
Science of the Total Environment 755 (2021) 142569

Contents lists available at ScienceDirect

Science of the Total Environment

j ourna l homepage: www.e lsev ie r .com/ locate /sc i totenv
Tracking the seasonal and inter-annual variations of global gross primary
production during last four decades using satellite near-infrared
reflectance data
Songhan Wang a,b, Yongguang Zhang a,b,c,⁎, Weimin Ju a,b, Bo Qiu a,b, Zhaoying Zhang a,b

a International Institute for Earth System Sciences, Nanjing University, Nanjing 210023, China
b Jiangsu Provincial Key Laboratory ofGeographic Information Technology, Key Laboratory for Land Satellite Remote Sensing Applications ofMinistry of Natural Resources, School of Geography and
Ocean Science, Nanjing University, Nanjing, Jiangsu 210023, China
c Nantong Academy of Intelligent Sensing, Nantong, Jiangsu 226000, China
H I G H L I G H T S G R A P H I C A L A B S T R A C T
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• NIRv accurately captured both the sea-
sonal and annual variation in GPP at
flux sites.

• The inter-annual trends of GPPNIRv were
consistent with processed-based
models.

• GPPNIRv could be beneficial for the esti-
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Terrestrial vegetation absorbs approximately 30% of the anthropogenic carbon dioxide (CO2) emitted into the at-
mosphere through photosynthesis (represented by gross primary productivity, GPP) and thus effectively miti-
gates global warming. However, large uncertainties still remain in the global GPP estimations and their long-
term trends. Herewe used the satellite-based near-infrared reflectance (NIRv) as the proxy of GPP and generated
a global long-term (1982–2018) GPP datasets (hereafter GPPNIRv). Analysis at the site-level showed that NIRv
could accurately capture both the monthly and annual variations in GPP (R2 = 0.71 and 0.74 respectively) at
104 flux sites. Upscaling the relationships between NIRv and GPP to the global scale, the global annual GPP
was estimated to be 128.3 ± 4.0 Pg C yr−1 during the last four decades, which fell between the estimations
from the machine-learning upscaling approach, light-use-efficiency (LUE) models and processed-based models.
The seasonal variation of GPPNIRv was also consistent with those from flux sites and models. More importantly,
the inter-annual trends in GPPNIRv during the last four decades were consistent with those from processed-
based models across latitudes, which outperformed the other GPP products. This evidence suggested that the
long-term GPP datasets derived from NIRv have better abilities to capture the seasonal and inter-annual varia-
tions of terrestrial GPP at the global scale. The long-term GPPNIRv product could be beneficial for the estimation
of terrestrial carbon fluxes and for the projection of future climates.
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1. Introduction

Terrestrial gross primary production (GPP), expressed as the atmo-
spheric carbon dioxide (CO2) fixed by vegetation photosynthesis (Ryu
et al., 2019), contributes as the largest flux in the global carbon budget
and effectively mitigates global warming (Friedlingstein et al., 2019;
Pachauri et al., 2014). Despite its importance, the global GPP remains
as the largest uncertain part in global carbon cycles, varying from 112
to 169 Pg C yr−1 (Anav et al., 2015). More importantly, the long-term
annual trends of global terrestrial GPP also have large divergences,
with a minimum of −0.15 Pg C yr−1 to a maximum of 1.09 Pg C yr−1

(Anav et al., 2015; Cai et al., 2014). These evidences provide a strong
motivation for better understanding the global spatial-temporal varia-
tions of terrestrial GPP, to fulfill the increasing requirements from global
climatic, agricultural and ecological studies.

GPP cannot bemeasured directly at the scales beyond leaf-level (Ma
et al., 2015), but could be estimated based on eddy-covariance tech-
niques through the separation of net carbon exchange at the ecosystem
scale (Reichstein et al., 2005). Benefiting from the hundreds of flux
tower stations (Baldocchi et al., 2001), several semi-empirical or empir-
ical approaches have been used to upscale the site-level GPP estimates
to regional or global scales, of which the data-driven (based on
machine-learning) and the light-use-efficiency (LUE) models are the
most widely used (Beer et al., 2010; Keenan et al., 2016; Running
et al., 2004; Zhang et al., 2017). By establishing the relationships be-
tween local drivers and ground GPP estimations and upscaling them
into the regional and global scales, thesemodels have been successfully
used to estimate global GPP (Smith et al., 2016; Yuan et al., 2007), albeit
with large differences and several limitations (Yuan et al., 2014). For ex-
ample, the GPP product based onModel Tree Ensembles (MTE)may not
be suitable for long-term analysis because of the weaker sensitivities to
climate variations (Jung et al., 2009). And the LUE-based models gener-
ally yield inconsistent long-term temporal variations in GPP due to lack-
ing consideration of some important mechanisms, e.g., the direct
impacts of CO2 fertilization effect and the soil moisture impacts on
LUE (De Kauwe et al., 2016; Stocker et al., 2019). A recent study has im-
proved the LUE-basedmodel by adding the considerations of CO2 effects
onGPP (Zheng et al., 2019).Moreover, by including an optimality-based
theory to simulate LUE, the recent proposed P-model has estimated
global GPP with adequate precision (Stocker et al., 2020). Another ap-
proach to estimate the global GPP is process-based models, which sim-
ulate the biochemical and ecophysiological processes to represent the
responses of vegetation to climatic and environmental factors (Chen
et al., 2019; Jiang and Ryu, 2016; Ju et al., 2006; Sitch et al., 2015). Suf-
fering from the uncertaintieswithinmodel structures, parameter values
and forcing variables, the outputs of thesemodels generally have a large
degree of variability (Anav et al., 2015).

Recently, the emerging improvements in the direct proxies of GPP,
including the solar-induced chlorophyll fluorescence (SIF) and near-
infrared reflectance (NIRv), provide alternative approaches to estimate
global GPP (Badgley et al., 2017; Guanter et al., 2014). Providing the in-
formation of vegetation physiological and biochemical functions
(Porcar-Castell et al., 2014;Wang et al., 2019), satellite-based SIF obser-
vations have been widely used as a proxy for GPP at the global scale.
However, generally limited by its coarse resolution, short duration
(only started from 1995), and sensor degradations impacts (Zhang
et al., 2018), satellite SIF can hardly be used to monitor the long-term
trends in global GPP. The recent proposed NIRv, however, could be re-
trieved from the Advanced Very High Resolution Radiometer (AVHRR,
started from 1981). Moreover, NIRv has been suggested as the effective
substitution of satellite SIF through theoretical derivations and radiative
transfer simulations (Badgley et al., 2017; Zeng et al., 2019). Based on
GPP estimates from hundreds of flux sites, and ground continuousmea-
surements (Badgley et al., 2019; Baldocchi et al., 2020; Dechant et al.,
2020; Wu et al., 2019), NIRv has been found to have strong correlations
withGPP in various ecosystems and climate conditions. Previous studies
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have suggested that NIRv was highly correlated with GPP both in space
and time (Badgley et al., 2017; Baldocchi et al., 2020), which is the basic
foundation of this study. NIRv also has several advantages compared to
other satellite indices that used for estimating GPP. For example, NIRv
does not saturate at areaswith high leaf area indices and it is insensitive
to non-vegetation targets (Baldocchi et al., 2020). A global GPPmap has
been developed based on MODIS (Moderate Resolution Imaging
Spectroradiometer) NIRv, which is consistent with the data-driven
product and global constraints from oxygen isotopes (Badgley et al.,
2019). Badgley et al. (2019) also suggested that using satellite NIRv to
estimate global GPP does not need additional information on environ-
mental conditions, such as temperature, precipitation, vapor pressure
deficit and incoming radiation.

Although global GPP have been estimated based onMODIS NIRv, the
seasonal and long-term inter-annual variations of GPP based on NIRv
have not been fully investigated. Therefore, in this study, based on
AVHRR NIRv observations, we were aiming to generate a long-term
global GPP product which could capture the seasonal and inter-annual
trends of GPP. To meet this objective, first, we established the robust
empirical NIRv-GPP relationships based on hundreds of ground flux
sites, and upscaled these relationships to the global scale; second, we
compared the seasonal variations of NIRv-based GPP (hereafter
GPPNIRv) with ground GPP estimates and other GPP products; third,
we investigatedwhether GPPNIRv could reproduce the long-term trends
in global GPP.

2. Materials and methods

2.1. Data

In this study, we used the long-term observations of AVHRR reflec-
tance from LTDR (Land Long Term Data Record v4) product to estimate
the global monthly GPP during 1982–2018 (Pedelty et al., 2007). Exten-
sively including the sensor post-launch calibration, bias corrections for
systematic orbit shifts, cloud screening, sensor degradations and atmo-
spheric corrections, this product provides both the reflectance at red
band and near-infrared band (Pedelty et al., 2007). To calculate the
monthly NIRv, we firstly screened the cloudy and cloud shadow pixels,
and took the median value of all the available pixels in each month.
Monthly NIRv was then calculated as the product of the monthly nor-
malized difference vegetation index (NDVI) and monthly NIR reflec-
tance. Following the previous study (Badgley et al., 2017), we
subtracted 0.08 from NDVI to partly eliminate the effects from bare
soils. The monthly NIRv data have a spatial resolution of 0.05 degree.

To establish the relationship between NIRv and GPP, we used the
GPP estimations (GPP_NT_VUT_REF) at 104 eddy-covariance (EC) flux
towers contained in the FLUXNET2015 Tier 1 dataset (Table S1)
(Pastorello et al., 2020), which covered various climate zones and vege-
tation types. GPP_NT_VUT_REF referred to the GPP estimations based
on nighttime partitioning method, and the reference was selected
from GPP versions using model efficiency (Pastorello et al., 2020). To
evaluate the performance of our results, we used four different types
of global GPP products, i.e., FLUXCOM GPP based on the data-driven
method, GIMMS GPP and the revised EC-LUE GPP based on the LUE
models, and TRENDY GPP based on the process-based models. We
used FLUXCOM GPP during 1982–2016, which was the averaged data
based on three machine-learning methods (Jung et al., 2020). GIMMS
GPP was a long-term (1982–2016) GPP product based on MODIS LUE
model andGIMMS FAPAR (fraction of the absorbed photosynthetic radi-
ation) data (Smith et al., 2016). The revised EC-LUE GPP (1982–2017)
improved the global GPP estimations by adding the impacts of rising
CO2 concentration and atmospheric water vapor pressure on GPP
(Zheng et al., 2019). TRENDY GPP was the average GPP simulated
from eight processed-based models (CABLE, CLM4.5, ISAM, JULES, LPJ-
GUESS, LPX-Bern, ORCHIDEE-MICT, and ORCHIDEE). Although these
models have different model structures and parameterization schemes,
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they used the same climate forcing data (Sitch et al., 2015). Besides, we
also used the global IGBP land cover classifications from MODIS
MCD12C1 product, which could provide the global land cover types at
a spatial resolution of 0.05 degree.

2.2. Methods and analysis

We firstly calibrated and validated the NIRv-GPP relationships for
different vegetation types based on the GPP estimations from flux
sites. The satellite NIRv at these sites were calculated as the average
value of all pixels intersecting a 5-km-diameter circle centered on the
latitude and longitude of the site. It should be noted that there are inher-
ent differences in footprints between satellite data and flux sites. There-
fore,we analyzed theR2 values betweenmonthly AVHRRNIRvwith GPP
according to different homogeneity levels of the flux sites (Fig. S1). We
found that the R2 was increasingwhen the homogeneity of the flux sites
was increasing (Fig. S1). This result suggested that the relationship be-
tween NIRv and GPP could be higher if we eliminated the impact from
footprint differences. In this analysis, in order to compare the AVHRR
NIRvwith ground GPP, following the similar approach in previous stud-
ies (Badgley et al., 2019; Badgley et al., 2017), we chose the pixels
intersecting a 5-km-diameter circle around the flux site as the
representatives.

These flux sites were classified into ten vegetation types, i.e., C3 crop
(CRO\\C3), C4 crop (CRO\\C4), broadleaved deciduous forest (DBF),
evergreen broadleaf forest (EBF), evergreen needleleaf forest (ENF),
mixed forest (MF), savannas (SAV), shrubland (SHR), grassland (GRA),
wetland (WET). In each type, we randomly selected two-thirds of the
sites as the calibration data, and used the rest sites as the validation
data (Zheng et al., 2019). Similar with the proposed approach in a pre-
vious study (Badgley et al., 2019), we used a simple linear regression
to establish the relationship betweenNIRv andGPP.We then conducted
the linear relationships between monthly NIRv and GPP based on all
site-years of the calibration data and then applied it to the validation
data (Badgley et al., 2019). The bias (calculated as the difference be-
tween the predicted GPP based on NIRv and the observed GPP at flux
sites) of each vegetation type was then estimated. This process was re-
peated many times, depending on the number of the sites of each veg-
etation type. Overall, this procedure resulted in more than one million
scenarios. Finally, for each vegetation type, we chose the best one (the
absolute value of the bias is the closest to zero) as the final model.

Following the proposed procedure in previous studies (Yuan et al.,
2007; Zheng et al., 2019), we then upscaled these NIRv-GPP relation-
ships from the site level to the global scale. Similar to approach applied
Fig. 1. Distributions of the GPPNIRv anomalies from the calibration dataset (a), validation datase
zero. Bias represents the difference between GPPNIRv and the GPP estimated from flux sites. RM
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for the flux sites, we firstly classified global lands into the same ten veg-
etation types (Fig. S2a). The pixels with croplands were considered as
the mixed one that contains both the C3 and C4 crops. The fractions of
C4 crop in each pixel were shown in Fig. S2b (Still et al., 2003). We ap-
plied the biome-specific NIRv-GPP relationships to all of the pixels and
generated the global monthly GPP during 1982–2018. To estimate the
uncertainties of GPPNIRv, we used 500 bootstrap analysis (Wang et al.,
2014), by both considering the uncertainties from the orignal AVHRR
reflectance and the errors from the linear regression approaches.

Finally, we analyzed the performance of GPPNIRv, including the fol-
lowing four aspects. First, the NIRv-GPP relationships were validated
at each flux site and each vegetation type, by providing a comprehen-
sive site-level uncertainty analysis including the coefficient of determi-
nation (R2), RMSE (root-mean-square-error), and bias. Second, the
global sum values and spatial distribution of GPPNIRv were compared
with other GPP products. Third, we investigated the seasonal variations
of GPPNIRv by comparing with the results both from flux sites and other
global GPP datasets. Lastly, we calculated the global annual trends in
GPPNIRv using a nonparametric trend test (Mann-Kendall test), and
then checked whether GPPNIRv could capture the long-term trends of
GPP comparing with other products.

3. Results and discussions

3.1. Site-level calibration and validation

We used the measurements from 66 flux sites to calibrate the NIRv-
GPP relationships and then used the measurements from other 38 flux
sites to validate the results (Table S1). Results showed that the NIRv-
GPP relationships were likely to be biome-specific (Badgley et al.,
2019) due to the large differences in regression parameters (Table S2).
For all of these vegetation types, NIRv generally showed strong correla-
tions with GPP, with a mean R2 of 0.71 (Table S2). The averaged values
of bias and RMSE were about 0.02 and 1.95 gC m−2 d−1, respectively
(Fig. 1). Moreover, the linear regressions based on the calibration data
were well fitted for the validation data (Table S2). These results sug-
gested that without the aids from climate forcing datasets, we still
could use the AVHRR NIRv data to estimate GPP, which was consistent
with the recent study (Badgley et al., 2019).

We further analyzed the performance of the NIRv-GPP relationships
at each flux site. The R2 values were generally higher than 0.6, with
mean values of 0.71 and 0.70 for the calibration and validation sites, re-
spectively (Figs. S3–S4). The absolute values of the bias were generally
lower than 2 gC m−2 d−1, with an average value toward zero. The
t (b) and the whole dataset (c). The vertical dotted lines indicate that the GPP anomaly is
SE, root-mean-square-error.



Fig. 2. Site-level evaluations of the yearlyGPPNIRv (a) andmonthly GPPNIRv (b) by comparingwith theGPP estimations from104 flux sites. In panel a, the blue dots represent the calibration
dataset and the blue line indicates the linear regression of them, whereas the red dots and red line represent the validation dataset. In panel b, the dots represent the individual monthly
data and the black line indicates the linear regression. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

S. Wang, Y. Zhang, W. Ju et al. Science of the Total Environment 755 (2021) 142569
RMSE varied from 0.46 to 4.17 gC m−2 d−1 for all of these sites, with a
mean value of 1.92 gC m−2 d−1 for the calibration sites and 2.02 gC
m−2 d−1 for the validation sites (Figs. S3–S4). The NIRv-GPP relation-
ships were weaker at some EBF sites, which also have been found in
some other GPP products. This may be partly caused by theweaker sea-
sonal variations in these sites (Stocker et al., 2020; Zhang et al., 2017;
Fig. 3. Spatial patterns of global annualmeanGPPNIRv during 1982–2018: (a) averaged annualm
two varying climatic backgrounds (MAT,mean annual air temperature;MAP,mean annual prec
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Zheng et al., 2019). Summarizing the results from these flux sites, satel-
lite NIRv could explain approximately 74% of the variations in annual
GPP, and 71% of the variations in monthly GPP (Fig. 2). The results indi-
cate that the long-term satellite NIRv data could be used to estimate
global GPP at both monthly and yearly scales with adequate precision
for the purpose of this analysis.
eanGPP, (b) latitudinal profiles of the annualmeanGPP, (c) averaged annualmeanGPP for
ipitation). In panel b, the shaded areas represent the standard deviations (SD) of themean.



Fig. 4. Comparisons of the annual mean GPP (a) and the inter-annual variability in annual GPP (b) among different GPP products, including GPPNIRv, FLUXCOM GPP, the revised EC-LUE
GPP, GIMMS GPP and the GPP simulations from eight TRENDY models (‘S3’ scenarios). The shaded areas represent the minimum and maximum values of the eight process-based
models in TRENDY group.
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3.2. Spatial patterns of GPPNIRv

Based on AVHRR NIRv, a monthly global long-term (1982–2018)
GPP product was generated with a spatial resolution of 0.05 degree.
Fig. 3a showed the global annual mean values of GPPNIRv, which sug-
gested a generally higher GPP value in tropical forests with sufficient
precipitation and higher mean annual temperature (MAT), while the
GPP values in arid or cold regions were generally lower because of
water or temperature limitations (Fig. 3c). The global median uncer-
tainty of GPPNIRv was about 0.31 gC m−2 d−1 (Fig. S5), which was com-
parable to the results from the data-driven product and the process-
based models (Anav et al., 2015; Badgley et al., 2019). Similar to other
GPP products, the highest GPP values were in tropical latitudes (be-
tween 10°N and 10°S, Figs. 3b & S6). The multi-year global mean
GPPNIRv was 128.3 ± 4.0 Pg C yr−1, which fell into the ranges of the
eight process-based models and seemed to be systematically higher
than FLUXCOM GPP and GIMMS GPP (Fig. 4a). This may be because of
the lacking consideration of CO2 fertilization effect on GPP in these
two products (De Kauwe et al., 2016; Jung et al., 2020). Moreover, the
inter-annual variability of GPPNIRv was also the similar with that of the
revised EC-LUE GPP and fell into the ranges of the eight process-based
models (Fig. 4b). However, the inter-annual variability of FLUXCOM
GPP was clearly lower than those of other GPP products. One possible
reason for this phenomenon is that FLUXCOM GPP may underestimate
the interannual sensitivity of GPP to inter-annual climate variations
5

(Anav et al., 2015). The global distributions of GPPNIRv had strong corre-
lations with both the revised EC-LUE GPP and TRENDY GPP (Fig. S7),
and their global summed values and multi-year variations were similar
to each other (Fig. 4), which indicated that GPPNIRv could capture the
global spatial distributions of vegetation photosynthesis.

3.3. Seasonal patterns of GPPNIRv

We firstly analyzed the seasonal patterns of GPPNIRv at six represen-
tative regions (Fig. S8), which were generally consistent with our un-
derstandings. For example, the GPP values in the summer (June to
August) of North AmericaGreat Plains and Siberiawere the highest dur-
ing the whole year (Fig. S8a&b), which was opposite to those in South
Africa savannas (Fig. S8e). And the GPPNIRv could capture the double-
peak of GPP in North China Plain, which was caused by the double
crop-rotation system in this area (Fig. S8b). The seasonal patterns of
GPPNIRv were further tested based on the ground GPP estimations,
which showed a mean R2 value of 0.70 across of these 104 flux sites
(Fig. 5). Moreover, for different vegetation types, GPPNIRv generally
reproduced their seasonal patterns, of which the correlation was the
lowest for grasslands (R2 = 0.66) and was the highest for savannas
and shrubs (R2=0.72, Fig. 5).We also compared the seasonal variations
of GPPNIRv with other GPP products (Fig. S9), which suggested that the
R2 values atmost of the global vegetated areaswere higher than 0.8, ex-
cept for some regions, e.g., the northern part of Amazon forest. Overall,



Fig. 5. Evaluations of the seasonal patterns in GPPNIRv by comparing with the GPP
estimations from 104 flux sites and other four global GPP products (FLUXCOM GPP,
GIMMS GPP, the revised EC-LUE GPP and TRENDY GPP). The R2 values according to
different vegetation types were calculated and shown. The error bars represent the
standard deviations (SD) of the mean. The numbers of the flux sites belonging to each
vegetation type were shown atop of each bar.
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the validation results based on the datasets from both the flux sites and
other GPP products (Fig. 5) indicated that GPPNIRv could capture the sea-
sonal patterns of global GPP.
Fig. 6. Spatial patterns of global GPPNIRv trends during 1982–2018: (a) trends of annual GPP, (b)
(MAT, mean annual air temperature; MAP, mean annual precipitation). The GPP trend of each
shaded areas represent the standard deviations (SD) of the mean.
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3.4. Inter-annual trends of GPPNIRv

Long-term inter-annual trends of global GPPNIRv were then calcu-
lated and presented in Fig. 6a. The long-term trends in GPPNIRv across
most of the latitudes were higher than zero (Fig. 6b), although some
regions showed the negative GPP trends, including Northwestern
North America, Steppes of central Asia, Southern Africa and Mid-
western Australia (Fig. 6a). These areas were generally belonged to
arid or semi-arid climate zones, covered with grasses or savannas.
The decreases of GPP in these regionsmay result from the limitations
of water supply on vegetation, which was consistent with the recent
studies that suggested an overall increase in the severity of global
aridity (Huang et al., 2016). The decreased GPP in arid and semi-
arid regions also highlighted the need for better understanding the
soil moisture impacts on vegetation photosynthesis (Stocker et al.,
2019). The peak value of GPP trends appeared in the regions with
moderate MAT (about 10 °C) and sufficient precipitation, while the
warmest areas (MAT>20 °C) only showed the moderate GPP in-
creases (Fig. 6c). This may be because the global optimal tempera-
ture for vegetation growth was around 23 °C (Huang et al., 2019),
therefore, the increasing trends of GPP in the warm areas might be
limited due to global warming.

We further compared the global trends of GPPNIRv with the results
from the other four GPP products. To compare the results with other
GPP products, we limited the research period to 1982–2016. The global
latitudinal profiles of the GPP trends, (c) GPP trends for two varying climatic backgrounds
pixel was estimated using a nonparametric trend test (Mann-Kendall test). In panel b, the



Fig. 7. Latitudinal profiles of the inter-annual trends in GPP during 1982–2016, based on
GPPNIRv, FLUXCOM GPP, GIMMS GPP, the revised EC-LUE GPP and TRENDY GPP. The GPP
trend of each pixel was estimated using a nonparametric trend test (Mann-Kendall
test). The shaded areas represent the standard deviations (SD) of the GPPNIRv trends.
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trends of FLUXCOM GPP were the smallest among these five products
and almost closed to zero across different latitudes (Fig. 7). This may
be because FLUXCOMGPP lacks the consideration of CO2 fertilization ef-
fect, and also possibly underestimate the interannual sensitivity of GPP
to climate variations (Anav et al., 2015; Jung et al., 2009). The trends of
GIMMS GPP were slightly larger than those of FLUXCOM GPP, while
were also clearly lower than the trends of GPPNIRv and TRENDY GPP
(Figs. 7 & 8c). The possible explanation of this phenomenon was that
GIMMS GPP considered the CO2 fertilization effect on canopy structure,
but ignored the CO2 effect on LUE (De Kauwe et al., 2016; Smith et al.,
2016). Therefore, the CO2 fertilization effect is needed to be taken into
consideration, in order to better estimate the long-term trends in global
GPP (Zheng et al., 2019).

After considering the CO2 effect on LUE, a recent study has improved
the traditional LUE approach and generated a revised global GPP prod-
uct (the revised EC-LUE GPP) (Zheng et al., 2019). At all latitudes except
Fig. 8. Differences of the global GPP trends between GPPNIRv and other four GPP products (FLUX
pixelwas estimatedusing a nonparametric trend test (Mann-Kendall test). Thehistograms of th
RMSE (root-mean-square-error) values marked in black.
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for tropical areas, the trends of the revised EC-LUE GPP were clearly
higher than those of FLUXCOM GPP and GIMMS GPP, and were similar
to those based on GPPNIRv and TRENDY GPP (Fig. 7). However, there
were some clear divergences of the GPP trends between the revised
EC-LUE GPP and GPPNIRv in the tropical regions (Fig. 7), especially in
the Amazon area (Fig. 8b). We argued that this divergence might result
from the possible saturation of satellite-based APAR data used in the re-
vised EC-LUE GPP (Zhang et al., 2020). On the other hand, NIRv-based
GPP could partly eliminate this problem by adding the additional infor-
mation from near-infrared band (Badgley et al., 2017; Baldocchi et al.,
2020). The inter-annual trends of GPPNIRv and TRENDY GPP showed
the highest consistency (Fig. 8). The latitude profiles of GPPNIRv trends
were similar to those based on TRENDY GPP, which both showed posi-
tive GPP trends across most of the latitudes, and suggested a peak value
of the GPP increase in the tropical regions (Fig. 7). However, TRENDY
GPPmay also have some limitations. For example, the GPP trends of dif-
ferentmodels in TRENDY group also have large divergences (Anav et al.,
2015; Zheng et al., 2019). And these models generally have coarse spa-
tial resolution (generally lower than 0.5 degree). On the other hand,
GPPNIRv could provide similar information about the global long-term
GPP variations at a relatively higher spatial resolution. These results
suggested that GPPNIRv could capture the long-term trends in global
GPP, and was coincident with the vegetation physiological mechanisms
that represented by TRENDY models.

Overall, we found that satellite NIRv generally had strong relation-
ships with monthly GPP and yearly GPP at the site level. The generated
long-term GPPNIRv have similar spatial distributions, global summed
values and seasonal patternswith several other GPP products.More im-
portantly, the inter-annual trends of GPPNIRv were similar with those of
the process-based models (TRENDY GPP). Therefore, this GPP dataset
(GPPNIRv) based on consistent satellite observations and with a high-
spatial resolution, could be beneficial for the better estimations of ter-
restrial carbon fluxes and could provide useful constraints for future cli-
mate projection. It should be noted that this study may also have some
caveats. For example, we used overall 104 flux sites to generate the re-
lationship between NIRv and GPP. There were only a few flux sites for
COM GPP, the revised EC-LUE GPP, GIMMS GPP and TRENDY GPP). The GPP trend of each
edifferenceswere shown in the down-left corner of each panel,with the averagedBias and
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some vegetation types (e.g., C4 crop). This issue could be improved
when the new dataset with more flux sites are available in the future.
Moreover, several recent studies suggested that near-infrared radiation
could be a better indicator for GPP at various time scales across thewide
range of vegetation types and weather conditions. Therefore, the im-
proved global GPP estimations based on satellite near-infrared radiation
could be anticipated in the future.

4. Conclusions

To conclude, this study presented the generation of a global long-
term GPP product during 1982–2018 based on satellite NIRv. Benefiting
from the long-term consistent satellite observations andmeasurements
from 104 flux sites, we firstly analyzed the relationships between NIRv
and GPP for various vegetation types. Results showed that NIRv had
strong correlations with monthly and yearly GPP at the site level. We
then upscaled the relationships between NIRv and GPP into the global
scale and estimated the global spatial and temporal variations in GPP.
The global GPP based on NIRv was estimated to be 128.3 ± 4.0 Pg C
yr−1 during 1982–2018, which fell within the range of the estimations
from the machine-learning method, LUE models and process-based
models. Analysis also showed that the spatial distributions and seasonal
patterns of GPPNIRv were consistent with other products. Moreover, the
inter-annual trends in GPPNIRv were more consistent with those from
the process-based models than other satellite products, which sug-
gested that NIRv could capture the long-term trends in GPP.
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