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New Global MuSyQ GPP/NPP Remote Sensing
Products From 1981 to 2018

Juanmin Wang , Rui Sun, Helin Zhang, Zhiqiang Xiao , Anran Zhu, Mengjia Wang, Tao Yu, and Kunlun Xiang

Abstract—Long time series of vegetation productivity products
are significant for the research of global carbon cycle and climate
change. In this article, the 0.05° global gross primary productivity
(GPP) and net primary productivity (NPP) products from 1981
to 2018 were estimated by using the improved multisource data
synergized quantitative (MuSyQ) NPP algorithm. The model was
based on the fraction of absorbed photosynthetically active radia-
tion (FPAR) and leaf area index (LAI) data from the global land
surface satellite (GLASS) dataset, the light use efficiency (LUE)
from the parameterization approach with the clearness index (CI),
the ERA-Interim meteorological data, and other environmental
factors. The results suggested that the accuracy of the MuSyQ
GPP product was slightly higher than that of the MOD17 GPP
product when compared with the FLUXNET GPP, especially for
the evergreen broadleaf forest (EBF), deciduous broadleaf forest
(DBF), wetland (WET), cropland (CRO), woody savanna (WSAV),
and closed shrubland (CSH) land types. MuSyQ NPP product also
has higher accuracy [R2 = 0.81, RMSE = 214.6 gC/(m2year)]
than MOD17 NPP [R2 = 0.55, RMSE = 214.7 gC/(m2year)] when
compared with the BigFoot NPP, which indicated the reliability
of the improved MuSyQ-NPP algorithm in estimating global NPP.
Our results showed a significant upward trend in global NPP, which
was most affected by FPAR, followed by LUE, temperature, and
PAR. The average NPP declined significantly in Asia and Amazon
tropical rainforests and increased significantly in Africa tropical
rainforest, which were affected by the local deforestation or the
forest expansion, and also the climate factors.

Index Terms—Carbon cycle, GLASS, global change, vegetation
productivity.
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I. INTRODUCTION

THE VEGETATION productivity of terrestrial ecosystems
can quantify the conversion of atmospheric carbon dioxide

(CO2) to plant biomass and reflect the ability of vegetation to fix
atmospheric CO2, which is an important variable for estimating
the global carbon budget, and it is also an important ecological
indicator for estimating the Earth’s carrying capacity and the
sustainable development of terrestrial ecosystems [1]. In the
early days of research on vegetation productivity, some scholars
established climate productivity models based on the statisti-
cal relationship between vegetation productivity and climate
factors, such as the Miami, Thomthwaite memorial [2], and
Chikugo [3] approaches. Subsequently, the process-based model
was established based on the eco-physiological processes of
plant growth, combined with the climate and soil physical data,
such as the CENTURY model [4], terrestrial ecosystem model
(TEM) [5], biome bio-geochemical cycle (Biome-BGC) [6]
model, and the boreal ecosystems productivity simulator (BEPS)
[7]. Currently, satellite-based gross primary productivity (GPP)
models have been developed based on the light use efficiency
(LUE) concept [8], the LUE approach believed that photosyn-
thetically active radiation (PAR) is the driving force for plant
photosynthesis, and other external environmental factors also
impact it. Most of these models’ procedures use remote sensing
data as some of the driving data including the Carnegie-Ames-
Stanford approach (CASA) [9], the global production efficiency
model (GLO-PEM) [10], the net primary productivity (NPP)
algorithm of the moderate resolution imaging spectroradiometer
(MODIS) (MOD17) [11]–[13], the vegetation photosynthesis
model (VPM) [14], and the eddy covariance-LUE (EC-LUE)
approach [15]. Many researchers have used different procedures
and remote sensing data to calculate the global NPP. Nemani
et al. [16] estimated the monthly and annual global NPP between
1982 and 1999 at 0.5° × 0.5° resolution with a biome-specific
production efficiency model (PEM) using the National Center
for Environmental Prediction (NCEP) climate data, the LAI
and FPAR derived from the global inventory monitoring and
modeling system (GIMMS), and the pathfinder advanced very
high-resolution radiometer land (PAL) normalized difference
vegetation index (NDVI) dataset. The results found that the
average global NPP was approximately 59.7 PgC/year, with an
increase of approximately 6% between 1982 and 1999. Zhao and
Running [17] found that the average annual NPP decreased by
0.55% and the average was 53.5 PgC/year from 2000 to 2009
by using the 0.05° MOD17 NPP product. The new MOD17
GPP and NPP products, which span from 2000 to the present,
show a temporal resolution of 8 days and a spatial resolution
of 500 m [18]–[19]. Tum et al. [20] used the atmospheric CO2
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concentrations, the albedo map, and the climate data with the
biosphere energy transfer hydrology model (BETHY/DLR) to
calculate the global NPP. The result showed that the global
average NPP increased by 1% from 2000 to 2014, with an
average value of 60.2 PgC/year. Rafique et al. [21] estimated a
global NPP of 63 PgC/year with a growth rate of 0.21 PgC/year
from 1982 to 2012 by using the five TEMs from the trends
and drivers of the regional scale sources and sinks of carbon
dioxide project (TRENDY) project. The simulated NPP data
were aggregated to a spatial resolution of 0.5°. These studies
investigated the spatial and temporal changes in global NPP
for certain periods, but most had limited temporal coverage.
Longer time series and higher spatial resolution global vegeta-
tion productivity products are still required for research on global
change.

Recently, the Center for Global Change Data Processing
and Analysis of Beijing Normal University generated and pub-
lished a long-term series of global land and terrestrial satellite
(GLASS) leaf area index (LAI) and the fraction of absorbed
photosynthetically active radiation (FPAR) products from 1981
to 2018 [22]–[23]. GLASS LAI and FPAR products have high
accuracy, with root mean square error (RMSE) = 0.90 and bias
= −0.19 for LAI [24], and RMSE = 0.08 and bias = 0.01 for
FPAR [25]. Moreover, through the preprocessing of AVHRR
reflectance data, including cloud contamination removal and gap
filling, GLASS LAI and FPAR data are spatially complete and
temporally continuous [26].

These products will be very helpful for generating the long-
term series of global GPP and NPP products. At the same time,
the LUE is the primary controlling factor for predicting GPP,
and most LUE models used for regional or global vegetation
productivity estimation only considered water stress factors and
temperature stress factors. However, many studies have found
that the LUE of diffuse solar radiation is higher than that of
direct solar radiation [27]–[28]. The consideration of the effect
of the fraction of diffuse solar radiation on LUE might improve
the accuracy of GPP and NPP estimation, especially in cloudy
areas, such as tropical evergreen broadleaf forests. Therefore, it
is necessary to consider the influence of diffuse solar radiation
when estimating the global GPP and NPP. Wang et al. [29]
recently compared three LUE estimate approaches and found
that the parameterization approach with the clearness index (CI)
could improve LUE and GPP estimation. Based on the above
result, this study aimed to estimate LUE by adding the CI factor
to improve the accuracy of GPP estimation.

The aim of this article is as follows: (i) to propose a new global
GPP and NPP products with a spatial resolution of 0.05° and a
temporal resolution of 8 days from 1981 to 2018 by using the
improved multisource data synergized quantitative (MuSyQ)-
NPP algorithm and the GLASS LAI and FPAR products; (ii) to
validate the GPP and NPP estimates based on the data of ground-
based measurements from BigFoot and FLUXNET network, and
(iii) to analyze the spatial-temporal distribution characteristics
of global NPP.

II. DATA AND METHODOLOGY

A. Data

This research includes data from remote sensing imagery
(e.g., LAI and FPAR), meteorology records (e.g., temperature,

TABLE I
DATA USED IN THIS ARTICLE

TABLE II
VALUES FOR DIFFERENT PARAMETERS USED IN THE ACTUAL LIGHT USE

EFFICIENCY PARAMETERIZATION DEPENDING ON THE VEGETATION

LAND COVER

LUEmax
sh

dewpoint temperature, surface net solar radiation, surface net
thermal radiation, and surface solar radiation), digital elevation
model (DEM), and land-cover information (e.g., MCD12C1
product). The specific properties of each product are shown in
Table I.

1) GLASS LAI and FPAR Products: The Global Change
Data Processing and Analysis Center of Beijing Normal Uni-
versity generated and published the GLASS product set, which
includes the GLASS LAI and FPAR products. The GLASS LAI
product includes two categories: the GLASS MODIS LAI prod-
uct and the GLASS AVHRR LAI product. The GLASS MODIS
LAI product was calculated from MODIS surface reflectance
data and provided in a sinusoidal projection at a spatial resolution
of 1 km and a temporal resolution of 8 days from 2000 to 2015;
the GLASS AVHRR LAI product was derived from the GLASS
AVHRR. The latest version of the GLASS AVHRR LAI product
was provided in a geographic latitude/longitude projection at a
spatial resolution of 0.05° and a temporal resolution of 8 days
from 1981 to 2018 (http://www.glass.umd.edu/LAI/AVHRR/).
This product was used in this study. The GLASS AVHRR
FPAR product was calculated from GLASS AVHRR LAI (http:
//www.glass.umd.edu/FAPAR/AVHRR/) maintaining the same
spatial and temporal resolution as the GLASS AVHRR LAI.

2) MODIS Land-Cover Product: The Terra and Aqua com-
bined MODIS land-cover climate modeling grid (MCD12C1)
Version 6 product has a spatial resolution of 0.05° in geographic

http://www.glass.umd.edu/LAI/AVHRR/
http://www.glass.umd.edu/FAPAR/AVHRR/


5598 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

TABLE III
COMPARISON OF MUSYQ GPP, MOD17 GPP TO FLUXNET GPP ACCORDING TO THE DIFFERENT LAND-COVER TYPES

TABLE IV
MEAN ANNUAL NPP OF THE WORLD’S SIX CONTINENTS, THE NORTHERN AND

SOUTHERN HEMISPHERES FROM 1981 TO 2018

TABLE V
COMPARISON OF THE DIFFERENT GLOBAL AVERAGE ANNUAL GPP ESTIMATES

latitude/longitude projection and provides global land-cover
types at yearly intervals, which can be downloaded from https:
//e4ftl01.cr.usgs.gov/MOTA/MCD12C1.006/ [30]–[31].

In this article, the IGBP product was used to address different
land-cover types, which provides 17 land-cover classifications
with an annual interval from 2001 to 2018. The product in 2001
was used as a substitute for the period from 1981–2000 since
there was no data for before 2001 (Fig. 1).

TABLE VI
COMPARISON OF THE DIFFERENT GLOBAL AVERAGE ANNUAL NPP RESULTS

3) Meteorological Data: The ERA-Interim database was
used as the meteorological input data in our algorithm. It refers to
a global atmospheric reanalysis data generated by the European
Centre for Medium-Range Weather Forecasts (ECMWF) from
1979 to 2019 and can be downloaded from https://apps.ecmwf.
int/datasets/data/interim-full-daily/levtype=sfc/ [32]. In our re-
search, the dewpoint temperature, air temperature, surface net
solar radiation, surface net thermal radiation, surface solar radi-
ation downward, and total precipitation of 8 days were obtained
by averaging the 12-h data. The relative humidity was calculated
from the dewpoint temperature and average temperature [33]. A
bilinear interpolation was used to produce the 0.05° data of solar
radiation. However, in the interpolation of air temperature, the
effect of altitude was also taken into account. The air temperature
was corrected to the sea level temperature value first by the
lapse rate of temperature (γ =−0.65°C/100 m). Then, a bilinear

https://e4ftl01.cr.usgs.gov/MOTA/MCD12C1.006/
https://apps.ecmwf.int/datasets/data/interim-full-daily/levtype&equals;sfc/
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Fig. 1 Global land-cover map of the IGBP classification schemes. The full
name of each land-cover type is as follows: EBF: evergreen broadleaf forest;
DBF: deciduous broadleaf forest; ENF: evergreen needleleaf forest; DNF: decid-
uous needleleaf forest; MF: mixed forest; CSH: closed shrublands; OSH: open
shrublands; WSAV: woody savannas; SAV: savannas; GRA: grasslands; WET:
permanent wetlands; CRO: croplands; UA: urban area; C/NV: cropland/natural
vegetation mosaic; SI: snow and ice; BSV: barren or sparsely vegetated; WB:
water bodies.

interpolation method was used to generate the global sea level
temperature at a spatial resolution of 0.05°. Finally, the DEM
data and γ were used to simulate the corrected temperature under
the undulating terrain to generate global temperature data.

Zhang et al. [34] evaluated the solar radiation incident
at the Earth’s surface (Rs) estimates from six current rep-
resentative global reanalyses [National Centers for Envi-
ronmental Prediction-National Center for Atmospheric Re-
search (NCEP-NCAR); National Centers for Environmental
Prediction-Department of Energy (NCEP-DOE); The NCEP
Climate Forecast System Reanalysis (CFSR); ERA-Interim; The
Modern-Era Retrospective Analysis for Research and Applica-
tions (MERRA), and the Japan Meteorological Agency (JRA-
55)] using surface measurements from different observation
networks. The results showed that relatively small discrepancies
were found for the ERA-Interim solar radiation product. So we
selected the ERA-Interim product in our study.

4) Digital Elevation Model (DEM) Data: The DEM data
were derived from the Global Land One-Kilometer Base Ele-
vation (GLOBE) Version 1.0 (http://www.ngdc.noaa.gov/mgg/
topo/globe.html) [35]. The GLOBE DEM is a global dataset
covering from 180° west to 180° east longitude and 90° north to
90° south latitude; the spatial resolution of these data was 1 km.

B. Methodology

1) Model Algorithm: The MuSyQ NPP product was derived
from a LUE model, which has been preliminary validated in
China by Cui et al. [36] and at the global scale by Yu et al.
[37]. The results suggested the proposed algorithm as potentially
suitable for the estimation of the vegetation productivity. In
this article, the global GPP and NPP were estimated with an
improved MuSyQ-NPP algorithm (Fig. 2). The algorithm was
improved in the calculation of the LUE factor.

GPP (gC/m2d) was estimated according to the Monteith
concept [8], which considers that GPP is proportional to the
absorbed photosynthetically active radiation (APAR = FPAR ×

Fig. 2 Diagram of GPP and NPP estimation with the improved MuSyQ-NPP
algorithm.

PAR) and the proportionality LUE factor as follows:

GPP = LUECI ×APAR (1)

where LUECI is the actual LUE (gC/MJ), and PAR is the incident
photosynthetically active radiation (MJ/m2 d). LUECI was de-
rived from a parameterization approach, in which the maximum
LUE without stress was determined according to the vegetation
type and CI, and the actual LUE was estimated by multiplying
the temperature stress and water stress. The CI was adopted to
take into account the effect of diffuse solar radiation on LUE.
The accuracy of LUE by using this method was proved higher
than the method without CI [29].

LUECI =
[
LUEsu

max × CI + LUEsh
max × (1− CI)

]
× f (W )× f (T ) . (2)

CI =
SWsurface

SWtop
(3)

SWtop =
TD

π
S0 (ω0 sinϕ sin δ + cosϕ cos δ sinω0) (4)

S0 = S0 ×
(
1 + 0.033× cos

(
2π × day

365

))2

. (5)

LUECI (gC/MJ) was calculated by weighting LUEmax for
sunlit leaves (LUEsu

max, gC/MJ) and shaded leaves (LUEsh
max,

gC/MJ). LUEsu
max and LUEsh

max values for different vegetation
types (Table II) were optimized by the shuffled complex evolu-
tion procedure developed at the University of Arizona (SCE-UA)
[38] and FLUXNET GPP data. CI and (1−CI) correspond to the
weighted coefficients where the CI is the clearness index, which
represents the ratio of solar incident radiation on the surface of
the earth (SWsurface, MJ/m2d) to the extraterrestrial radiation
at the top of the atmosphere (SWtop, MJ/m2d). SWsurface is the
surface solar radiation downwards, which was obtained from
the ERA-Interim dataset. TD represents the time period of a day
(TD = 60 × 60 × 24 = 86 400 s) and S0 is the solar radiation
constant (1367 W/m2). ϕ, ω0, and δ refer to the latitude, solar
horizon at sunrise, and solar declination, respectively.

f(W) describes the water stress factor and can be obtained by
the following formula:

f (W ) = 0.5 + 0.5 (E/Ep) (6)

http://www.ngdc.noaa.gov/mgg/topo/globe.html


5600 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

where E represents the actual evapotranspiration (mm), which
is calculated from a modified Penman-Monteith approach [39]–
[40] using the GLASS LAI products. Ep represents the potential
evapotranspiration (mm), which is derived from the Priestley
and Taylor equation [41]. f(W) is forced to be equal to 1.0 when
it exceeds 1.0.

f(T) is a temperature stress factor; the growth performance of
vegetation is influenced by both the average temperature (T, °C)
and the optimum growth temperature (Topt, °C), which can be
described as follows:

f(T ) =
1[

1 + e0.2(Topt−10−T )
]× [

1 + e0.3(−Topt−10+T )
] (7)

where Topt is the average temperature when vegetation grows
best. We counted the average temperature in the month when
LAI reached the maximum for different vegetation types first,
and then SCE-UA optimization algorithm was used to optimize
the Topt value for different vegetation types (Table II).

PAR was calculated from SWsurface using the following for-
mula:

PAR = 0.48× SWsurface (8)

NPP (gC/m2d) is the net flow of carbon entering the plants
from the atmosphere and represents the remainder after deduct-
ing the organic matter consumed by plant autotrophic respiration
from GPP.

NPP = GPP −Ra (9)

where Ra is the autotrophic respiration (gC/m2d). It can be
separated into two parts, maintenance respiration Rm and growth
respiration Rg, which refer to the energy necessary to maintain
biomass and the energy converting assimilates into new struc-
tural plant constituents, respectively [36].

Ra = Rm +Rg (10)

Rm = Mirm,iQ10,i
(T−Tb)/10 (11)

Rg = γ(GPP −Rm) (12)

where Mi is the live biomass of plant component i, which was
calculated by using the LAI and annual maximum LAI for
each pixel. rm,i is the maintenance respiration coefficient for
component i, whereas Q10 is the temperature sensitivity factor, T
is the daily average temperature, and Tb is the base temperature.
Rg was considered to be proportional to the difference between
GPP and Rm. γ is the growing respiration efficient defined as
0.25.

By using the improved MuSyQ-NPP algorithm, the global
GPP and NPP products with a spatial resolution of 0.05° in every
8 days from 1981 to 2018 were generated. The products can be
downloaded at http://doi.org/10.5281/zenodo.3996814 [42].

2) Analyzing Method: The two methods of unary linear re-
gression and the Pearson correlation coefficient were used to
analyze the interannual change trend of NPP and the correlation
between NPP and climate factors, respectively.

a) Unary Linear Regression: To understand the global
NPP changes, unary linear regression was used to obtain the
slope of the change in the annual NPP for each pixel by per-
forming a linear regression on the annual average NPP for the

Fig. 3 (a) Comparison of MuSyQ GPP, MOD17 GPP to BigFoot GPP.
(b) Comparison of MuSyQ NPP, MOD17 NPP to BigFoot NPP.

years during the study period.

θ =
n×∑n

i=1 i×NPPi −
∑n

i=1 i
∑n

i=1 NPPi

n×∑n
i=1 i

2 − [
∑n

i=1 i]
2 (13)

where θ is the slope variation in annual NPP, n represents the
number of years, i represents the serial number of years, and
NPPi represents the NPP value at year i. The result (θ), which
is greater than 0, represents the increase in NPP, while less than
0 represents the decrease in NPP.

b) Pearson Correlation Coefficient: The Pearson correla-
tion method was used to calculate the correlation coefficient
between the annual NPP and the annual mean air temperature
and annual precipitation. The formula is shown as follows:

rxy =

∑n
i=1 (xi − x̄) (yi − ȳ)√∑n

i=1 (xi − x̄)2
∑n

i=1 (yi − ȳ)2
(14)

rxy is the correlation coefficient and describes the degree of linear
correlation between the two variables. n is the number of years,
i is the year number, xi is the NPP in year i, x̄ is the average
NPP, yi is the value of the climate factor in year i, and ȳ is the
average value of the climate factor. Three confidence levels of
p < 0.01, p < 0.05, and p < 0.1 were considered in this article.

III. RESULTS

A. Validation of GPP/NPP Products

1) Validation From BigFoot GPP/NPP: In order to validate
the accuracy of MuSyQ GPP and NPP products, the BigFoot
GPP and NPP data for nine sites from 2000 to 2004 were
downloaded (https://daac.ornl.gov/cgi-bin/dataset_lister.pl?p=
1) [43]–[44], which covered a 7 × 7 km2 area with a spatial
resolution of 25 m for each site. The MOD17 product (http://
files.ntsg.umt.edu/data/NTSG_Products/MOD17/) for the com-
parison with MuSyQ GPP and NPP was downloaded providing
a temporal resolution of 8 days and spatial resolution of 0.05°.
Annual data were calculated by accumulating the value of every
8 days according to the normal year or leap year.

The average values of 5 × 5 km2 around the center pixel of
BigFoot sites were calculated to correspond to the 0.05° GPP
and NPP products. The results showed that the accuracy of the
MuSyQ GPP product was slightly higher than that of the MOD17
GPP (Fig. 3). A higher R2 demonstrated that the MuSyQ NPP

http://doi.org/10.5281/zenodo.3996814
https://daac.ornl.gov/cgi-bin/dataset_lister.pl&quest;p&equals;1
http://files.ntsg.umt.edu/data/NTSG_Products/MOD17/
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Fig. 4 Location of the selected 126 FLUXNET sites and the 9 BigFoot sites.

achieved a better precision than the MOD17 NPP product, which
indicated the reliability of the improved MuSyQ-NPP algorithm
in estimating global NPP.

2) Validation From FLUXNET2015 Dataset: The
FLUXNET 2015 dataset [45] (https://FLUXNET.fluxdata.org/)
was downloaded in order to further verify the accuracy of
MuSyQ GPP data. This dataset includes observation data of the
carbon flux and other climate data from 212 global FLUXNET
sites. A total of 126 sites were extracted where the land-cover
types matched the MCD12C1 data. These sites covered 11
land-cover types across frigid to tropical climate zones over six
continents (Fig. 4).

The comparison of the MuSyQ GPP and MOD17 GPP to
the FLUXNET GPP from 126 sites at 8 days, monthly and
yearly scale according to different land-cover types, provides the
MuSyQ GPP a higher R2 and lower RMSE than MOD17 GPP
at the three time scale (Table III). Among them, the accuracy
of the MuSyQ GPP for EBF [Fig. 5(a)], DBF [Fig. 5(c)], WET
[Fig. 5(e)], CRO [Fig. 5(f)], and WSAV [Fig. 5(g)] was higher
than those of MOD17 GPP. The higher frequency of cloud cover
in tropical rainforest reduced the values of MODIS FPAR and
LAI, which resulted in the underestimation of the MOD17 GPP.
In our article, GLASS FPAR and LAI were preprocessed to
remove cloud contamination and fill gaps using a new time-series
cloud detection algorithm [46], which resulted in a significant
improvement of accuracy estimates. Direct validation result
demonstrates that the GLASS LAI values were closer to the
mean values of the high-resolution LAI maps (RMSE = 0.78
and R2 = 0.81) than the MOD15 LAI values (RMSE = 1.12
and R2 = 0.67) [26]. In particular, the estimation of MuSyQ
GPP for EBF was performed better due to the increase of LUE
by considering the CI factor. EBF is mainly located in tropical
regions where the predominance of diffuse radiation due to more
cloudy conditions with abundant rain needs to be taken into
account. This is also the case of the BR-Sa1 site in the Amazon
tropical rainforest. The comparative result for 8 days showed
that the MOD17 GPP was severely underestimated while our
GPP estimates performed better [Fig. 6(a)]. In addition, the
GPP estimates for croplands were slightly higher than MOD17
GPP estimates for 8 days and monthly scales, especially for the
irrigated areas in arid and semi-arid regions. This result may
be explained due to the consideration of an irrigation factor
in the proposed model. Such as the US-Ne1 site, our 8 days
estimate was performed slightly better than MOD17 GPP in
the peak values [Fig. 6(b)]. However, both MuSyQ GPP and

MOD17 GPP estimates proved low accuracy at the yearly scale.
For the CSH site, there is only one observation site and only
one year of data, so the annual error cannot be counted. The
DBF estimates in our model for 8 days and monthly scales were
slightly higher than that of the MOD17 while has no advantage
in yearly estimates. This conclusion was confirmed in the veri-
fication of Harvard Forest data [47]. The 8 days [Fig. 6(g)] and
yearly [Fig. 6(h)] comparing result of the Harvard Forest data
with the MOD17 GPP and MuSyQ GPP for DBF suggested
that our estimated value was closer to the observed value in the
peak period of the growing season, while both of them were
higher than observed value in other time period. In terms of
interannual changes, MOD17 GPP was closer to the observed
value than our estimated result. Compared with the observed
data, the interannual variation of estimated GPP was relatively
stable for the Harvard Forest station, while the observed GPP
shows an increasing trend from 1982 to 2010 and decreasing
trend for 2010 to 2018. The possible reason might be that
GLASS LAI and FPAR have not well reflected the effect of tree
age.

At the same time, the resulting accuracy of MuSyQ GPP for
ENF [Fig. 5(b)], GRA [Fig. 5(d)], and DNF [Fig. 5(h)] was
lower than that of MOD17 GPP (Table III). According to the
results of the RU-SkP site from DNF, the MuSyQ GPP in the
growing season from 2012 to 2013 was overestimated, but it was
underestimated for 2014. There is only one observation site with
less observation data for DNF, which was not very representative
[Fig. 6(c)]. The accuracy of MuSyQ GPP was slightly lower
at 8 days and monthly scale, but higher at yearly scale than
MOD17 GPP for GRA (Table III). The MOD17 GPP has a higher
accuracy of ENF than our estimate, from the comparison result of
the CA-obs site, there was an overestimation of the GPP during
the growing season [Fig. 6(e)].

The difference between MOD17 and MuSyQ products can
be mainly attributed to the difference of input data and LUE
estimation. First, in MOD17 algorithm, the input remote sensing
data, including FPAR and LAI, were derived from MODIS data,
the PAR, and other surface meteorological fields which were
provided by GEOS-5 data assimilation system at a resolution
of 0.5° × 0.67° in the latest version [13]. In MuSyQ model,
the GLASS FPAR and LAI products were adopted, which were
retrieved from NOAA AVHRR data, and the meteorological
input data was derived from the ERA-Interim product at a
resolution of 0.75° × 0.75°. Second, there are different LUE
values in the MOD17 and MuSyQ model. In the MOD17
algorithm, the maximum LUE of different land-cover types
can be found in the Biome parameter lookup table, and the
actual LUE was calculated by multiplying temperature and
VPD limits. In MuSyQ model, in order to reflect the effect of
diffuse light fraction in the incident solar radiation on LUE, the
maximum LUE was determined according to the vegetation type
and CI, and the actual LUE was estimated by multiplying the
temperature stress and water stress, where the water stress was
estimated by the ratio of actual evapotranspiration and potential
evapotranspiration.

B. Spatial–Temporal Characteristics of Annual NPP

1) Spatial–Temporal Patterns of Global NPP: According to
the global MuSyQ NPP product, our results showed that the

https://FLUXNET.fluxdata.org/
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Fig. 5 Comparison of MOD17 GPP, MuSyQ GPP to FLUXNET GPP at 8 days in different land-cover types for (a) EBF; (b) ENF; (c) DBF; (d) GRA; (e) WET;
(f) CRO; (g) WSAV; (h) DNF, and (i) CSH.

global annual average NPP was 58.6 PgC/year from 1981 to
2018. The spatial pattern of the global annual average NPP
is shown in Fig. 7. In the tropical regions of low latitude, the
temperature and humidity can fully meet the requirements of
photosynthesis, the NPP value was the highest [NPP > 1000
gC/(m2 year)], while the NPP value was in the middle in the
temperate regions of middle latitude [NPP ≈ 400–800 gC/(m2

year)]. In the cold zone of high latitude and the other arid
regions, the NPP value was the lowest [NPP < 200 gC/(m2

year)] with the main limiting factors of the temperature and
precipitation. Table IV shows the average NPP of the north-
ern and southern hemispheres and the world’s six continents
from 1981 to 2018. The results indicated that the NPP of
the northern hemisphere was much higher than that of the

southern hemisphere due to the vast land area. NPP in the
northern hemisphere accounted for 61.9% of the global NPP
and the southern hemisphere accounted for 38.1%. The NPP
values for Asia and South America accounted for 52.1% of
the global NPP, which were higher than those of the other four
continents.

Fig. 8 indicates the spatial variation pattern of global an-
nual average NPP from 1981 to 2018. The results showed
that the increased regions were mainly distributed in Russia,
China and India of Asia, central Europe, central and south-
ern North America, southern South America, and central and
southern Africa. The regions where NPP declines were mainly
located in the northern South America and the low latitudes of
Asia.
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Fig. 6 Comparison of MOD17 GPP, MuSyQ GPP to FLUXNET GPP at 8 days in five FLUXNET sites for (a) EBF, (b) CRO, (c) DNF, (d) GRA, (e) ENF, and
(f) WSAV. Comparison of MOD17 GPP, MuSyQ GPP to the Harvard Forest data for DBF at (g) 8 days and (h) yearly scale.

Fig. 7 Global spatial pattern of the mean annual NPP from 1981 to 2018.

The global NPP showed a significant increasing trend, with
an annual upward rate of 0.10 PgC/year (R2 = 0.56, p < 0.01)
over the past 38 years [Fig. 9(a)]. The lowest was 54.8 PgC/year
in 1989, and the highest was 61.1 PgC/year in 2000. Both the
northern and southern hemispheres showed an upward trend.
The annual growth rate was 0.09 PgC/year in the northern hemi-
sphere and 0.01 PgC/year in the southern hemisphere. Before
2000, the curve of the global NPP was essentially consistent

Fig. 8 Spatial variation pattern of global annual average NPP from 1981 to
2018.

with that of the northern hemisphere, and after 2000, the global
NPP curve was similar to the southern hemisphere [Fig. 9(b)].
In addition, the annual average NPP in Asia, Europe, Africa,
North America, South America, and Oceania from 1981 to 2018
were calculated [Fig. 9(c)]. The results showed an average NPP
value for Asia of 15.7 PgC/year over the 38 years, accounting
for 26.8% of the world. A significant upward trend (R2 = 0.76)
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Fig. 9 Interannual NPP changes (a) at global scale; (b) for northern and
southern hemisphere; (c) and for the six continents from 1981 to 2018.

with an annual growth rate of 0.04 PgC/year was provided. An
average NPP of 5.2 PgC/year for Europe was obtained with
a significant upward trend (R2 = 0.67) and an annual growth
rate of 0.02 PgC/year. An average NPP value was observed
8.5 PgC/year for North America. The lowest value was 7.8
PgC/year in 1989, and the highest was 9.0 PgC/year in 1999,
which indicated an upward trend and an annual growth rate
of 0.02 PgC/year. An average NPP in South America of 14.8
PgC/year was found, which accounted for 25.3% of the global
NPP. The lowest value was 13.9 PgC/year in 1988 and the
highest was 15.6 PgC/year in 1981. This was distinct from the
annual variation trend of the NPP in the other five continents,
which revealed a slow downward trend. The average NPP in
Africa was 12.3 PgC/year and accounted for 21.0% of the global
NPP. It showed a significant upward trend before 2000, with an
annual growth rate at 0.07 PgC/year. The trend was relatively
stable from 2000 to 2018. The average NPP of Oceania was 2.1
PgC/year, which remained relatively stable from 1981 to 2018.

2) NPP Variation Characteristics in Tropical Rainforest:
In order to further understand the changing trend of NPP in
tropical rainforests, the annual NPP of the world’s three largest
tropical rainforests from 1981 to 2018 was calculated. The
tropical regions were defined as the Amazon (17.5 °S–12 °N,
80 °W–43 °W), Africa (6.5 °S–9 °N, 13.5 °W–40 °E), and Asia
(11 °S–23.5 °N, 73.5 °E–162.5 °E) in this study. Since the main
vegetation types in this region are EBF, SAV, GRA, and CRO, the
region of EBF in the three tropical areas was defined as tropical
rainforest. The IGBP classification product of MCD12C1 from
2001 was used as the land-cover data.

Fig. 10 Annual NPP for the three tropical rainforests and global percentages
values for NPP from 1981 to 2018.

Fig. 11 NPP anomalies for EBF in the Amazon, African and Asian rainforests
from 1981 to 2018.

Fig. 12 Annual NPP variation for EBF, ENF, WSAV, SAV, DNF, GRA, WET,
CSH, OSH, MF, CRO, and DBF from 1981 to 2018.

The results showed that the average annual NPP of the three
tropical rainforests was 10.4 PgC/year for 1981–2018. In the
past 38 years, the NPP of the three tropical rainforests and their
contribution to the global NPP dropped significantly (Fig. 10).
Among them, the Amazon, the African, and the Asian rainforest
accounted for 9.7%, 3.6%, and 4.4% of the global NPP, respec-
tively. The Amazon rainforest NPP declined over the 38 years
and almost went below the average since 2000. The NPP of the
Asian rainforest was above the average before 2000 but below
the average throughout the 21st century. However, the NPP
of the African rainforest showed an upward trend, which was
above the average from 1995 (Fig. 11).

3) NPP Variation Characteristics in Different Biomes: The
annual average NPP values for different biomes from 1981 to
2018 are displayed in Fig. 12. The rank of the annual average
NPP was EBF > DBF > CRO > MF > SAV > WSAV >
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ENF > CSH > WET > GRA > DNF > OSH. The NPP value
was highest of 1138.7 gC/(m2year) in EBF, followed by DBF
of 772.6 gC/(m2year). The NPP of DNF, CSH, GRA, and WET
were all less than 300 gC/(m2year), and the lowest NPP was
99.6 gC/(m2year) in OSH. The NPP interannual variation of
CSH, WSAV, SAV, GRA, and CRO showed the largest increase
from the late 1990s to 2000, and relatively slow after 2000.
The estimated NPP values for different biomes from 2000 to
2018 were all above the 38-year average except EBF. Among
them, DNF grew the fastest, with an average increase of 3.61
gC/(m2year), followed by CRO, CSH, and SAV. The linear fitting
slopes were 2.95, 1.44, and 1.40 gC/(m2year), respectively.
However, in contrast to the other biomes, EBF showed a down-
ward tendency, and the average decline was 1.40 gC/(m2year).
EBF is mainly distributed in the tropical rainforest region, and
this result was consistent with the conclusion that the decreased
NPP of the Asia and Amazon tropical rainforests.

IV. DISCUSSION

A. Comparison of Similar Research Results

1) Comparison of Global GPP and NPP Estimates From Var-
ious Models: Many studies estimated the global GPP and NPP
with different methods and obtained different results. The global
annual average GPP based on our model was 120.1 PgC/year,
which was slightly lower than the GPP values derived from
other models such as BEPS (132 PgC/year) [48], GOSIF (135.5
PgC/year) [49], NIRv (128.3 PgC/year) [50], and CCW (134.2
PgC/year) [51] and higher than the results from the MOD17
product (110.9 PgC/year) [17]. However, the value obtained by
MuSyQ-NPP model was within the same range of the ten global
GPP land models (112–169 PgC/year) [52] and seven LUE
models (95.10–139.71 PgC/year) [53]. Moreover, it was similar
to VPM V20 models outcomes (121.60–129.42 PgC/year) [54],
EC-LUE model estimates (112–127 PgC/year) [55], and results
from upscaling the two global flux tower observations [56]–[57]
(Table V).

Global NPP estimations vary widely among different studies
(Table VI ), most of which range from 50.0 to 65.0 PgC/year.
Our results showed that the global annual average NPP was
58.6 PgC/year, which was slightly higher than the MOD17
annual average NPP from 2001 to 2015 (53.5 PgC/year) [17].
However, the global average NPP from our results was within
the result range of 17 global NPP process models (44.4–66.3
PgC/year) [59], and close to the results of Li et al. (61.46
PgC/year) [60], Tum et al. (60.2 PgC/year) [20], and Nemani
et al. (59.7 PgC/year) [16]. This finding was consistent with the
results of the IPCC second assessment (61.3 PgC/year) [62] and
the IPCC Third Assessment (60 PgC/year) [63].

2) Comparison of the MuSyQ, MOD17, Revised EC-LUE,
VPM, and GOSIF Products: In order to further verify the
MuSyQ product, four global GPP datasets were selected which
providing GPP continuous values at 0.05 × 0.05° spatial res-
olution with a geographic latitude/longitude projection. The
revised EC-LUE GPP product was generated by using a re-
vised LUE model [74], which includes input data of vapor
pressure deficit (VPD), PAR, GLASS LAI, and atmospheric
CO2 concentration. The VPM V20 GPP product [75] was based
on the improved LUE theory and driven by satellite data from

Fig. 13 Variation of global annual GPP for MuSyQ, MOD17, revised EC-
LUE, VPM, and GOSIF from 2000 to 2015.

MODIS and climate data from NCEP Reanalysis II. The Or-
biting Carbon Observatory-2-based solar-induced chlorophyll
fluorescence (GOSIF) GPP product [76] was generated by the
SIF-based method and driven by the data including enhanced
vegetation index (EVI) from MODIS and meteorological data
(e.g., PAR, air temperature, and VPD) from the modern-era ret-
rospective analysis for research and applications (MERRA-2).

The variation of global annual GPP for MuSyQ, MOD17, re-
vised EC-LUE, VPM, and GOSIF is shown in Fig. 13. The mean
annual global GPP derived from MuSyQ was 122.5 PgC/year
from 2000 to 2015. This value was similar to VPM (120.3
PgC/year), while lower than GOSIF (131.9 PgC/year) and higher
than MOD17 (110.9 PgC/year) and revised EC-LUE (105.0
PgC/year). The average global annual GPP estimates of VPM
and GOSIF showed a significant increasing trend, while MuSyQ,
MOD17, and revised EC-LUE were almost stable during the past
16 years.

We also compared MuSyQ GPP with other GPP products
in the spatial pattern. Fig. 14 was obtained by calculating the
deviation of the annual average values from 2000 to 2015
between MuSyQ and the other four GPP products. In comparison
with VPM, MuSyQ GPP was higher in the three major tropical
rainforests of the world, and lower in southern North America,
southern South America, and northern and southern Africa.
MuSyQ GPP was about 400–600 gC/(m2year) higher in the three
tropical rainforests, and about 200–400 gC/(m2 year) higher in
eastern North America, Europe, and central Asia compared with
MOD17. MuSyQ GPP was higher in the three major tropical
rainforests, eastern North America, Europe, and central Asia,
and lower in northern South America and southern Africa than
the revised EC-LUE GPP. MuSyQ GPP was slightly higher in
central Africa, but lower in South America, northern Africa,
southern Asia, and parts of Europe than GOSIF GPP.

Combined with the global land-cover map of the IGBP clas-
sification schemes, MuSyQ GPP showed higher values than
MOD17, revised EC-LUE, and VPM for EBF while closer
values to GOSIF. MuSyQ, VPM, and GOSIF provided similar
results in DBF and CRO estimations whereas MuSyQ GPP was
relatively lower in OSH, DNF, SAV, and WSAV (Fig. 15). On the
whole, MuSyQ GPP was more consistent with GOSIF estimate,
while higher in the three major rainforests than the MOD17,
revised EC-LUE, and VPM.

B. Reasons for NPP Interannual Changes

1) Reasons for Global NPP Interannual Changes: The
global change trend of annual NPP was most affected by FPAR
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Fig. 14 Comparison of MuSyQ GPP with other GPP products. Mean annual
GPP difference between MuSyQ and (a) VPM, (b) MOD17, (c) revised EC-LUE,
and (d) GOSIF from 2000 to 2015. All comparisons were conducted at 0.05° ×
0.05° spatial resolution.

Fig. 15 Comparison of annual average MuSyQ GPP with MOD17, revised
EC-LUE, GOSIF, and VPM for different land-cover types from 2000 to 2015.

Fig. 16 (a) Global annual PAR and FAPAR. (b) Global annual LUE and
temperature anomaly for 1981–2018.

(R2 = 0.89), followed by LUE (R2 = 0.56), temperature (R2

= 0.35), and PAR (R2 = 0.16) (Fig. 16). From 1981 to 2000,
the global average NPP was 57.2 PgC/year, with increases of
4.89% and 2.79 PgC. The results were essentially consistent with
Nemani’s studies [16], which found that the global NPP rose by
6.17% and 3.42 PgC between 1982 and 1999. During this period,
although the changing trend of PAR was stable, the rising trend
of FPAR, LUE, and temperature was obvious, which ultimately
led to an increase in GPP and NPP; at the same time, the Earth
also experienced dramatic environmental changes, two of the
warmest decades (the 1980s and 1990s) and three intense and
persistent El Niño events happened (1982–1983, 1987–1988,
and 1997–1998). The NPP declined during the three major El
Niño events, with a coincident increase in global CO2 [17]. From
2001 to 2018, the global average NPP was 59.2 PgC/year. During
this period, NPP remained stable, and the overall trend of change
was basically consistent with FPAR and LUE. In the meantime,
NPP was also significantly affected by PAR or temperature in
some years. For example, the significant increase in PAR led
to an increase in NPP in 2012 and 2017, but the obviously
rising temperature in 2005 resulted in a decrease in NPP. The
increase of temperature strengthens the maintain respiration of
vegetation, which leads to a decrease in NPP. The results also
found that the NPP decreased from 2000 to 2008 and gradually
recovered after 2009. Severe drought affected most of Europe,
southern Africa, Brazil, and Paraguay in 2005 and much of the
United States, eastern and southern Africa, China, and Australia
from 2006 to 2008, which may give rise to the reduction in NPP
[17]. The two volcanic eruptions in 1988 and 1993 also reduced
the FPAR, which resulted in a lower NPP [25].

2) Reasons for Tropical Rainforests NPP Interannual
Changes: The continued decline of Amazon and Asian rain-
forest NPP was related to the local deforestation. From 1982
to 2016, Brazil, Argentina, and Paraguay in South America
suffered the greatest loss of forest area, and the primary forests
of Australia and Southeast Asia were also deforested [77]. The
Amazon drought, which began in 2005 and lasted until 2009, has
led to a subsequent decline in NPP [78]. The increasing trend
of Africa rainforest NPP may be attributed to the local forest
expansion [77]. In addition, climatic factors such as temperature,
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Fig. 17 (a) Spatial pattern of the correlation coefficient between the annual
NPP and annual precipitation; (b) annual NPP and annual average temperature;
and (c) annual NPP and annual surface solar radiation in the three tropical
rainforests from 1981 to 2018.

precipitation, and solar radiation also have a certain impact on
tropical rainforests NPP.

Fig. 17 displays the spatial distribution of the correlation
coefficient (r) (p<0.05) between the annual NPP and the climate
factors from 1981 to 2018. The results showed that variations in
the annual NPP over the three tropical rainforests were mainly
dominated by the changes in the annual precipitation, followed
by the annual surface solar radiation and the annual temperature.
Among them, about 69.4% of the area showed a significant
negative correlation between the NPP and the precipitation (−1
< r <−0.6). 29.7% of the area showed an insignificant negative
correlation (−0.6 < r < 0), and 0.8% of the area indicated a
positively correlation (0 < r < 0.5) [Fig. 17(a)]. According to
the statistical results, the average precipitation of the Asia and
Amazon tropical rainforests showed a significant increase from
1981 to 2018, with an annual increase of 14.7 mm/year (R2 =
0.48) and 9.3 mm/year (R2 = 0.63) [Fig. 18(a)]. The increase
in precipitation would lead to less solar radiation [Fig. 18(c)],
which inhibits vegetation growth. But the average precipitation
of the Africa rainforests suggested a significant decrease trend,
with an annual decrease of 15.9 mm/year (R2 = 0.52). The
decrease in precipitation meant more solar radiation [Fig. 18(c)],
which lead to an increase in NPP. The temperature increased
slightly in the Asia and Amazon tropical rainforests and de-
creased slightly in the Africa tropical rainforest [Fig. 18(b)].
The average temperature in these areas is high enough. The
rising temperature will increase respiratory expenditure, which
resulting in a decrease in NPP, and the decrease in temperature is
conducive to the growth of vegetation. In conclusion, the slightly
increased temperature, the significantly increased precipitation,
and the reduced solar radiation contributed to the decrease in
NPP of the Amazon and Asian rainforests. Both the decrease of
precipitation and the increase of solar radiation contributed to
the increase of NPP in African rainforests.

Fig. 18 (a) Annual precipitation anomaly, (b) annual temperature anomaly,
and (c) annual PAR anomaly for the three tropical rainforests from 1981 to
2018.

C. Uncertainty Analysis

In this article, FLUXNET GPP was used to validate the
MuSyQ GPP estimates. From the scatter plot, most of the scatters
(Fig. 5) were below the 1:1 line, which indicated that both
our estimated GPP and MOD17 GPP were underestimated.
The reason may be attributed to the large-scale difference
between the in situ GPP observations and the 0.05° remote
sensing data, and some factors that affect the LUE such as
the C3 or C4 photosynthetic pathway, the concentration of
CO2 in the atmosphere, and the soil moisture were also not
considered.

First, the GPP observation source area ranged from tens of
meters to several kilometers, which varied with changes in
instrument height, wind direction, and wind speed. At the same
time, many pixels of the remote sensing data are mixed pixels.
The inconsistency between the scale of the remote sensing pixel
and the in situ GPP observation inevitably leads to uncertainty
in the validation results. In our study, the correlation coefficient
between the annual FLUXNET GPP and MuSyQ GPP was also
calculated for the total 212 sites, which was compared to the
correlation for the selected 126 sites. The result showed that
the correlation of the selected 126 sites was improved [R2 =
0.60, RMSE = 500.60 gC/(m2year)] when compared with the
total sites including mixed pixels [R2 = 0.47, RMSE = 1025.06
gC/(m2year)]. Even so, we cannot guarantee that the selected
126 sites are pure pixels. For example, the land-cover type of
FLUXNET site BR-Sa1 (2.8567 °S, 54.9589 °W) is EBF, which
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is consistent with MCD12C1 product with a spatial resolution of
5 km. Based on MCD12Q1 with a spatial resolution of 500 m, we
found that the land-cover types of pixels within 5 km around the
site are all EBF, and the consistency of land-cover types around
the site is very high based on Google Earth images. However, at
FR-Gri site (cropland site, 48.8442 °N, 1.9519 °E), although the
land-cover type of the MCD12C1 pixel with a spatial resolution
of 5 km is cropland, it is actually a mixed pixel. Based on
MCD12Q1 with a spatial resolution of 500 m, we found that
within 5 km around this site, cropland accounted for 84%, urban
land accounted for 8%, and the rest were grassland or savannas.
This kind of mixed pixel might cause some uncertainties and
errors in the estimation. Future research should focus on the
impact of inconsistent scales on validation to further verify the
accuracy of the product through scale conversion by combining
remote sensing data of different spatial resolutions.

Second, the C4 crops had a stronger photosynthetic capacity
compared to the C3 crops. Not distinguishing between C3 and
C4 crops in the LUE estimation of cropland might result in
overestimation of GPP and NPP for C3 crops or underestimation
of GPP and NPP for C4 crops. Future research should improve
the accuracy of GPP and NPP estimates by combining more
detailed land classification maps to determine the LUE of C3
and C4 crops.

Third, the CO2 fertilization is the most important process
driving the current increase in the global GPP. Ueyama et al. [79]
found that rising CO2 enhanced GPP at a rate of 0.08%/ppm at
the global scale based on data of the 104 global eddy-covariance
stations from 2000 to 2014, which was equivalent to an increase
of 0.16% per year. De Kauwe et al. [80] found that satellite-based
estimates likely underestimate the effect of CO2 fertilization on
NPP. Although the influence of CO2 on FPAR was considered,
the influence of CO2 on LUE was not taken into account in this
article. Not considering the CO2 effect might underestimate the
global GPP and NPP, especially in the later period.

In addition, soil moisture and VPD largely affect the pho-
tosynthetic rate through the control of stomatal conductance.
Stocker et al. [81] found that the impact of soil moisture alone
can reduce GPP by up to 40% at sites located in sub-humid,
semi-arid, or arid regions. VPD had been used to reflect the
effect of water stress on LUE in many remote sensing models,
such as MOD17 [11]–[13] and the revised EC-LUE model
[74]. However, under very dry conditions, VPD progressively
decouples from soil moisture [81], and it cannot fully capture
drought effects and explain the variability in LUE across the
full dryness spectrum [82]. Stocker et al. [81] demonstrated
that soil moisture is an important forcing of global vegetation
primary production, and interannual carbon cycle variability
cannot be replaced by the information of VPD and should be
accounted for in satellite data-driven estimates. In our model, the
ratio of actual evapotranspiration to potential evapotranspiration
was used to reflect the effect of water conditions on photo-
synthesis, where actual evapotranspiration was calculated from
a modified Penman–Monteith approach and remotely sensed
LAI [36], [39]–[40]. Theoretically, actual evapotranspiration
estimated from remotely sensed LAI has indirectly taken both
soil moisture and VPD into account and can reflect the effect of
water condition on GPP, which can partly improve the accuracy
of GPP and NPP estimation, especially for irrigated cropland
in semi-humid, semi-arid, and arid regions. The higher GPP

and NPP estimation of croplands in this article compared with
MOD17 products can partly attribute to the usage of the remotely
sensed actual evapotranspiration. However, there are still errors
in evapotranspiration estimation, which might bring uncertain-
ties in the GPP and NPP estimation. Whether the ratio of actual
evapotranspiration to potential evapotranspiration in this article
can well reflect the effect of dry conditions globally still needed
to be further studied in the future.

Finally, the land-cover map in 2001 was used as an alternative
for the period from 1981 to 2000 since there was no product be-
fore 2001, which also increased the uncertainty of the estimated
results.

In the future, the introduction of new remote sensing products
(such as a more detailed land-cover map, soil moisture, canopy
chlorophyll concentration, and solar-induced chlorophyll flu-
orescence) and CO2 fertilization is expected to improve the
accuracy of vegetation productivity estimates.

V. CONCLUSION

In this article, a new global GPP and NPP product with a spa-
tial resolution of 0.05° and a temporal resolution of 8 days from
1981 to 2018 was generated by using the improved MuSyQ-NPP
algorithm and the GLASS LAI and FPAR products. The effect
of CI on LUE was added in the algorithm, which improved the
estimation of GPP and NPP, especially in the tropical region.
The products are spatially complete and temporally continuous
owing to the characteristics of GLASS LAI and FPAR products
and can be further used to estimate the global carbon budget and
study the response of global vegetation on climate change and
human activity.

The MuSyQ GPP and NPP were then compared with BigFoot
data, FLUXNET data, and the other four GPP products. The
result indicated that the accuracy of the MuSyQ GPP product
was higher than that of the MOD17 GPP product when compared
with the BigFoot and FLUXNET data, which suggested that the
GLASS data and the MusyQ-NPP algorithm have great potential
in regional and global GPP/NPP estimates.

Finally, the temporal and spatial variations in the global NPP
from 1981 to 2018 were analyzed. Our results showed an average
global GPP and NPP of 120.1 and 58.6 PgC/year between 1981
and 2018, respectively. The global NPP has shown a significant
increasing trend, with an annual growth rate of 0.10 PgC/year
over the past 38 years. The increased regions were mainly
distributed in Russia, China and India in Asia, Central Europe,
central and southern of North America, southern of South Amer-
ica, and central and southern of Africa. The NPP in the northern
and southern hemispheres accounted for 61.9% and 38.1% of the
global NPP, respectively. Both showed increasing trends. The
NPP of the majority of land-cover types was in keeping with the
general growth trend of NPP except for EBF. The average annual
NPP of the three tropical rainforests from 1981 to 2018 was 10.4
PgC/year, the Asia and Amazon tropical rainforests significantly
decreased, and the Africa tropical rainforest increased obviously
over the 38 years; besides the reasons for local deforestation
in the Asia and Amazon tropical rainforests and the forest
expansion in the Africa tropical rainforest, the variations in
the annual NPP were mainly affected by the changes of the
precipitation, followed by PAR and temperature.
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Data Availability: The 0.05° × 0.05° global GPP and NPP
dataset for 1981–2018 is available at http://doi.org/10.5281/
zenodo.3996814 [42]. The dataset is provided in TIFF format.
The scale factor of the data is 0.01. Each TIFF file represents an
8-day GPP/NPP at a daily value (unit: gC/m2d).
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