes in gpp/sif ratios and their climatic determinants across the
northern hemisphere. Global Change Biology, 27(20), 5186-5197.

Chen, M., Rafique, R., Asrar, G. R., Bond-Lamberty, B., Ciais, P., Zhao, F., ...
others (2017). Regional contribution to variability and trends of global gross
primary productivity. Environmental Research Letters, 12(10), 105005.

Cranko Page, J., Abramowitz, G., De Kauwe, M. G., & Pitman, A. J. (2024). Are
plant functional types fit for purpose? Geophysical Research Letters, 51(1),
€2023GL104962. Retrieved from https://agupubs.onlinelibrary.wiley
.com/doi/abs/10.1029/2023GL104962 (e2023GL104962 2023GL104962) doi:
https://doi.org/10.1029/2023G1.104962

Diaz, E., Adsuara, J. E., Martinez, A. M., Piles, M., & Camps-Valls, G. (2022,
Jan 31). Inferring causal relations from observational long-term carbon and
water fluxes records. Scientific Reports, 12(1), 1610. Retrieved from https://
doi.org/10.1038/s41598-022-05377-7 doi: 10.1038/s41598-022-05377-7

Doughty, R., Xiao, X., Kéhler, P., Frankenberg, C., Qin, Y., Wu, X., ... Moore III,
B. (2021). Global-scale consistency of spaceborne vegetation indices, chloro-
phyll fluorescence, and photosynthesis. Journal of Geophysical Research:
Biogeosciences, 126(6), €2020JG006136.

FLUXNET. (2024). Fluznet site list. (https://fluxnet.org/sites/site-list-and
-pages/ [Accessed: (2024/08/04)])

Friedl, M., & Sulla-Menashe, D. (2019). MCD12Q1 MODIS/Terra+Aqua land cover
type yearly L3 global 500m SIN grid V006. NASA EOSDIS Land Processes
Distributed Active Archive Center.

Friedl, M. A., Sulla-Menashe, D., Tan, B., Schneider, A., Ramankutty, N., Sibley, A.,
& Huang, X. (2010). Modis collection 5 global land cover: Algorithm refine-

—292—



676

677

678

679

680

681

682

683

684

685

687

688

690

691

692

693

694

695

696

697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

ments and characterization of new datasets.  Remote sensing of Environment,
114(1), 168-182.

Friedlingstein, P., O’Sullivan, M., Jones, M. W., Andrew, R. M., Bakker, D. C. E.,
Hauck, J., ... Zheng, B. (2023). Global carbon budget 2023. Farth System
Science Data, 15(12), 5301-5369. Retrieved from https://essd.copernicus
.org/articles/15/5301/2023/ doi: 10.5194/essd-15-5301-2023

Gaber, M., Kang, Y., Schurgers, G., & Keenan, T. (2024). Using automated ma-
chine learning for the upscaling of gross primary productivity. Biogeosciences,
21(10), 2447-2472. Retrieved from https://bg.copernicus.org/articles/
21/2447/2024/ doi: 10.5194/bg-21-2447-2024

Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., & Moore, R.
(2017). Google earth engine: Planetary-scale geospatial analysis for every-
one. Remote Sensing of Environment, 202, 18-27. Retrieved from https://
www.sciencedirect.com/science/article/pii/S0034425717302900
(Big Remotely Sensed Data: tools, applications and experiences) doi:
https://doi.org/10.1016/j.rse.2017.06.031

Gu, L., Han, J., Wood, J. D., Chang, C. Y.-Y., & Sun, Y.  (2019).  Sun-induced
chl fluorescence and its importance for biophysical modeling of photosynthesis
based on light reactions. New Phytologist, 223(3), 1179-1191.

Guan, K., Pan, M., Li, H., Wolf, A., Wu, J., Medvigy, D., ... others (2015). Pho-
tosynthetic seasonality of global tropical forests constrained by hydroclimate.
Nature Geoscience, 8(4), 284-289.

Guanter, L., Frankenberg, C., Dudhia, A., Lewis, P. E., Gémez-Dans, J., Kuze, A.,
... Grainger, R. G. (2012).  Retrieval and global assessment of terrestrial
chlorophyll fluorescence from gosat space measurements. Remote Sensing of
Environment, 121, 236-251.

Guo, R., Chen, T., Chen, X., Yuan, W., Liu, S., He, B., ... others (2023). Es-
timating global gpp from the plant functional type perspective using a ma-
chine learning approach. Journal of Geophysical Research: Biogeosciences,
€2022JG007100.

Hadley, N. F., & Szarek, S. R.  (1981).  Productivity of desert ecosystems.  Bio-
Science, 31(10), 747-753.

Harper, K. L., Lamarche, C., Hartley, A., Peylin, P., Ottlé, C., Bastrikov, V., ...
others (2022). A 29-year time series of annual 300-metre resolution plant func-
tional type maps for climate models. Earth System Science Data Discussions,
2022, 1-37.

Haslwanter, A., Hammerle, A., & Wohlfahrt, G. (2009). Open-path vs. closed-path
eddy covariance measurements of the net ecosystem carbon dioxide and water

vapour exchange: A long-term perspective. Agricultural and Forest Meteo-
rology, 149(2), 291-302. Retrieved from https://www.sciencedirect.com/
science/article/pii/S0168192308002402 doi: https://doi.org/10.1016/

j-agrformet.2008.08.011

Hayek, M. N., Wehr, R., Longo, M., Hutyra, L. R., Wiedemann, K., Munger, J. W.,
... Wofsy, S. C.  (2018). A novel correction for biases in forest eddy covari-
ance carbon balance. Agricultural and Forest Meteorology, 250-251, 90-101.
Retrieved from https://www.sciencedirect.com/science/article/pii/
S0168192317306007 doi: https://doi.org/10.1016/j.agrformet.2017.12.186

Hirata, R., Hirano, T., Saigusa, N., Fujinuma, Y., Inukai, K., Kitamori, Y., ...
Yamamoto, S.  (2007).  Seasonal and interannual variations in carbon diox-
ide exchange of a temperate larch forest. Agricultural and Forest Meteorol-
ogy, 147(3), 110-124. Retrieved from https://www.sciencedirect.com/
science/article/pii/S0168192307001736 doi: https://doi.org/10.1016/
j.agrformet.2007.07.005

Ichii, K., Ueyama, M., Kondo, M., Saigusa, N., Kim, J., Alberto, M. C., ...
Zhao, F. (2017). New data-driven estimation of terrestrial co2 fluxes in

—23—



712

713

715

716

717

718

720

721

722

723

724

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

742

743

744

745

746

747

748

749

750

751

753

754

755

756

757

758

759

760

761

762

763

764

765

766

asia using a standardized database of eddy covariance measurements, re-

mote sensing data, and support vector regression. Journal of Geophysi-
cal Research: Biogeosciences, 122(4), 767-795. Retrieved from https://
agupubs.onlinelibrary.wiley.com/doi/abs/10.1002/2016JG003640  doi:
https://doi.org/10.1002/2016JG003640

Jung, M., Koirala, S., Weber, U., Ichii, K., Gans, F., Camps-Valls, G., ... Reich-
stein, M. (2019). The fluxcom ensemble of global land-atmosphere energy
fluxes. Scientific data, 6(1), 74.

Jung, M., Schwalm, C., Migliavacca, M., Walther, S., Camps-Valls, G., Koirala, S.,
... Reichstein, M.  (2020). Scaling carbon fluxes from eddy covariance sites
to globe: synthesis and evaluation of the fluxcom approach. Biogeosciences,
17(5), 1343-1365.  Retrieved from https://bg.copernicus.org/articles/
17/1343/2020/ doi: 10.5194/bg-17-1343-2020

Kamérainen, M., Tuovinen, J.-P., Kulmala, M., Mammarella, 1., Aalto, J., Vekuri,
H., ... Lintunen, A. (2023). Spatiotemporal lagging of predictors improves
machine learning estimates of atmosphere—forest cos exchange. Biogeosciences,
20(4), 897-909. Retrieved from https://bg.copernicus.org/articles/20/
897/2023/ doi: 10.5194/bg-20-897-2023

Koéhler, P., Frankenberg, C., Magney, T. S., Guanter, L., Joiner, J., & Landgraf,

J. (2018).  Global retrievals of solar-induced chlorophyll fluorescence with
tropomi: First results and intersensor comparison to oco-2. Geophysical Re-
search Letters, 45(19), 10-456.

Le Quéré, C., Andrew, R. M., Friedlingstein, P., Sitch, S., Hauck, J., Pongratz, J.,

. others (2018). Global carbon budget 2018.  Earth System Science Data
Discussions, 2018, 1-3.

Li, X., Xiao, J., He, B., Altaf Arain, M., Beringer, J., Desai, A. R., ... Varlagin,

A. (2018). Solar-induced chlorophyll fluorescence is strongly correlated with
terrestrial photosynthesis for a wide variety of biomes: First global analysis
based on oco-2 and flux tower observations. Global Change Biology, 24(9),
3990-4008. Retrieved from https://onlinelibrary.wiley.com/doi/abs/
10.1111/gcb.14297 doi: https://doi.org/10.1111/gcb.14297

Lin, S., Li, J., Liu, Q., Gioli, B., Paul-Limoges, E., Buchmann, N., ... others (2021).
Improved global estimations of gross primary productivity of natural vegeta-
tion types by incorporating plant functional type. International Journal of
Applied Earth Observation and Geoinformation, 100, 102328.

Liu, X., Liu, L., Hu, J., Guo, J., & Du, S. (2020). Improving the potential of red sif
for estimating gpp by downscaling from the canopy level to the photosystem
level. Agricultural and Forest Meteorology, 281, 107846.

Madani, N., Kimball, J. S., Jones, L. A., Parazoo, N. C., & Guan, K. (2017).
Global analysis of bioclimatic controls on ecosystem productivity using satel-
lite observations of solar-induced chlorophyll fluorescence. Remote Sensing,
9(6). Retrieved from https://www.mdpi.com/2072-4292/9/6/530 doi:
10.3390/rs9060530

Madani, N., Kimball, J. S., Parazoo, N. C., Ballantyne, A. P., Tagesson, T., Jones,
L. A, ... Geruo, A. (2020, mar). Below-surface water mediates the response
of african forests to reduced rainfall.  Environmental Research Letters, 15(3),
034063. Retrieved from https://dx.doi.org/10.1088/1748-9326/ab724a
doi: 10.1088/1748-9326/ab724a

Montgomery, R. A., & Chazdon, R. L. (2001). Forest structure, canopy architecture,
and light transmittance in tropical wet forests. Ecology, 82(10), 2707-2718.

Muifioz Sabater, J. (2019). ERAS5-Land hourly data from 1950 to present. Coperni-
cus Climate Change Service (C3S) Climate Data Store (CDS). Retrieved from
https://doi.org/10.24381/cds.e2161bac doi: 10.24381/cds.adbb2d47

Myneni, R., Knyazikhin, Y., & Park, T. (2021). MODIS/Terra leaf area In-
dex/FPAR 8-day L4 global 500m SIN grid VO0G1. NASA EOSDIS Land Pro-

—24—



767

768

769

770

772

773

774

775

776

777

779

780

781

782

783

784

786

787

788

789

790

791

793

794

795

796

797

798

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

817

818

819

820

821

cesses Distributed Active Archive Center.

Nathaniel, J., Liu, J., & Gentine, P. (2023). Metaflux: Meta-learning global carbon
fluxes from sparse spatiotemporal observations. Scientific Data, 10(1), 440.

Nelson, J. A., Walther, S., Gans, F., Kraft, B., Weber, U., Novick, K., ... Jung, M.
(2024). X-base: the first terrestrial carbon and water flux products from an
extended data-driven scaling framework, fluxcom-x. Biogeosciences, 21(22),
5079-5115. Retrieved from https://bg.copernicus.org/articles/21/5079/
2024/ doi: 10.5194/bg-21-5079-2024

Norton, A. J., Rayner, P. J., Koffi, E. N., Scholze, M., Silver, J. D., & Wang, Y .-

P.  (2019). Estimating global gross primary productivity using chlorophyll
fluorescence and a data assimilation system with the bethy-scope model.  Bio-
geosciences, 16(15), 3069-3093.

Palmer, P. 1., Wainwright, C. M., Dong, B., Maidment, R. I., Wheeler, K. G., Ged-
ney, N., ... others  (2023).  Drivers and impacts of eastern african rainfall
variability. Nature Reviews Earth & Environment, 4 (4), 254-270.

Pan, Y., Birdsey, R. A., Fang, J., Houghton, R., Kauppi, P. E., Kurz, W. A., ...
others (2011). A large and persistent carbon sink in the world’s forests. Sci-
ence, 338(6045), 988-993.

Pastorello, G., Trotta, C., Canfora, E., Chu, H., Christianson, D., Cheah, Y.-W., ...
others (2020). The fluxnet2015 dataset and the oneflux processing pipeline for
eddy covariance data. Scientific data, 7(1), 225.

Phan, A., & Fukui, H. (2024a). FluzFormer GPP Dataset [Dataset]. Zenodo. doi:
10.5281 /zenodo.13949006

Phan, A., & Fukui, H.  (2024b). Modified MVTS Model and PFT Encoder for the
FluxFormer Framework to Upscale GPP from the FLUXNET2015 Dataset:
Version 1.0.0 [Software] . Zenodo. doi: 10.5281/zenodo.14438200

Piao, S., Wang, X., Park, T., Chen, C., Lian, X., He, Y., ... others (2020). Charac-
teristics, drivers and feedbacks of global greening. Nature Reviews Earth € En-
vironment, 1(1), 14-27.

Poulter, B., Ciais, P., Hodson, E., Lischke, H., Maignan, F., Plummer, S., & Zim-
mermann, N. (2011). Plant functional type mapping for earth system models.
Geoscientific Model Development, 4(4), 993-1010.

Poulter, B., Frank, D., Ciais, P., Myneni, R. B., Andela, N., Bi, J., ... others
(2014). Contribution of semi-arid ecosystems to interannual variability of
the global carbon cycle. Nature, 509(7502), 600-603.

Poulter, B., MacBean, N., Hartley, A., Khlystova, 1., Arino, O., Betts, R., ... others
(2015). Plant functional type classification for earth system models: results
from the european space agency’s land cover climate change initiative. Geosci-
entific Model Development, 8(7), 2315-2328.

Runge, J., Bathiany, S., Bollt, E., Camps-Valls, G., Coumou, D., Deyle, E.,

... Zscheischler, J. (2019, Jun 14). Inferring causation from time se-
ries in earth system sciences. Nature Communications, 10(1), 2553. Re-
trieved from https://doi.org/10.1038/s41467-019-10105-3 doi:
10.1038/s41467-019-10105-3

Runge, J., Gerhardus, A., Varando, G., Eyring, V., & Camps-Valls, G. (2023,
Jul 01). Causal inference for time series. Nature Reviews Earth & En-
vironment, 4(7), 487-505. Retrieved from https://doi.org/10.1038/

s43017-023-00431-y doi: 10.1038/843017—023—00431—y

Sanders, A. F., Verstraeten, W. W., Kooreman, M. L., Van Leth, T. C., Beringer,
J., & Joiner, J. (2016). Spaceborne sun-induced vegetation fluorescence time
series from 2007 to 2015 evaluated with australian flux tower measurements.
Remote Sensing, 8(11), 895.

Seneviratne, S., Nicholls, N., Easterling, D., Goodess, C., Kanae, S., Kossin, J., ...
Zhang, X. (2012, 04). Changes in climate extremes and their impacts on the
natural physical environment. In C. Field et al. (Eds.), (Vol. Managing the

—25—



822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

871

872

873

874

875

876

Risks of Extreme Events and Disasters to Advance Climate Change Adapta-
tion, p. 109-230). Cambridge University Press, Cambridge, UK, and New York,
NY, USA. (A Special Report of Working Groups I and IT of the Intergovern-
mental Panel on Climate Change (IPCC))

Shekhar, A., Buchmann, N., & Gharun, M.  (2022).  How well do recently recon-
structed solar-induced fluorescence datasets model gross primary productivity?
Remote Sensing of Environment, 283, 113282. Retrieved from https://
www.sciencedirect.com/science/article/pii/S0034425722003881 doi:
https://doi.org/10.1016/j.rse.2022.113282

Sitch, S., Friedlingstein, P., Gruber, N., Jones, S. D., Murray-Tortarolo, G.,
Ahlstrom, A., ... others (2015). Recent trends and drivers of regional sources
and sinks of carbon dioxide. Biogeosciences, 12(3), 653-679.

Tramontana, G., Jung, M., Schwalm, C. R., Ichii, K., Camps-Valls, G., Rédduly, B.,

. others (2016). Predicting carbon dioxide and energy fluxes across global
fluxnet sites with regression algorithms. Biogeosciences, 15(14), 4291-4313.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., ...
Polosukhin, I. (2017). Attention is all you need. Advances in neural informa-
tion processing systems, 30.

Wang, S., Zhang, Y., Ju, W., Qiu, B., & Zhang, Z. (2021). Tracking the sea-
sonal and inter-annual variations of global gross primary production dur-
ing last four decades using satellite near-infrared reflectance data. Sci-
ence of The Total Environment, 755, 142569. Retrieved from https://
www.sciencedirect.com/science/article/pii/S0048969720360988 doi:
https://doi.org/10.1016/j.scitotenv.2020.142569

Wu, H., Xu, J., Wang, J., & Long, M. (2021). Autoformer: Decomposition trans-
formers with auto-correlation for long-term series forecasting. Advances in
Neural Information Processing Systems, 34, 22419-22430.

Xiao, J., Li, X., He, B., Arain, M. A., Beringer, J., Desai, A. R., ... others (2019).
Solar-induced chlorophyll fluorescence exhibits a universal relationship with
gross primary productivity across a wide variety of biomes. Global change
biology, 25(4), ed—e6.

Xu, L., Saatchi, S. S., Yang, Y., Myneni, R. B., Frankenberg, C., Chowdhury, D.,

& Bi, J. (2015).  Satellite observation of tropical forest seasonality: spatial
patterns of carbon exchange in amazonia. FEnvironmental Research Letters,
10(8), 084005.

Yan, P., He, N., Yu, K., Xu, L., & Van Meerbeek, K. (2023). Integrating multiple
plant functional traits to predict ecosystem productivity. Communications Bi-
ology, 6(1), 239.

Yang, H., Yang, X., Zhang, Y., Heskel, M. A., Lu, X., Munger, J. W., ... Tang, J.

(2017). Chlorophyll fluorescence tracks seasonal variations of photosynthe-
sis from leaf to canopy in a temperate forest. Global Change Biology, 253(7),
2874-2886.

Yang, R., Wang, J., Zeng, N., Sitch, S., Tang, W., McGrath, M. J., ... others
(2022). Divergent historical gpp trends among state-of-the-art multi-model
simulations and satellite-based products. Earth System Dynamics, 13(2),
833-849.

Zeng, J., Matsunaga, T., Tan, Z.-H., Saigusa, N., Shirai, T., Tang, Y., ... Fukuda,
Y. (2020). Global terrestrial carbon fluxes of 1999-2019 estimated by upscaling
eddy covariance data with a random forest. Scientific data, 7(1), 313.

Zerveas, G., Jayaraman, S., Patel, D., Bhamidipaty, A., & Eickhoff, C.  (2021). A
transformer-based framework for multivariate time series representation learn-
ing.  In Proceedings of the 27th acm sigkdd conference on knowledge discovery
& data mining (pp. 2114-2124).

Zhang, Y., Guanter, L., Berry, J. A., van der Tol, C., Yang, X., Tang, J., & Zhang,
F. (2016). Model-based analysis of the relationship between sun-induced

—26—



877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

899

900

901

902

chlorophyll fluorescence and gross primary production for remote sensing appli-
cations. Remote Sensing of Environment, 187, 145-155.

Zhang, Y., Xiao, X., Wu, X., Zhou, S., Zhang, G., Qin, Y., & Dong, J. (2017,
Oct 24). A global moderate resolution dataset of gross primary production
of vegetation for 2000-2016.  Scientific Data, 4 (1), 170165.  Retrieved from
https://doi.org/10.1038/sdata.2017.165 doi: 10.1038/sdata.2017.165

Zhang, Z., Ju, W., Li, X., Cheng, X., Zhou, Y., Xu, S., ... Li, J. (2024). Joint
improvement on absorbed photosynthetically active radiation and intrin-
sic quantum yield efficiency algorithms in the p model betters the estimate

of terrestrial gross primary productivity. Agricultural and Forest Meteo-
rology, 346, 109883. Retrieved from https://www.sciencedirect.com/
science/article/pii/S0168192323005737 doi: https://doi.org/10.1016/

j.agrformet.2023.109883

Zhang, 7., Zhang, Y., Porcar-Castell, A., Joiner, J., Guanter, L., Yang, X., ...
Goulas, Y. (2020). Reduction of structural impacts and distinction of pho-
tosynthetic pathways in a global estimation of gpp from space-borne solar-
induced chlorophyll fluorescence. Remote Sensing of Environment, 240,
111722. Retrieved from https://www.sciencedirect.com/science/article/
pii/S0034425720300912 doi: https://doi.org/10.1016/j.rse.2020.111722

Zhou, H., Zhang, S., Peng, J., Zhang, S., Li, J., Xiong, H., & Zhang, W. (2021).
Informer: Beyond efficient transformer for long sequence time-series forecast-
ing. In Proceedings of the aaai conference on artificial intelligence (Vol. 35, pp.
11106-11115).

Zhou, T., Ma, Z., Wen, Q., Wang, X., Sun, L., & Jin, R.  (2022). Fedformer: Fre-
quency enhanced decomposed transformer for long-term series forecasting. In
International conference on machine learning (pp. 27268-27286).

27—



