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Gross Primary Productivity (GPP) refers to the CO, absorbed by vegetation through photosynthesis, and GPP is the

largest carbon flux between terrestrial ecosystems and the atmosphere, playing a key role in the global carbon cycle.
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Key parameters of carbon cycle in terrestrial ecosystems and their
contribution to carbon source and sink estimation (Liu 2022)

The importance of accurately estimating GPP:
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(1) Estimates of other carbon fluxes, such as terrestrial carbon sinks (2) estimates of future GPP
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After years of development, GPP estimation methods have been relatively mature compared with other carbon fluxes



2. GPP estimation model and its improvement
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The development of LUE model (Pei 2022)

In recent decades, numerous LUE models have been developed to estimate GPP
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Recent remote-sensing-based global carbon, water and energy budgets over land still include considerable un-
certainties. Most existing flux products of terrestrial carbon, water and energy components were developed

individually, despite the inherently coupled processes among them. In this study, we present a new set of global
daily surface downwelling shortwave radiation (SW), net radiation (R,,), evapotranspiration (ET), gross primary
productivity (GPP), terrestrial ecosystem respiration (TER) and net ecosystem exchange (NEE) datasets at 0.05°
resolutions from 1982 to 2019, by improving a satellite-based and coupled-process model—the Breathing Earth
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Abstract

Gross primary productivity (GPP) is the largest flux in the global terrestrial carbon cycle.
Drought has significantly impacted global terrestrial GPP in recent decades, and has been
projected to occur with increasing frequency and intensity. However, the drought risk of
global terrestrial GPP has not been well investigated. In this study, global terrestrial GPP
during 1981-2016 was simulated with the process-based Boreal Ecosystem Productivity
Simulator model. Then, the drought risk of GPP was quantified as the product of drought
probability and reduction of GPP caused by drought, which was determined using the
standardized precipitation evapotranspiration index. During the study period, the
drought risk of GPP was high in the southeastern United States, most of South America,
southern Europe, central and eastern Africa, eastern and southeastern Asia, and eastern
Australia. It was low at some high latitudes of the Northern Hemisphere and in part of
tropical South America, where terrestrial GPP increased slightly in drought years. The
drought risk of terrestrial GPP was greater during 2000-2016 than during 1981-1999 in
21 out of 24 climatic zones. The global mean drought risk of GPP increased from

Many current GPP products use the structure of the two-leaf model



The model parameters need to be further optimized
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An improved method of LUE model (Zhu 2024)

Table 2.2.  Biome-Property-Look-Up-Table (BPLUT) for MODIS GPP/NPP algorithm with NCEP-DOE reanalysis 1l and the
Collections FPAR/LAI as inputs. The full names for the University of Marviand land cover classification system (UMD_VEG_LC) in
MCDLCHKM dataset (fieldname: Land_Cover_Type_1) are, Evergreen Needleleaf Forest (ENF), Evergreen Broadleaf Forest (EBF),

Table 3. Optimized parameters (£pgy, £, @, and VPDy) of the revised EC-LUE model for different vegetation types.

Deciduous Needleleaf Forest (DNF), Deciduous Broadleaf Forest (DBF), Mixed forests (MF), Closed Shrublands (CShrub), Open Vegelation types DBF ENF EBF MF GRA  CROC;  CROG, SAV SHR WET
Shrublands (OShrub), Woody Savannas (WSavanna), Savannas (Savanna), Grassland (Grass), and Croplands (Crop).
Emey [gCMJ'lI 1282036 1722042 1672085 1382021 L16£005 125+042 2462078 224068 1212025 1341026
UMD_VEG_LC ENF EBF DNF DBF MF CShrub | OShrub | WSavanna | Savanna | Grass Crop Eep (8 CMI™ Iy 3594066 387£058 4354072 329+063 1914046 2462052 SM£102 4264095 271£052 2624049
LUEmax 0.000962 | 0.001268 | 0.001086 | 0.001165 | 0.001051 | 0.001281 | 0.000841 | 0.001239 | 0.001206 | 0.000860 | 0.001044 ¢ (ppm N48B BN 0636 49115 STLILES 434056 M£1536 MEI12D3 4739 36+1032
(KgC/m¥d/MJ) VPDy (kPa) LI5£025 1342026 05720105 062£014 169£035 L02x019 153£031 1652026 1342021 0622012
Tmin_min (C) -8.00 -8.00 -8.00 -6.00 -7.00 -8.00 -8.00 -8.00 -8.00 -8.00 -8.00
Tmin_max (C) 8.31 9.09 10.44 9.94 9.50 8.6l 8.80 11.39 11.39 12.02 12.02
VPD_min (Pa) 650.0 800.0 650.0 650.0 650.0 650.0 650.0 650.0 650.0 650.0 650.0 Vegetation Type DBE [BE INE ME CRO GRA 08H SAV WET WsA
VPD_max (Pa) 16000 | 31000 | 23000 | 1650.0 | 24000 | 47000 | 48000 | 32000 3000 | 53000 | 43000 - . — .
SLA (LAUKSC) 1 39 55 13 13 %0 TE 274 71 375 304 £l BCMI7) 372052 (326109 |340x119  |300x066 (480194 |457x167 |310x042 (4652064 (253102 | 270
Qio* 20 2.0 20 2.0 20 2.0 20 2.0 20 20 20 EaafCM]7) 0922029 1442064 0892049 |080x041 |1432075 |L162045 [0652007 |345x064 |1232092 | 260
froot_leaf ratio 12 1.1 1.7 1.1 1.1 1.0 1.3 1.8 1.8 26 20 VED,, (kPa) 4l 41 41 4l 11 4l 1l 4l 11 41
livewood leaf ratio | 0.182 0.162 0.165 0.203 0203 0.079 0.040 0.091 0.051 0.000 0.000
leaf mr_base 000604 | 0.00604 | 0.00815 | 0.00778 | 0.00778 | 0.00869 | 0.00519 |0.00869 | 0.00869 | 0.0098 | 0.0098 VPD,,,(kPa) 093 093 093 093 0.9 093 093 093 09 09
froot_mr_base 000519 | 0.00519 | 000519 |0.00519 |[000519 |0.00519 |000519 |0.00519 000519 | 0.00819 | 0.00819 Tw‘("c} 231 54 197 U5 135 09 123 1548 242 2
livewood_mr_base | 0.00397 | 0.00397 | 0.00397 | 0.00371 | 000371 |0.00436 |0.00218 |0.00312 0.00100 | 0.00000 | 0.00000 abedo(a) 5% 018 08 05 I 0 0B 06 018 03 03
*: The constant Qo =2.0 is applied to fine roots and live wood, while for leaves, a temperature acclimation Q1o value is used as described Clumpingindex(Q)7 |08 08 06 07 03 09 08 08 04 04

in Equation.




2. GPP estimation model and its improvement

The spatial distribution of parameters is used in the GPP

estimation model
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Improved Global Maps of the Optimum Growth
Temperature, Maximum Light Use Efficiency, and Gross
Primary Production for Vegetation

Yongzhe Chen'? (), Xiaoming Feng', Bojie Fu?, Xutong Wu®, and Zhen Gao'

'State Key Laboratory of Urban and Regional Ecology, Research Center for Eco-Environmental Sciences, Chinese
Academy of Sciences, Beijing, China, *Unive rsity of Chinese Academy of Sciences, Beijing, China, 3College of Urban
and Environmental Sciences, Peking University, Beijing, China

Abstract The optimum growth temperature (T,,,) and maximum light use efficiency (&) of
terrestrial vegetation are closely related to plant photosynthesis in current and future Earth environments,
yet little is known about their spatial distributions at the global scale. This study derived global maps of
T,y and ¢, separately, under the light use efficiency (LUE) model framework by utilizing FLUXNET
measurements and satellite-observed solar/sun-induced chlorophyll fluorescence (SIF), as well as
multiple regression and neural network regression based on environmental and biological factors. T, is
found to be positively correlated with annual mean temperature (T), except in cold areas with T < 9°C,
where T, stays within the range of 10°C-15°C. T, is equal to T in tropical areas with T> 25°C, but is
obviously higher than T in other regions. &, is high in regions with a large amount of diffuse radiation
and increases significantly with water stress. The maps of T, and ¢, improved the global gross primary
production (GPP) estimation (R* = 0.83, RMSE = 1.38 g C m~> d™" against flux observations). The
average annual GPP was 126 + 1.5 PgC yr™’, with a trend of 0.6 + 0.1 PgC yr™ during 2001-2016, faster
than most previous estimates. Our study suggests that the positive anthropogenic impacts on GPP were
underestimated in existing products, including cropland expansion in southern Brazil and afforestation/
forest protection efforts in China and western Europe. This study also provides a potential method for
unified GPP modeling under the LUE framework.

Plain Language Summary Light use efficiency models are commonly applied to simulate
global terrestrial gross primary production (GPP)—carbon uptake by terrestrial vegetation through
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2. GPP estimation model and its improvement

Dynamic parameters that vary in time and space are used in the model
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Abstract. Diagnostic terrestrial biosphere models (TBMs) forced by remote sensing observations have been i -
a principal tool for providing benchmarks on global gross primary productivity (GPP) and evapotranspiration E "
(ET). However, these models often estimate GPP and ET at coarse daily or monthly steps. hindering analysis 5
of ecosystem dynamics at the diumal (hourly) scales, and prescribe some essential parameters (i.e., the Ball-
Berry slope (m) and the maximum carboxylation rate at 25°C ( ‘__mﬂ]) as constant, inducing uncertainties in
the estimates of GPP and ET. In this study, we present hourly estimations of global GPP and ET datasets at a
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Biogeosciences, 17, 1343-1365, 2020 g [ Methodological steps | " Setup details |
https://doiorg/10.5194/bg-17-1343-2020 Biogeasciences EGU ‘=zzzzzzzmzzzzmaz=ss! - _ B LA _ , . N
© Author(s) 2020. This work is distributed under ! I RS RS+METEQ i
the Creative Commons Attribution 4.0 License. @ i o i
1

i i | 0.0833° 0.5° — Per climate input All climate inputs :

! Ensemble X | T :

: estimation X | [ | ] !

I @monthls | :

: B S ! ! 45 global products 75 global products l >

| i In GPP, TE-RNI‘IESE:g{ﬁ h:;Lr\}AL 2FP B L ] i :

. . . ! ! - 1 eac X - :
Scaling carbon fluxes from eddy covariance sites to globe: | HE i R e
. . I Prediction £ t !

synthesis and evaluation of the FLUXCOM approach | ¥ ] R |

: : : RS-based global MODIS data 5 global climate data (GC) :
Martin Jung', Christopher Schwalm?, Mirco Migliavacca', Sophia Walther', Gustau Camps-Valls*, Sujan Koirala', ! ] | ! :
Peter Anthoni’, Simon Besnard'-®, Paul Bodesheim'®, Nuno Carvalhais'’, Frédéric Chevallier®, Fabian Gans', Daniel : ¥ l
S. Goll®, Vanessa Haverd'’, Philipp Kohler'!, Kazuhito Ichii'>%, Atul K. Jain'*, Junzhi Liu'", : Training & i : :
Danica Lombardozzi'®, Julia E. M. S. Nabel'’, Jacob A. Nelson', Michael O’Sullivan'®, Martijn Pallandt'®, L oross-validation A 9 machine leaming methods (ML) —"™——T— 3 machine learning methods (ML) — |
Dario Papale’’!, Wouter Peters’2, Julia Pongratz™-'7, Christian Ridenbeck'?, Stephen Sitch '®, : ! : | L
Gianluca Tramontana® -, Anthony Walker?*, Ulrich Weber', and Markus Reichstein' i T ' [ : e

1

iDepanmem of Biogeochemical Integration, Max Planck Institute for Biogeochemistry, 07745 Jena, Germany i Featura i i Satelite-based predictor variables | Meleorological & sqte;:ﬂe-based i %
2Woods Hole Research Center, Falmouth, MA 02540-1644, USA i selection ! @8-daily | predictor variables s
3 Image Processing Laboratory (IPL), Universitat de Valéncia, Paterna, 46980, Spain i : : @daily ! g
“Institute of Meteorology and Climate Research — Ammospheric Environmental Research (IMK-IFU), i T : i | g
Karlsruhe Institute of Technology, 82467 Garmisch-Partenkirchen, Germany : : : Eddy covariance flux tower data : E
5Laboratory of Geo-Information Science and Remote Sensing, Wageningen University and Research, : Flux data i ! - Net ecosystem exchange (NEE) EEL e LF
Wageningen, 6708 PB, the Netherlands : processing N 2 flux partitioning [ - Gross primary productivity (GPP) meteorological data |
SComputer Vision Group Mathematics and Computer Science, Friedrich Schiller University Jena, 07743 Jena, Germany : | ] (FP) methods { - Terrestrial ecosystem respiration (TER) !
"Departamento de Ciéncias e Engenharia do Ambiente (DCEA), Faculdade de Ciéncias e Tecnologia, FCT, \. jl Y ’xf -
Universidade Nova de Lisboa, Caparica, 2829-516, Portugal "o } T T T .
$Laboratoire des Sciences du Climat et de I"Environnement (LSCE/IPSL), Université Paris-Saclay, Figure 1. Schematic overview of the methodology and data products from the FLUXCOM initiative. The flow diagram shows the method-
Gif-sur-Yvette, 91198, France ological steps for the remote sensing (RS, left) and the remote sensing and meteorological data (RS+METEQ, right) FLUXCOM products.
??EPMB nt of Geography, University of Augsburg, 86159 Augsburg, Germany _ Final monthly ensemble products for NEE, GPP and TER from RS are available at 0.0833° and at 0.5° spatial resolution. Ensemble products
HDf_:p_m_'tmem Conti n._amal Biogeoche rmca! Cycles, C_SIRQ Ocea_ns and Atmosphere, Canberra, 2601, Australia from RS4+METEO are available per climate forcing (GC) data set as well as a pooled ensemble at 0.5° spatial resolution. All ensemble prod-
DD“"ISIO“ ofGe_ologlcal and Planetary S-:_:lences, Callform_a 1“5“_““3 ‘?f Tech_nology. Pasadena, CA, USA ucts encompass ensemble members of different machine learning methods (ML, nine for RS, three for RS+METEQ) and flux partitioning
“Center for Environmental Remote Sensing (CEReS), Chiba University, Chiba, 263-8522, Japan methods (FP. two for GPP and TER).

13Center for Global Environmental Research, National Institute for Environmental Studies, Tsukuba, 305-8506, Japan
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Abstract The long-term monitoring of gross primary production (GPP) is crucial to the assessment of the
carbon cycle of terrestrial ecosystems. In this study, a well-known machine learning model (random forest,
RF) is established to reconstruct the global GPP data set named ECGC_GPP. The model distinguished nine
functional plant types, including C3 and C4 crops, using eddy fluxes, meteorological variables, and leaf area
index (LAI) as training data of RF model. Based on ERA5_Land and the corrected GEOV2 data, global
monthly GPP data set at a 0.05° resolution from 1999 to 2019 was estimated. The results showed that the

RF model could explain 74.81% of the monthly variation of GPP in the testing data set, of which the average
contribution of LAT reached 41.73%. The average annual and standard deviation of GPP during 1999-2019
were 117.14 + 1.51 Pg C yr~!, with an upward trend of 0.21 P Cyr= (p < 0.01). By using the plant functional
type classification, the underestimation of cropland is improved. Therefore, ECGC_GPP provides reasonable
global spatial pattern and long-term trend of annual GPP.

Plain Language Summary Accurate estimation of gross primary production (GPP) is critical for
understanding the terrestrial ecosystem carbon cycle. There are a variety of GPP data sets based on different
methods, but huge differences validated by the GPP measured values of flux observation towers still exist.
At present, alarge amount of GPP measured data provides us with the opportunity to use machine learning
models to estimate global GPP. This paper presents a new global GPP data set (ECGC_GPP) with 0.05° and
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Here, we introduce CEDAR-GPP, the first global upscaled GPP product that incorporates the direct CO; fertilization effect on
photosynthesis. Qur product is comprised of monthly GPP estimates and their uncertainty at 0.05° resolution from 1982 to 2020,
generated using a comprehensive set of eddy covariance measurements, multi-source satellite observations, climate variables,
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and machine learning models. Importantly, we used both theoretical and data-driven approaches to incorporate the direct CO;
effects. Qur machine learning models effectively predicted monthly GPP (R2 ~ 0.74), the mean seasonal cycles (R? ~0.79), and
spatial variabilities (R? ~ 0.67). Incorporation of the direct CO, effects substantially improved the models’ ability to estimate long-
term GPP trends across global flux sites. While the global patterns of annual mean GPP, seasonality, and interannual variability
generally aligned with existing satellite-based products, CEDAR-GPP demonstrated higher long-term trends globally after
incorporating CO; fertilization, particularly in the tropics, reflecting a strong temperature control on direct CO; effects. CEDAR-GPP 1004 . . ) . . . .
offers a comprehensive representation of GPP temporal and spatial dynamics, providing valuable insights into ecosystem-climate 1982 1987 1992 1997 2002 2007 2012 2017
interactions. The CEDAR-GPP product is available at https://doi.org/10.5281/zenodo.8212707 (Kang et al., 2023). year
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The results of Anav et al. (2015) highlight the uncertainty in global GPP estimates.
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Table 3. Synthesis of Global Mean Annual GPP, Interannual Variability,

and Trend

Data Set Mean (PgCyr~') IAV(PgCyr_')  Trend (PgCyr 2
MTE 119 13 0.0181
MODIS 112 0.8 0.005
CARBONES 148 2.45 0.078
CLMA4CN 147 2.87 0.417
CESM1-BGC 130 2.44 0353
NorESM1-ME 131 1.76 0.262
JULES 149 44 0.621
HadGEM2-ES 140 3.89 0.598
ORCHIDEE 153 3.23 0.508
IPSL-CM5A-MR 169 3.26 0.454

Characteristics of different GPP products (Anav 2015)

Annual total: 119-169 Pg C yr ! Interannual variability: 0.8-3.89 Pg C yr ! Long-term trend: 0.0181-0.621 Pg C yr2
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Characteristics of different GPP products (Zheng 2020)

Based on the study by Zheng et al. (2020), the uncertainty in the GPP estimate is further expanded

Trend of annual GPP (Pg C yr')

Annual total: 92.7-168.7 Pg C yr! Interannual variation: 0.32-5.89 Pg C yr! Long-term trend: -0.05-0.84 Pg C yr2
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Differences in processes included in different GPP

estimation models (model structure)
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Effects of soil moisture on GPP estimates, where a represents the spatial
difference between GPP estimates with and without soil moisture (Stocker 2019)



In a well-functioning model, it is often necessary to recalibrate the parameters when changing areas or

using data from other sensors (model parameters)

Biome Type Annual Mean (g Cf'mzfyr] Difference Biome area (107 km™) Annual Total (Pg Cfyr)
GPPgc GPPypy—p-LT GPP yppg_ GPP (g /m?/yr) Ratio GPPypp—p—1T GPP ympag_
sy —EWI sy — EWT
CRO 1308.08 1048.86 1234.83 185.96 17.73% 1.01 10.60 12.48
CSH 1358.83 1282.76 1234.59 -48.17 -3.76% 0.03 0.42 0.41
DEF 1567.88 1543.76 1572.00 2823 1.83% 0.23 3.53 359
EBF 2412.94 1662.70 1807.88 145.18 8.73% 0.582 13.56 14.74
ENF 1372.88 846.79 88374 36.95 4.36% 027 228 238
GRA 1191.89 088.57 1172.73 184.15 18.63% 27N 26.79 31.78
MF 1414.49 1205.11 1216.54 11.42 0.95% 0.49 5.95 6.01
OSH 30743 224.36 301.19 76.83 34.25% 1.41 3.16 4.24
SAV 1078.44 1053.15 1066.70 13.55 1.29% 1.43 15.11 15.30
WET 1093.06 1091.54 1124.37 32.84 3.01% 0.10 1.08 111
WSA 1103.08 1033.81 1063.38 2957 2.86% 1.08 11.20 11.52
Annual Total GPP for Selected Biomes 03.68 103.57

The difference of GPP estimated by different model parameters in different
vegetation types (Chang 2021)



4. Sources of uncertainty in GPP estimates

When conducting GPP simulations on a global scale, global vegetation datasets need to be used, and

vegetation datasets come from many sources (input datasets).
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4. Sources of uncertainty in GPP estimates

When conducting GPP simulations at the global scale, reconstructed meteorological data sets need to
be used, and meteorological data sets come from many sources (input data sets).

GPP (a) Zorlally averaged GPP

(a) ISAM-CRUNCEP (b) ISAM-NCEP
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(b) Zonally averaged AGPP (w.r.t MODIS-DAO)
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Differences in GPP driven by different meteorological data (Barman 2014)



In recent decades, the development of remote sensing and ground observation technology has made important

progress in the theoretical research of GPP estimation. However, accurately quantifying and understanding the

spatio-temporal pattern of GPP remains a serious challenge.

€ The model structure, model parameters and input data sets all bring great uncertainty to GPP estimation.

€ Generally speaking, This uncertainty is mainly reflected in the annual total of global GPP (92.7-169 Pg C
yr 1), the long-term trend (-0.05-0.84 Pg C yr2), and the interannual variability (0.32-5.89 Pg C yr!) and
response to drought events (varying degrees of negative anomaly).

Therefore, it is important to emphasize that while the GPP estimates are relatively mature compared to other

carbon fluxes, they are far from the point where they can slow down exploration. We must deeply understand

existing theories and models, combining data from increasingly advanced satellite datasets with observations

from flux towers to evaluate and constrain GPP estimation models to improve global GPP estimates.
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