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ABSTRACT

Modeling and prediction of terrestrial gross primary production (GPP) in the globe face many challenges. Here we use the Vegetation Photosynthesis
Model (VPM-v4), satellite images, atmospheric CO, concentration data, ERAS-Land dataset, and annual land cover maps to estimate global GPP
during 2000-2023. At the site scale, annual GPP and its interannual variability (IAV), and the trends from VPM-v4 have strong agreement with those
from the eddy covariance tower sites that have > 10 years of measurements, a total of 777 site-years. At the global scale, global annual GPP estimate
from VPM-v4 varies from 145 petagrams of carbon per year (Pg C-a™!) in 2000 to 166 Pg C-a™! in 2023, with an increasing trend of 0.78 Pg C-a™2,
which is higher than that from most terrestrial biospheric models (TBMs) and Earth system models (ESMs). The biochemical CO, effect on annual
GPP varies among the biomes and is high in tropical and subtropical forests and contributes substantially to continued increase of global annual GPP
during 2000-2023. In comparison to many TBMs and ESMs, global GPP estimates from VPM-v4 falls within the range of annual GPP estimates from
carbonyl sulfide (OCS)-based method (157 Pg C-a™!; 2000-2010), respiration-based method (149 Pg C-a™!), and '80-based method (150-175 Pg C-a™").
By integrating a Farquhar—von Caemmerer—Berry model (FvCB)-based representation of the biochemical CO, effect into a scalable satellite-based
light use efficiency (LUE) framework, this study bridges biochemical photosynthesis theory and global remote-sensing observations, advances the
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assessment of long-term GPP change, and provides a complementary basis for terrestrial carbon-cycle studies and TBM/ESM evaluation.
1. Introduction

Terrestrial gross primary production (GPP) is the largest carbon flux in the global carbon cycle [1-3]. Accurately quantifying
GPP is essential for understanding how terrestrial ecosystems respond to and regulate the impacts of climate change and rising
atmospheric CO,, as well as for formulating practices and policies for the management and conservation of these ecosystems
[4,5]. Many prognostic and diagnostic terrestrial biospheric models (TBMs) and Earth system models (ESMs) have been
developed and applied to estimate global GPP over the years, and these models vary in terms of model processes, variables,
algorithms, and parameters, ranging from complex and prognostic TBMs/ESMs incorporating detailed physiological processes
(e.g., dynamic global vegetation models (DGVMs)) to simple, diagnostic, data-driven models that combine remote sensing data
and statistical methods [6—11]. Over the past several decades, the estimates of global annual GPP from many models were
approximately ~120 petagrams of carbon per year (Pg C-a™") [3], which has been widely used in the study of the global carbon
cycle and budgets. However, recent studies reported that global annual GPP could be as high as ~(157 + 8.5) Pg C-a™! using the
carbonyl sulfide (OCS) flux method [12], ~149 Pg C-a™! with a soil respiration method [13], and 150-175 Pg C-a™! using the '0
method [14]. Given the large discrepancies among these GPP estimates and the role of GPP in the carbon cycle, further
development in GPP modeling is needed.

Plant photosynthesis is composed of light absorption (L), electron transport (J), and CO, assimilation (4) (Calvin cycle)
processes [15,16], which are represented differently in TBMs and ESMs. According to the classic Farquhar—von Caemmerer—
Berry model (FvCB) biochemical model of photosynthesis, which uses the maximum rate of RuBisCo carboxylase activity (Vcmax)
as a key parameter, higher atmospheric CO, concentration (c,) increases the CO, supply within leaves (c;), which could lead to a
higher proportion of Rubisco carboxylation (CO, fixation or assimilation) and a lower proportion of Rubisco oxygenation
(photorespiration), thereby directly improving photosynthetic efficiency [16—-18]. This “biochemical CO, effect” on GPP is
theoretically critical [19]. Among the data-driven TBMs, one group of models explicitly calculates light absorption and uses light
use efficiency (LUE) to approximate the complex CO, assimilation process [6]. The basic assumption of the LUE models is that
photosynthesis is directly related to absorbed photosynthetically active radiation (APAR) and LUE (g,). & is a parameter related
to the maximum LUE (en,,), which represents the theoretical &y, that vegetation can attain under stress-free or optimal growth
conditions [6,20]. Multiple environmental factors, such as air temperature, water availability (e.g., vapor pressure deficit (VPD),
soil moisture, and leaf water content), and c,, are used to constrain or downregulate &, and calculate the actual LUE (g4) under
prevailing environmental conditions. It is important to note that most LUE models do not explicitly account for the effect of c,
on &m,x. Due to the absence of an explicit representation of the biochemical CO, effect, many LUE models may systematically
underestimate GPP [2,21]. Global annual GPP estimates from these LUE models are in the range of 120-140 Pg C-a™! [3,22-24].
Underestimation of GPP is particularly severe in high-productivity regions such as pan-tropical rainforests [12,25]. Since the
biochemical CO, effect often interacts with air temperature and photosynthetically active radiation (PAR) conditions [17,19],
failing to incorporate it into LUE models explicitly may be closely linked to this underestimation of GPP. It is important to note
that these models do consider the “biophysical CO, effect,” whereby higher ¢, leads to greater leaf area or vegetative cover over
time, allowing plants to intercept more PAR—a biophysical process [26,27]. As these LUE models use leaf area index (LAI) or
vegetation indices derived from satellite data to estimate light absorption, they can capture the biophysical CO, effect but lack an
explicit representation of the biochemical CO, effect.

In addition to the magnitudes of global annual GPP estimates from these models, a large range and considerable uncertainty
also persist in the interannual variability (IAV) and trends of global annual GPP estimates from the LUE models [1,2]. A review
of multiple satellite-based GPP products indicates that the LUE models without the biochemical CO, effect (e.g., Model Tree
Ensemble (MTE) and Moderate Resolution Imaging Spectroradiometer (MODIS)) show weaker IAV and trends than most
process-based models [2]. Recent work suggests that rising c, explains approximately 44% of the global GPP increase over years
[17], with about 13.5% contributed by the biochemical CO, effect [19]. This implies that at least one-third of the GPP increase is
underestimated by current LUE models [17]. Moreover, different GPP data products vary substantially in their sensitivities to the
biochemical CO, effect [28,29], and these sensitivities remain underestimated [2,19,30]. Current improvements to LUE models
have primarily focused on refining model parameters and environmental constraints [31,32], with few studies systematically
incorporating the biochemical CO, effect as an independent factor [33].

In this study, we develop the new version of the Vegetation Photosynthesis Model (VPM-v4), which is built upon a previous
version (VPM-v3) [31,32,34] and explicitly incorporates the biochemical CO, effect based on the FvCB biochemical
photosynthetic CO, assimilation theory [16]. We hypothesize that explicit incorporation of the biochemical CO, effect improves
VPM’s model performance in estimating GPP and its IAV and trend. The VPM-v4 explicitly considers (D light absorption by
chlorophyll and leaf traits (broad leaf or flat leaf vs needle leaf); @ CO, assimilation by plant functional types (Cs and C,4 plants);
and () the effects of air temperature, water, and ¢, on CO, assimilation. Through simulations of VPM-v4 and VPM-v3, driven
by c,, ERAS-Land climate data, annual land cover maps, and satellite images, we have three specific objectives in this study.
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First, we assessed the biochemical CO, effect on GPP at the scale of eddy covariance (EC) tower sites. We achieved this by
comparing annual GPP and its IAV and trends from VPM-v4, VPM-v3, and EC observations. Second, we calculated global annual
GPP during 2000 - 2023 from VPM-v4 and VPM-v3 and assessed the biochemical CO, effect on GPP at the global scale. Third,

we compared the global annual GPP, IAV, trends, and their sensitivity to CO, (BR'") between VPM-v4, VPM-v3, and other
models. VPM-v4 may reduce the systematic underestimation of global GPP that is common in many LUE models, particularly in
highly productive tropical regions, and provides a more realistic representation of the IAV and long-term trends of annual GPP.
The resulting global GPP dataset could provide useful data for assessing GPP’s sensitivity to atmospheric CO, and evaluating the
performance of more complex TBMs and ESMs.

2. Material and methods

2.1. MOD09A1 v6.1 surface reflectance dataset

MODO09A1 v6.1 provides surface reflectance data for seven spectral bands at a 500-m spatial resolution and an 8-d temporal
resolution. The data product is corrected for atmospheric effects such as gases, aerosols, and Rayleigh scattering [35]. We
preprocessed the surface reflectance data by removing observations flagged by quality assurance (QA) as contaminated by clouds,
snow, or cloud shadows [36], and applying a blue-band threshold of 0.2 to filter out residual noise caused by atmospheric
scattering [37]. In addition, we performed temporal consistency check by using a 3-observation moving window (r — 1, ¢, ¢+ 1)
to eliminate abrupt reflectance changes inconsistent with normal vegetation dynamics [31]. Specifically, if the absolute slope
between the middle and adjacent time steps exceeded 0.15, we deemed the observation anomalous (i.e., of poor quality) and
removed it. Enhanced vegetation index (EVI) and the land surface water index (LSWI) were then calculated as inputs to the
VPMs, defined respectively as

Pnir—Pred
EVI = 25 X pn;r+(6><l7red_7-5prlue)+1 (1)

Prir—Pswir

LSWI = pnir+pswir (2)

where pnir, Pred> Polue, a0 Pswir are the surface reflectance bands of near-infrared, red, blue, and shortwave-infrared, respectively.
Here, we applied the surface reference curves from multi-year high quality observations and linear interpolation to fill the data
gaps in the vegetation index time series [23,32].

2.2. MCD12Q1 v6.1 land cover type dataset

MCDI12Q1 v6.1 provides 500-m global land cover classification layers, generated by machine learning algorithms and time-
series smoothing techniques [38]. In this study, we employed the land cover types identified by the International Geosphere-
Biosphere Programme (IGBP) and focused on the following 11 categories: croplands (CRO), closed shrublands (CSH), deciduous
broadleaf forests (DBF), evergreen broadleaf forests (EBF), evergreen needleleaf forests (ENF), grasslands (GRA), mixed forests
(MF), open shrublands (OSH), savannas (SAV), permanent wetlands (WET), and woody savannas (WSA).

2.3. ERAS5-Land reanalysis climate dataset

The ERAS5-Land reanalysis climate dataset, developed by the European Centre for Medium-Range Weather Forecasts
(ECMWF) [39,40], provides land surface variables at 0.1° spatial resolution and an hourly temporal resolution, allowing for a
refined representation of local climate conditions and their short-term fluctuations. A previous study comparing ground-based
climate measurements at 205 global EC tower sites with the ERA5-Land data showed strong agreement [32]. In this study, we
selected air temperature (7) and shortwave radiation (SW) from ERA5-Land as model inputs. SW (W -m™2) was first converted to
PAR expressed as energy (PARE, W-m™2), and then to PAR expressed as photosynthetic photon flux density (PPFD,
umol-m=2-s71), as follows:

PPFD:SWX}”SW PAR X O (3)

where rsw par = 0.45 is the conversion coefficient from SW (W-m™2) to PARE (W-m™) [31,32,41,42], and & = 4.56 pumol-J™!
is the conversion coefficient between energy (PARE, W-m™2) and quanta (PPFD, pmol-m - 2's - ') [31,32,43].

In addition, we calculated the VPD from air temperature (7)) and dew point temperature (74) using

— 17.27T 17.27T,
VPD=0.6108% exp (3373 wg) — 06108 exp (i) @)



2.4. Atmospheric CO, concentration

The annual ¢, dataset is from the National Oceanic and Atmospheric Administration (NOAA). Based on globally averaged
marine surface measurements from multiple monitoring stations, this dataset captures long-term variations in atmospheric CO,
levels. We obtained annual ¢, spanning from 2000 to 2023 from Ref. [44].

2.5. Global multi-resolution terrain elevation dataset

The Global Multi-resolution Terrain Elevation Data 2010 (GMTED2010) dataset provides globally distributed elevation data
at approximately 250-m spatial resolution, compiled from multiple sources [45]. The primary data source for GMTED2010 is the
National Geospatial-Intelligence Agency’s (NGA) Shuttle Radar Topography Mission (SRTM) Digital Terrain Elevation Data.

2.6. In-situ carbon flux data from the EC tower sites

We used in-situ GPP data from the EC tower sites to compare predicted GPP from VPM simulations. The in-situ GPP site data
were obtained from AmeriFlux and the FLUXNET portals. To evaluate GPP 1AV, we selected sites with at least 10 years of
observations (site-year > 10) and high data quality (i.e., > 90% high-quality observations labeled by quality flag). We further
restricted sites to latitudes between 60°N and 60°S. We also compared the IGBP ecosystem classifications provided by
FLUXNET2015 or AmeriFlux with those from the MODIS land cover data product, excluding any sites with mismatched
classifications. After screening, 59 sites were retained, spanning 11 biome types and totaling 777 site-years. Detailed IGBP
ecosystem classifications and data availability for these sites are provided in Fig. S1 in Appendix A.

2.7. GPP datasets from other models

For GPP comparison, we selected multiple global GPP estimates derived from various models. These models are grouped by
their methods. The first group includes the OCS-based estimates [12], the oxygen isotope ('#0)-based estimates [14], and soil
respiration-based estimates [13]. The second group includes 13 DGVMs, from version 13 of the Trends and Drivers of Terrestrial
Sources and Sinks of Carbon Dioxide used for the Global Carbon Budget 2024 (TRENDY-GCB2024), which encompass CO,-
inclusive scenario (S2) as well as CO,-exclusive scenario (S2 — S1 + S0; where S1 represents the simulation with varying
atmospheric CO, under baseline climate and land-use conditions, and SO represents the baseline simulation with fixed pre-
industrial CO, and land-use conditions [46]) (Text S1 in Appendix A). The third group includes the Photosynthesis and
Respiration (PR) Model, the Breathing Earth System Simulator (BESS), and the Biosphere—Atmosphere Exchange Process
Simulator (BEPS) models, which simulate ecophysiological processes to estimate GPP [10,11,47]. The fourth group includes the
simple statistical models using remote sensing data (e.g., Global OCO-2 Solar-Induced Chlorophyll Fluorescence (GOSIF) and
Near-Infrared Reflectance of Vegetation (NIRvV)), which rely on the statistical relationships between SIF or vegetation indices
and in-situ GPP to estimate GPP [24,48]. The fifth group includes the machine learning models using remote sensing and climate
data (e.g., the Global Land Carbon Fluxes dataset from FLUXCOM RS+METEQ, which uses CRUNCEP climate data), which
combines in-situ GPP data, remote sensing data, and CRUNCEP climate data for GPP estimation [7,49]. The sixth group includes
the LUE models, including the newly developed VPM-v4 (with CO5,) in this study, VPM-v3 (without CO,), Global Land Surface
Satellite (GLASS), EC-LUE, Light Response Function (LRF), and the MODIS MOD17 GPP/ net primary production (NPP)
product (MOD17) [50-53]. Additional details and corresponding citations can be found in Tables S1 and S2 in Appendix A.

2.8. Incorporating biochemical effect of CO, on GPP into the VPMs

VPM estimates daily GPP (g C-m™2-d™!) and considers two processes: (D the light absorption process (i.e., light absorption by
chlorophyll (APARy = PPFD x FPARy,), and @ the CO, assimilation process (i.e., LUE (g,)). In VPM-v3, we consider air
temperature and water to downregulate the maximum LUE (&nax) (6g=€max X fTT) X fIW)):

GPPvem-v3 = PPFD X FPARpy X emax X A1) X f(W) (5)

_ fa+ygxEVI, ifneedleleaf
FPARG, = {°, ") EVI,  ifbroadleaf ©
(T_Tmax)x (T_Tmin)
f(D = (T_Tmax)x(T_Tmin)_(T_Topl)z (7)




1+LSWI

S =1Tmswi. ©®

where FPARy is calculated as a linear function of EVI, with the coefficient a set to —0.1. yg represents needleleaf trait related to
how chloroplasts are arranged in needleleaf. Here y is a leaf structure correction factor, introduced in VPM-v3 to reduce the
underestimation of APAR,y in needleleaf (yg = 1.25) [32]. The apparent quantum yield, or maximum LUE, e, is set at 0.53 (g
C:(mol PAR) ! or 0.044 mol CO,(mol PAR)™) for C; plants and 0.79 (g C:(mol PAR)™! or 0.066 mol CO,:(mol PAR)™) for C,
plants, and for mixed C3 - C,4 pixels we use a fractional-cover-weighted average emax [32,54]. f{T) and f{W) are the dimensionless
temperature and water stress scalars, respectively. The air temperature parameters Tiin, Topi, and Tnay are the minimum, optimum,
and maximum temperatures for CO, assimilation, respectively. Ty,.x and Ty, were obtained from a look-up table for individual
biomes, and T, was obtained from a global site-specific T, dataset [55]. Previous studies have shown that site-specific Top
improves characterization of CO, assimilation response curve to air temperature and model performance [32]. EVI and LSWI
were calculated from MODO09A1 multispectral surface reflectance data.

In VPM-v4, we consider the biochemical effect of ¢, on CO, assimilation. Previous studies have demonstrated that the
sensitivity of ecosystem-scale GPP to CO, is consistent with the sensitivity of electron transport-limited gross photosynthetic rate
(Agross) [19,56]. Hence, the influence of CO, on CO, assimilation can be incorporated into the VPM as an additional environmental
factor. VPM-v4 estimates daily GPP as
GPPvpm-v4 = PPFD X FPAR p; X emax X f{T) X fIW) X f(CO,) (9)

Note that f{CO;) is applied only to C; plants. f{CO,) can be estimated through the following steps. To highlight that the
biochemical CO, effect is “additional” or relative to pre-industrial levels, we establish a baseline assumption that pre-industrial
¢, were maintained at a relatively stable and low value. As ¢, increased over time, the model compares simulation results between
two CO, scenarios (or different observation years) to quantify the additional carbon fixed at the biochemical level in the leaves.

Thus, f{CO5) is quantified as a relative gain compared to the pre-industrial era:

Agross
f(COy) = A (10)
where A, is estimated according to the biochemical photosynthetic CO, assimilation theory in the FvCB model (Text S2 in
baseline
)

Appendix A). ¢ denotes the simulation year from 2000 to 2023. In this study, we estimate the pre-industrial baseline (Agross

using ¢, = 278 ppm and reference climatology based on ERA5-Land data from 1950s [57]. Because gridded climate fields for
year 1750 are not available, we conducted a sensitivity analysis in which the 1951-1960 baseline climate was perturbed to
construct three synthetic climate scenarios representative of pre-industrial conditions. The resulting {CO,) fields differ from the
original baseline by less than 1% globally (Fig. S2 in Appendix A), indicating that using the 1950s climate as a baseline is within
an acceptable error range. Accordingly, our CO,-related estimate represents an effective net CO,-related contribution under the
stated assumptions, not a strict pre-industrial climate counterfactual attribution. Then, for each year from 2000 to 2023, we

estimate Aéross using the corresponding CO, concentration and climate data. Finally, f{CO,) is calculated as the ratio of Atgross/

Agf}g:;ine. As a result, f{CO,) is a dimensionless factor defined as the relative enhancement of leaf-level photosynthesis by rising

CO;. Our results indicate that, from a global perspective, regions with higher f{CO,) values are predominantly located in the low-
latitude tropics and subtropics (Figs. S3(a)—(c) in Appendix A). Moreover, the long-term trend shows a significant increase in
fICOy,) in these regions, suggesting that the biochemical CO, effect is most pronounced in tropical and subtropical regions and
diminishes with increasing latitudes (Fig. S3(d) in Appendix A).

3. Results

3.1. Biochemical CO; effect on annual GPP at the EC tower sites

At the site scale, we compared annual GPPgc (g C-m2-a™!) from 59 EC tower sites with GPP from VPM-v4 (with CO,) and
VPM-v3 (without CO,) over 777 site-years (Fig. 1). The comparison focused on annual GPP and its IAV and trends. Annual
GPPgc shows an increasing GPP trend from 2000 to 2023 with a rate of 6.0 g C-m~2-a 2 (Fig. 1(a)). Annual GPP from VPM-v4
also shows an increasing GPP trend over the years with a rate of 5.3 g C-m 2-a 2, which is slightly (12%) lower than that from
the EC tower sites. Annual GPP from VPM-v3 did have an increasing trend, but with a much smaller rate of 3.8 g C'm2 a2,
Those sites that have a higher f{CO,) also exhibit larger GPP IAV, and the sensitivity of GPP IAV to f{CO,) in VPM-v4 is closer
to that from the EC tower sites than VPM-v3 (Fig. S4 in Appendix A). These results suggest that incorporation of f{CO,) into the
VPM-v4 model enhances its ability to capture the GPP IAV and trend at the EC tower sites. This improved prediction of GPP
IAV by VPM-v4 is evident across most biomes, including CRO, CSH, EBF, ENF, GRA, MF, and WSA (Fig. S5 in Appendix A).

With regard to annual GPP (g C-m™2-a™'), a linear regression analysis (without an intercept, emphasizing a comparison of one
variable from two methods) between VPM-v4 estimates and EC tower observations yielded a slope of 0.99, a coefficient of



determination (R?) of 0.67, and a relative root-mean-square error (rRMSE) of 33.07% (Fig. 1(b)), higher than that from the
regression analysis between VPM-v3 and EC tower observations (slope = 0.90, R? = 0.67, IRMSE = 34.51%) (Fig. 1(c)). The
closer-to-unity (i.e., the 1:1 line) slope for VPM-v4 indicates that it does not underestimate GPP at the site scale after we
incorporate the biochemical CO, effect on GPP. This improvement of VPM-v4 over VPM-v3 is also observed in biomes such as
EBF, ENF, SAV, and CRO (Fig. S6 in Appendix A).
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Fig. 1. Comparison of GPP estimates from EC tower measurements and the VPMs (VPM-v4 and VPM-v3). (a) Comparison of GPP IAV, where [AV
was quantified as the standard deviation of annual GPP anomalies relative to the multi-year mean. Each point in the time series represents the mean
GPP 1AV across all site-years, with the number annotated on each point indicating the total number of site-years for that year from sites. The grey
buffer represents the GPP range derived using covariance techniques from both nighttime- and daytime-partitioning methods. (b, ¢) Comparison of
annual GPP magnitude, with (b) showing the relationship between GPP from VPM-v4 and EC tower, and (c) showing the relationship between GPP
from VPM-v3 and EC tower. The annual GPP magnitude was calculated as the total GPP over a year, and these comparisons are conducted using
simple linear regression.

3.2. Biochemical CO; effect on GPP at the global scale from 2000 to 2023

Global annual GPP estimates during 2000-2023 from VPM-v4 (with CO,) range from 145 Pg C-a™! in 2000 to 166 Pg C-a’!
in 2023, with an average estimate of (155 + 6) Pg C-a™! and an annual increase rate of 0.78 Pg C-a™2 (Fig. 2(a)). Global annual
GPP estimates from VPM-v3 (without CO,) range from 135 Pg C-a™! in 2000 to 151 Pg C-a™! in 2023, with an average estimate
of (143 + 4) Pg C-a! and an annual increase rate of 0.57 Pg C-a~2 (Fig. 2(a)). On average, the biochemical CO, effect (VPM-v4)
results in an increase of mean global annual GPP (12 Pg C-a™!; ~9%) over the VPM-v3. The spatial differences between these
two GPP data products are most pronounced in the tropical and subtropical regions (Figs. 2(b)—(d)), where vegetation are
dominated by EBF, GRA, WSA, SAV, and CRO (Figs. S7 and S8 in Appendix A). Mid-to-high latitude regions dominated by
DBF, ENF, MF, and OSH exhibit relatively smaller differences (Figs. S7 and S8). At the scale of biomes (Fig. S9 in Appendix
A), the largest difference between these two models occurred in EBF, where mean annual GPP from VPM-v4 was 38.46 Pg C-a™!,
approximately ~3.19 Pg C-a! (~9%) higher than the estimate from VPM-v3 of 35.26 Pg C-a™'. Biomes such as GRA, SAV, CRO,
and WSA also exhibit varying degrees of GPP increase in VPM-v4. In contrast, DBF, ENF, MF, and OSH show small differences
between VPM-v4 (with CO,) and VPM-v3 (without CO,).
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Fig. 2. Comparison of global GPP estimates from VPM-v4 and VPM-v3. (a) The global GPP estimated by VPM-v4 and VPM-v3 from 2000 to 2023,
where the difference (diff) is calculated as the difference between VPM-v4 and VPM-v3. (b) The spatial distribution of the annual GPP magnitude
estimated by VPM-v4, while (c) is the spatial distribution of the diff in annual GPP magnitude between VPM-v4 and VPM-v3. (d) The latitudinal
gradient of the diff, with the curve representing the average of all pixels within each 2° latitudinal bands. Data analysis was carried out at a 500-m
spatial resolution and visualized at a 1° spatial resolution.

3.3. Comparison of global annual GPP estimates from VPM-v4 and other GPP models

We compared the global annual GPP estimates from the VPM-v4 model with those from other models in terms of annual GPP
magnitude and interannual trends. The models in the comparison are grouped into four categories: 1) DGVMs, including 13
models that run simulations with CO, or without CO,; @) satellite-based models using Ve parameter for CO, assimilation,
including BESS, BEPS, and PR; 3 satellite-based model using &y, parameter for CO, assimilation with or without biochemical
CO; effect, including VPM-v4 and VPM-v3, MOD17, LRF, EC-LUE, and GLASS; and @ statistical models trained with EC
data and satellite data (FPAR, NIRv, and SIF), including FLUXCOM, NIRv, and GOSIF models.
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As shown in Fig. 3(a), the mean global annual GPP estimate during 2000-2023 from VPM-v4 ((155 + 6) Pg C-a™!) is very
close to the estimate from the OCS method ((157 + 8.5) Pg C-a™!, 2000-2010) [12], within the range of 150-175 Pg C-a™! from
180 methods [14], and slightly higher than the estimate of 149 Pg C-a™! from soil respiration method [13]. A latitudinal profile
comparison of annual GPP from VPM with that from the OCS method reveals a high degree of consistency along the latitudinal
gradient (Fig. 3(b)). In the tropical regions, annual GPP from VPM-v3 is smaller than that from the OCS method, whereas annual
GPP from VPM-v4 is closer to that from the OCS method. VPM-v4 GPP magnitude closely matches that from the OCS method
between 0°S and 10°S latitudinal zone. Note that annual GPP from VPM-v4 between 10°S and 20°S latitudinal zone is slightly
higher than that from the OCS method, where vegetation in Africa is dominated by C, grasses. VPM-v4 model simulations
employed an updated and detailed C4 vegetation distribution map (Section 2 for more details). Note that C4 plants have higher
maximum LUE parameter value than C; plants.

Mean global annual GPP estimates from various models are compared (Fig. 3, Fig. S10 in Appendix A and Table S1). Mean
global annual GPP from three satellite-based models using Vcp,a, parameter (PR, BESS, and BEPS) was (132 + 6) Pg C-a™! (Fig.
S10(a)). Mean global annual GPP from four satellite-based models using &y, (MOD17, LRF, EC-LUE, and GLASS) is (114 +
12) Pg C-a’!, ranging from 98 to 130 Pg C-a™!. Mean global annual GPP from three statistical models (FLUXCOM, NIRv, and
GOSIF) were (124 £ 7) Pg C-a™, (135 £ 9) Pg C-a™!, and (147 + 16) Pg C-a™!, respectively. Mean global annual GPP from 13
models in the CO,-inclusive DGVMs ensemble varied substantially, and four of them (CLM5.0, iIMAPLE, LPJmL, and LPJwsl)
have comparable annual GPP with VPM-v4 (Fig. S10(b)). It is clear that most of the models without biochemical CO, effect have
lower annual GPP than the models with biochemical CO, effect and are noticeably lower than the global GPP estimates from the
OCS method.

IAV and trends of global annual GPP from various models are compared (Figs. S11 and S12, Tables S2 and S3 in Appendix
A). The global annual GPP from 2000 to 2023 from these models have substantial differences in both IAV and trends over years.
We conducted two sets of comparisons to evaluate interannual trends of global annual GPP, based on the data availability among
the models. The first comparison covers the period from 2001 to 2011, during which period data from all selected models were
available (Figs. 3(c) - (e)) and Table S2). The CO,-inclusive DGVM ensemble has a large interannual trends of ~0.57 Pg C-a™2.
The satellite-based models using Ve, parameter (PR, BESS, and BEPS) have moderate trends ranging from ~0.36 to ~0.46 Pg
C-a2. The CO,-exclusive DGVM ensemble has a small interannual trend of 0.17 Pg C-a 2. The satellite-based models using &payx
parameter have a wide range of interannual trends, with values of 0.89 (VPM-v4), 0.64 (VPM-v3), 0.47 (MOD17), 0.27 (LRF),
—0.25 (EC-LUE), and —0.35 (GLASS) Pg C-a™2. The statistical models (FLUXCOM and GOSIF) also have a large range of
interannual trends, varying from 0.06 (FLUXCOM) to 0.66 (GOSIF) Pg C a 2. The second comparison covers the period of 2000—
2023 (Fig. S13(b) and Table S4 in Appendix A). VPM-v4 (with CO,) had the largest trend (0.78 Pg C-a™2), followed by VPM-v3
(without CO,, 0.57 Pg C-a?), the CO,-inclusive DGVM ensemble (0.43 Pg C-a2), and the CO,-exclusive DGVM ensemble (0.03
Pg C-a2). The interannual trends of global annual GPP from VPM simulations are consistently larger than those from DGVMs.
Among the 13 DGVMs, CO»-inclusive simulations show large (0.64 Pg C-a™? in iMAPLE) to moderate (0.28 Pg C-a™? in
CLASSIC) increasing trend in global annual GPP, while CO,-exclusive simulations show interannual trends in global annual GPP
from small (0.18 Pg C-a 2 in LPJmL) increase to a slight decline (=0.04 Pg C-a~? in CABLE-POP).
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Fig. 3. Intercomparison of GPP estimates from multiple models. (a) Global GPP estimates and their ranges are presented for all models and grouped
by category. VPM-v4 and VPM-v3 are the estimates from this study, while estimates for other models are derived from historical literature or published
datasets. Detailed estimates for each model can be found in Fig. S10 in Appendix A. The range for each category is calculated across all models within
that category using the propagation of uncertainty method. (b) The latitudinal distribution of GPP is shown for VPM-v4, VPM-v3, and the OCS method,
with curves estimated as the average of all pixels within each 2° latitudinal band. (¢ - €) The interannual trends (Pg C-a"?) of the selected models from
2001 to 2011. These models were selected because the data provided by these models overlap during the period of 2001-2011 with (c) the trend of all
selected models, and (d, e) are two estimates (CO,-inclusive, CO,-exclusive) of the 13 models in DGVM ensemble, respectively.

3.4. Comparison of GPP sensitivity (BS' ") to increased CO; concentration

We compared the sensitivity of global annual GPP during 2000-2023 from VPM and DGVMs to the increase of c, (Fig. 4(a)).
Global annual GPP from VPM-v4 (slope = 0.90, R> = 0.95, p < 0.01), the COy-inclusive DGVM ensemble (slope = 0.53, R*> =
0.93, p <0.01), and VPM-v3 (slope = 0.70, R>=0.92, p < 0.01) significantly increase with rising c,. As anticipated, global annual
GPP from the CO,-exclusive DGVM ensemble had little to no changes with rising ¢, (slope = 0.04, R? = 0.05, p = 0.31). We
further calculated a dimensionless coefficient, BRT", to represent the sensitivity of GPP to historical changes in ¢, during 2000
2023 (Fig. 4(b) and Table S4). Our method for calculating S%' " is based on previous literature and is anticipated to yield a metric
that can be directly compared with other studies [19]. The BT is (0.59 £ 0.16) for the CO,-inclusive DGVMs and (0.03 + 0.03)
for the CO»-exclusive DGVMs (Fig. 4(b), Fig. S14 in Appendix A). The S{" is (0.97 + 0.07) for VPM-v4 and (0.76 + 0.05) for
VPM-v3, respectively (Fig. 4(b)). In both DGVMs and VPM-v4, explicitly including CO, substantially enhances the sensitivity
of GPP to ¢, changes. At the scale of biome, after incorporating the CO, into VPM-v4, the sensitivity of annual GPP to c, increases
across all eleven biomes, with the largest increases in EBF (Fig. S15 in Appendix A). The BRFF values are large for EBF, moderate
for CRO, SAV, and WSA, and small for OSH and WET.
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Fig. 4. Sensitivity of GPP to atmospheric CO, concentration (¢a). (a) Comparison of the changes in GPP (AGPP) against changes in atmospheric CO,
concentration (Aca) using data from both the VPMs (VPM-v4 and VPM-v3) and a DGVM ensemble (CO,-inclusive and CO,-exclusive). These two
sets of models—yielding four estimates in total—were chosen because they provide continuous global GPP estimates from 2000 to 2023. Slope, R?,

and significance (p) are calculated from simple linear regression. (b) The magnitude and range of the sensitivity coefficient (BEPP) for these four

estimates. Specific values for each model within the DGVM ensemble can be found in Table S4 and Fig. S14 in Appendix A.
4. Discussion and conclusions

The effects of increased c, on plants are well recognized but are very difficult to quantify at the ecosystem scale, as it has
biochemical effects (e.g., photosynthesis) and biophysical effects (e.g., leaf traits, LAI, and transpiration) [19]. Most satellite-
based LUE models use LAI or vegetation indices (e.g., normalized difference vegetation index (NDVI) and EVI) to estimate
FPAR, thereby partly accounting for the biophysical CO, effect through CO,-driven increases in canopy leaf area [26,27]. This
is evidenced by the fact that, on average, models using remote sensing data (VPM-v3 and GOSIF) have noticeably larger global
annual GPP estimates, IAV and trends than those from the CO,-exclusive DGVM models (ensemble mean and uncertainty of
global annual GPP derived from the 13 models: (112 + 17) Pg C-a™!; Fig. 3(a) and Fig. S10(a)). However, it is also clear that
solely incorporation of the biophysical CO, effects is not sufficient for accurate GPP estimation [1,2]. Estimates from the 13
DGVM models give an average global GPP of (140 = 11) Pg C-a™! under CO»-inclusive scenarios, which is approximately 28 Pg
C-a7! (25%) larger than the averaged global GPP under CO,-exclusive scenarios (112 + 17) Pg C-a™!). Therefore, it is imperative
to incorporate biochemical CO, effects into those satellite-based models using &, in CO; fixation [33].

In this study, we introduced an environmental factor, {CO,), to represent the biochemical CO, effect in VPM-v4 (Section 2).
The spatio - temporal distribution of f{CO,) reveals that the biochemical CO, effect follows a clear spatial pattern, being smaller
at high latitudes but larger in tropical and subtropical regions (Fig. S3). This distribution pattern is primarily attributable to the
dynamic representation of y(c; * c; 1), which integrates the influences of c,, air temperature, VPD, and elevation [58]. Previous
studies have shown that warm and humid regions typically exhibit a marked CO, effect [59]. According to the least-cost
hypothesis, when air temperatures are relatively high and water supply is adequate (i.e., when VPD is low), plants can afford to
increase or maintain an optimal stomatal aperture [60,61], thereby sustaining higher ¢; as c, rises [18]. This enhances the relative
advantage of carboxylation over photorespiration, leading to a more pronounced net CO, assimilation [16,18]. Conversely, under
conditions of low air temperature or significant drought stress, increases in ¢, do not translate into comparable increments in ¢;
[62,63]. These phenomena have been confirmed by multiple ground-based observational studies [18,28,58,64—66], and help
explain the particularly strong biochemical CO, effects observed in rainforests, GRA, and SAV ecosystems in the tropical and
subtropical regions. Altogether, these results underscore the substantial and non-negligible influence of the biochemical CO,
effect on photosynthesis at the global scale.

In addition to explicitly modeling both biochemical and biophysical CO, effects, VPM-v4 also inherits critical improvements
on several environmental and biological factors from VPM-v3 [32]. VPM-v3 considers (D the effect of leaf traits (broadleaf vs
needleleaf) on light absorption by chlorophyll [67]; @) plant functional types (C3 and C4 photosynthesis pathways) on &pex [23,32];
(3 a site-specific optimum air temperature parameter (7, optsite) 0N LUE ¢ [31,32,34,68]; and @ a site-specific water scalar on gy
under dry and normal conditions [32,34]. In comparison to other LUE models that use biome-specific optimum air temperature
parameters (7opebiome) for photosynthesis, these site-specific parameters used in VPM-v3 and VPM-v4 have substantially
improved GPP estimates from individual sites to the global level [32].

VPM-v4 incorporates the biochemical CO, effect and uses satellite images as input data, representing a major improvement in
diagnostic and data-driven TBMs. We selected OCS-derived GPP as a reference because previous research reported that OCS
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flux-based GPP correlates well with flux tower observations in tropical regions (e.g., eastern Amazonia), providing a relatively
robust estimate of tropical GPP [12]. This consistency highlights the considerable improvement in tropical GPP estimations
achieved by VPM-v4. Given the critical role of pan-tropical rainforests in the global carbon cycle and the widespread
underestimation of GPP in these regions by most LUE models [22,23,32,53], this improvement is particularly important. The
main scientific advance of VPM-v4 is the integration of an explicit, FvCB-based representation of the biochemical CO, effect
into a satellite-based LUE framework that also represents canopy light absorption from satellite observations. This transparent
formulation allows the contribution of the added biochemical pathway to be evaluated through paired VPM-v4 and VPM-v3
simulations under otherwise identical forcing. From a practical perspective, the resulting 2000-2023 global GPP estimates can
support analyses of regional and biome-level CO, responses, provide prior information for terrestrial-atmospheric carbon-cycle
inversions, and offer a complementary reference for the intercomparison and evaluation of TBMs and ESMs.

Many studies have investigated [AV and trends of LAI and vegetation greenness (as measured by NDVI or EVI), using time
series from AVHRR data during 1982-2009 [69] and MODIS data since 2000 [70-72]. These satellite records document a
continuous increase in vegetation greenness over the global land surface during 2000-2023 [71]. Because VPM-v3, GOSIF, and
MOD17 use vegetation indices and/or SIF data, they can capture part of the canopy greenness signal, including the biophysical
CO, effect, and therefore show moderate increasing trends in global annual GPP even without explicitly incorporating the
biochemical CO, effect. However, most satellite-based models still exhibit smaller GPP IAV and trends than DGVMs [2,64].
This difference may partly reflect their omission of the biochemical CO, effect, although climate variability, land-use change,
and disturbances also contribute to differences in modeled GPP variability and trends [3,47,69,73].

The CO,-exclusive DGVM ensemble has a small interannual trend of 0.17 Pg C-a~2 during 2001-2011 (Table S2) and 0.03 Pg
C-a? during 2000-2023 (Table S3), which reflects the increased negative effect of climate changes on GPP in 2010s. The CO,-
inclusive DGVM ensemble has a moderate trend of 0.57 Pg C-a™? during 2001-2011 and 0.43 Pg C-a~% during 2000-2023, which
also reflects the increased negative effect of climate change on GPP in 2010s. VPM-v4 reported an interannual trend of 0.89 Pg
C-a 2 during 2001-2011 and 0.78 Pg C-a2 during 2000-2023. We reviewed the CO, sensitivity of GPP (8%'") estimates from
previous publications to search for evidence that may support the estimates of the GPP IAV and trends estimated by VPM-v4.
Previous publications reported that BR°" varies across the studies but generally falls within a relatively moderate range, with
estimates of (1.3 = 2.3) from the ice core measurements of atmospheric O, isotopes [74], 1.12 from an analytical framework based
on photosynthetic optimization theory at 68 EC tower sites [17], (1.1 £ 0.5) from the satellite-derived evapotranspiration with
ecosystem water-use-efficiency models [75], and (0.95 + 0.2) from the OCS-based methods [76]. VPM-v4 estimates B%. " to be
0.97, which falls within the historical estimate range of 0.9 to 1.3 but is higher than 13 models in the CO,-inclusive DGVM
ensemble (0.39 - 0.90, Table S4).

These results should be interpreted alongside other processes and uncertainties. Nutrient limitation and deposition,
photosynthetic acclimation to CO,, and uncertainties in meteorological forcing and satellite data can all modify the biochemical
CO, effect on GPP. In this context, the CO; scalar, f{CO,), in VPM-v4 should be viewed as an effective net CO,-related response
under current nutrient and acclimation conditions. In the current implementation, f{CO,) is calculated as a year-specific scalar
and applied uniformly to all sub-annual time steps within a given year. This design is consistent with the focus of this study on
interannual to multi-decadal changes in GPP, but it does not modify seasonal interactions among CO,, temperature, water stress,
and phenology or the timing and shape of seasonal GPP dynamics. Future work should include more comprehensive uncertainty
and sensitivity analyses, develop a temporally varying CO, response, and evaluate it against sub-annual EC observations.

As ¢, continues to rise, global GPP is expected to increase, especially in tropical regions where the biochemical CO, effect is
particularly pronounced [77]. Driven by rising ¢, and climate change, global greening, as measured by LAI and GPP, was well
documented [69]. VPM-v4 predicts a significant increasing interannual trend of global annual GPP over 2000-2023, which is
considerably higher than the interannual trends reported in many models. The principal scientific contribution of VPM-v4 is the
explicit integration of an FvCB-based biochemical CO, response into a satellite-based LUE framework, providing a transparent
approach for examining the magnitude and spatial variation of recent GPP change. The resulting 2000 - 2023 global GPP
estimates can provide complementary prior information for terrestrial-atmospheric carbon-cycle inversions and a reference for
evaluating GPP magnitude and trends in TBMs and ESMs.

Data availability

All  datasets used in  this study are  available. = MODO09A1  v6.1 data is  available at

https://Ipdaac.usgs.gov/products/mod09alv061/. MCD12Q1 v6.1 data is available at
https://Ipdaac.usgs.gov/products/mcd12q1v061/. ERAS5-Land is available at https://cds.climate.copernicus.cu/datasets/reanalysis-
era5-land?tab=overview. Atmospheric CO, concentration data is available at
https://gml.noaa.gov/ccgg/trends/global.html?doi=10.15138/9n0h-zh07. GMTED2010 is available at
https://www.usgs.gov/coastal-changes-and-impacts/gmted2010. FLUXNET GPP data is available at
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https://fluxnet.org/data/fluxnet2015-dataset/. OCS-derived GPP is available at https://doi.org/10.7298/mxg9-7176. GOSIF GPP
is available at https://globalecology.unh.edu/data/GOSIF.html. BESS GPP is available at
https://www.environment.snu.ac.kr/data/. BEPS GPP is available at
https://www.scidb.cn/en/detail?dataSetld=4d39431492e1481d9¢653¢140a98d784. DGVMs GPP data is available at
https://globalcarbonbudget.org/gcb-2024/. FLUXCOM GPP data is available at https:/www.fluxcom.org/. GLASS GPP is
available at https://glass.hku.hk/download.html. MODIS GPP is available at
https://modis.gsfc.nasa.gov/data/dataprod/mod17.php. GPP estimated from 80 [4], soil respiration [3], NIRv [67], PR [52], EC-
LUE [46], and LRF [69] were reported in publications.
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