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a b s t r a c t
Carbon sequestration by terrestrial ecosystems can offset emissions and thereby offers an alternative way of
achieving the target of reducing the concentration of CO2 in the atmosphere. Net primary production (NPP) is
the ﬁrst step in the sequestration of carbon by terrestrial ecosystems. This study quantiﬁes moderate-resolution
imaging spectroradiometer (MODIS) NPP from 2000 to 2014 at the country level along with its response to
drought and land cover change. Our results indicate that the combined NPP for 53 countries represents N90%
of global NPP. From 2000 to 2014, 29 of these 53 countries had increasing NPP trends, most notably the Central
African Republic (23 g C/m2/y). The top three and top 12 countries accounted for 30% and 60% of total global NPP,
respectively, whereas the mean national NPP per unit area in the countries with the 12 lowest values was only
around ~300 g C/m2/y - the exception to this was Brazil, which had an NPP of 850 g C/m2/y. Large areas of Russia,
Argentina, Peru and several countries in southeast Asia showed a marked decrease in NPP (~15 g C/m2/y). About
37% of the NPP decrease was caused by drought while ~55% of NPP variability was attributed to changes in water
availability. Land cover change explained about 20% of the NPP variability. Our ﬁndings support the idea that government policies should aim primarily to improve water management in drought-afﬂicted countries; land use/
land cover change policy could also be used as an alternative method of increasing NPP.
© 2016 Elsevier B.V. All rights reserved.
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Since the industrial revolution, the amount of carbon dioxide (CO2)
in the Earth's atmosphere has increased markedly and is widely considered to be the main cause of global warming (Bolin, 1977; Pavlov et al.,
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2000; IPCC, 2007). Increasing atmospheric CO2 concentrations are
largely attributed to anthropogenic sources, particularly the burning of
fossil fuels (Etheridge et al., 1996; IPCC, 2007). Therefore, the reduction
of carbon emissions has become a very important issue since the adoption of the United Nations Framework Convention on Climate Change
(UNFCCC) in 1992 (Bortscheller, 2010). However, energy is the prime
mover of economic growth and social development; as such, some
countries have not increased their efforts to reduce carbon emissions
in response to the earlier agreements (Sanjoy et al., 2013). As major
sinks in the global carbon cycle, terrestrial ecosystems are expected to
sequester more carbon and slow down the increase in the atmospheric
CO2 concentration (Magnani et al., 2007; Le et al., 2009). Carbon sequestration by terrestrial ecosystems offsets carbon emissions, thereby providing an alternative method of achieving the target of reducing the
atmospheric CO2 concentration (IPCC, 2007; Fissore et al., 2009). Net
primary production (NPP), the initial step in the terrestrial carbon
cycle, represents the amount of atmospheric carbon ﬁxed by plants
and accumulated as biomass (Zhao and Running, 2010) and has been
put forward as a new planetary boundary that integrates aspects of
ﬁve of the currently deﬁned planetary boundaries (Running, 2012).
Previous studies have shown that global NPP increased from 1982 to
1999 and decreased from 2000 to 2009, and that those variations could
mostly be attributed to climate factors (Nemani et al., 2003; Zhao and
Running, 2010; Bastos et al., 2013). Changes in water availability and
drought explain a large fraction of the variability in global NPP (Ciais
et al., 2005; Zhao and Running, 2010; Vicente-Serrano et al., 2012;
Bastos et al., 2013). For example, the reduction from 2000 to 2009 was
largely attributed to the Amazonian drought in 2005 (Zhao and
Running, 2010). Global NPP varies by ~ 2% each year, indicating that
the global NPP capacity would not support the 40% increase in global
population projected for 2050 and beyond (Running, 2012). Human appropriation of NPP is an important measure of human domination of the
biosphere (Haberl et al., 2007). Usually, NPP variations and trends at the
country level are much more dramatic than the global dynamics because local changes in land use/land cover as well as disturbances
have larger relative impacts on the national NPP (Nemani et al., 2003;
Piao et al., 2009a, 2009b). Land use/land cover change is important in
terms of NPP changes at the regional scale, especially in tropical areas,
and it is tropical areas which inﬂuence the global carbon balance the
most (Haberl et al., 2007; Schulze et al., 2010; Pan et al., 2011; Ciais et
al., 2013). Therefore, government policies on NPP not only relate to
global climate change but also to food security.
Previous studies, however, have not provided comprehensive information on the distribution of NPP and its response to climate and land
cover changes at the country level. Therefore, quantifying NPP by country is very important for deﬁning what the role and contribution of each
country should be when international policies on climate change mitigation and emission reductions are being formed. Therefore, the objectives of this study are to examine the distribution of and the variations
in global NPP from 2000 to 2014 at the country level, and to estimate
the contributions of drought and land cover change to the variations
in NPP. We expect our ﬁndings to inform government decision-making,
future United Nations Climate Change conferences, and reports by the
Intergovernmental Panel on Climate Change (IPCC).
2. Material and methods
2.1. Data collection and pre-processing
Global moderate-resolution imaging spectroradiometer (MODIS)
annual NPP data with a spatial resolution of 1 km for 2000–2014 were
obtained from MOD17A3, produced by the Numerical Terra dynamic
Simulation Group (NTSG) at the University of Montana (UMT). The
NPP, summed to annual values for use in this study, is derived from 8day net photosynthesis products (MOD17A2) from the given year and
has previously been validated (Zhao et al., 2005; Faith et al., 2006;

Running et al., 2015; Hasenauer et al., 2012). In addition, in this study,
364 annual NPP observations for 2000–2014 were obtained from daily
gross primary production (GPP) measurements made at 79 ﬂux tower
sites (Fig. 1); these observations were also used to validate the annual
MODIS NPP values. Since ground NPP is difﬁcult to determine, based
on the results of previous studies (Waring and Running, 1998; Grant
et al., 2010; Schulze et al., 2010; Wu and Chen, 2014), we assumed
that NPP is ~47% of annual GPP.
MODIS land cover-type data produced using a supervised classiﬁcation algorithm based on high-quality land cover training sites, which
was developed using high-resolution imagery in conjunction with ancillary data (Muchoney et al., 1999), was used in this study. Also, the most
recent version of the MODIS land cover-type product (MCD12Q1,
500 m) for 2001–2013 was used. The primary land cover scheme was
provided by an International Geosphere-Biosphere Program (IGBP)
land cover classiﬁcation scheme (Fig. 1) (Friedl et al., 2010).
The Standardized Precipitation-Evapotranspiration Index (SPEI) is
calculated from precipitation and temperature data (Vicente-Serrano
et al., 2010a), based on a normalization of the simple water balance developed by Thornthwaite (1948); the speciﬁc formula can be found in
Vicente-Serrano et al. (2010a). Compared to the Standardized Precipitation Index (SPI), the SPEI has a greater capacity to account for the effects
of temperature variability and temperature extremes on drought assessment under global warming conditions (Vicente-Serrano et al.,
2010a; Beguería et al., 2010). Compared to the self-calibrated Palmer
Drought Severity Index (sc-PDSI), the SPEI has the advantage of capturing drought at various time-scales, which is crucial for drought monitoring (Vicente-Serrano et al., 2010a). In this study, the global monthly
SPEI dataset that had a time scale of 12 months and a spatial resolution
of 0.5° (SPEI12), was used to examine the relationship between drought
and NPP for 2001–2014.
The administrative boundaries of countries were acquired from the
latest version of Natural Earth Vector (Natural Earth, 2016). This
world vector data includes N 200 countries and regions, each of which
is subsequently referred to by a 3-letter code for brevity. The administrative boundaries used in this study are based on these data: no political or territorial claims are intended.
MODIS NPP and land cover products use a sinusoidal equal-area projection; we transferred the projection of the SPEI products coincident
with these MODIS data and kept the equal-area (sinusoidal) projection.
The monthly SPEI products were summed to yearly datasets coincident
with the annual MODIS NPP. We resampled the yearly SPEI data to the
resolution of the MODIS NPP data (~1 km) and then analyzed the relationship between NPP and the SPEI at global and country levels to examine the impact of drought on NPP.
Based on the above available products, MODIS NPP and SPEI from
2000 to 2014 were used to examine the distribution of NPP by country
and the relationship between NPP and SPEI. Because the MODIS land
cover product for 2000 and 2014 was unavailable, the contributions of
drought to the variations in NPP, excluding the role of land cover
change, were examined for the period 2001–2013.
2.2. Analysis of country-level NPP distribution
In this study, ﬁrst, 15-year (2000–2014) MODIS NPP data were averaged and summed for all land areas for each country to give national and
global NPP values in order to ﬁnd out the general distribution of NPP by
country. Secondly, mean national NPP per unit area was calculated as
the ratio of the total national NPP to the area of the country, as derived
from the administrative boundaries of the country given in Natural
Earth Vector. Thirdly, the variations in the annual national total NPP
values for 2000–2014 were examined and the spatial patterns of the linear trends in terrestrial NPP were compared to the linear trends in
SPEI12. The average values of MODIS NPP and SPEI12 for the period
2000–2014 were then subtracted from the original values to give the
anomalies respect to the averages for the same period. We also
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Fig. 1. Spatial distribution of ﬂux tower stations used for validation superimposed over a MODIS land cover map. Land cover types include evergreen needleleaf forest (ENF), evergreen
broadleaf forest (EBF), deciduous needleleaf forest (DNF), deciduous broadleaf forest (DBF), mixed forest (MF), closed shrublands (CSH), open shrublands (OSH), woody savannas
(WSA), savannas (SAV), grasslands (GRA), permanent wetlands (WET), croplands (CRO), urban and built-up (URB), cropland/natural vegetation Mosaic (CNV), and barren or sparsely
Vegetated (BSV).

calculated the correlation coefﬁcients between the MODIS NPP and
SPEI12 anomalies to qualitatively examine the inﬂuence of drought
(or water availability) on global NPP changes.
2.3. Calculation of the contributions of drought and land cover change to
NPP variations
A decrease in SPEI does not necessarily indicate drought or severe
drought. According to the Palmer drought index categories (Palmer,
1965), which are widely used for drought monitoring in the United
States and other countries (Heim, 2002; Vicente-Serrano et al., 2010a,
2010b), SPEI N −0.5 is categorized as normal or wet. Thus, a decrease
in the SPEI from a value above −0.5 should not be taken as indicating
drought or severe drought (Heim, 2002; Vicente-Serrano et al.,
2010a). In this study, regions where the SPEI was less than − 0.50
were classiﬁed as being affected by drought. For each pair of consecutive
years, regions of drought or severe drought (D1) were deﬁned as in Eq.
(1); SPEI(d)1 (Eq. (2)) and SPEI(I)1 (Eq. (3)) indicate the regions where
there is a decrease and increase in the SPEI, respectively, and these
changes in the SPEI (Eqs. (2), (3)) are considered as the water availability changes.

D1 ¼

1 ððSPEI i Nð−0:50Þ and SPEI iþ1 bð−0:50ÞÞ or ðSPEI iþ1 bSPEIi bð−0:50ÞÞ
0 or else

other land cover transitions, such as no vegetation cover to vegetation
cover, labelled “↑” in Table 1, are considered to increase NPP. Based on
the previous studies, illogical transitions, labelled “X” in Table 1, are deﬁned as transitions that are unlikely to be observed and violate the ecological rules for a given time period (Liang and Gong, 2010; Liu and Cai,
2012; Townsend et al., 2009). For instance, transitions between the ﬁve
types of forest, or from grassland to shrubland or from shrubland to forest, do not naturally happen within short periods of time (Beckwith,
1954; Enger and Smith, 2002; Cai et al., 2014). In this study, we integrated the results of Cai et al. (2014) with land-cover transitions which logically decreased NPP (Table 1) and ignored other possible disturbances
due to land-cover transitions that could lead to a change in the NPP from
one year to the next. The regions where land cover transitions were considered to reduce and increase the NPP (denoted LCC(↓)1 and LCC(↑)1,
respectively) were extracted using the following equations:
8
>
>
<

8
< IGBPi ðENF; EBF; DNF; DBF; MFÞ to IGBPiþ1 ðCSH; OSH; WSA; SAV; GRA; CRO; CNVÞ
or
LCC ð↓Þ1 ¼
:
IGBPi ðCSH; OSH; WSA; SAV; GRA; CRO; CNVÞ to IGBPiþ1 ðWET; URB; BSV; WATÞ
>
>
:
0 or else
1

ð4Þ

LCC ð↑Þ1 ¼

1 IGBPi ðWET; PSI; BSV; WATÞ to IGBPiþ1 ðOSH; WSA; SAV; GRA; CRO; CNVÞ
0 or else

ð5Þ

ð1Þ

SPEI ðdÞ1 ¼

SPEI ðIÞ1 ¼

1 SPEI iþ1 bSPEIi
0 or else

ð2Þ

1 SPEI iþ1 NSPEIi
0 or else

ð3Þ

In the above equations and those that follow, i represents the year 2001, 2002, …, 2012.
In addition, some land cover transitions, such as from forest vegetation to non-forest vegetation, or non-forest vegetation to no vegetation,
labelled “↓” in Table 1, are also considered to reduce NPP. In contrast,

Next, we calculated the decrease in NPP (↓NPP) for each pair of consecutive years (Eq. (6)), which only applied to cases where NPPi+ 1b NPPi, and added all of these values together (Eq. (7)) to get the total
decrease in NPP for all pairs of consecutive years (T↓NPP). We also calculated the total decrease in NPP in region D1 (T↓D_NPP) using Eq. (8) and
the total decrease in NPP in the overlap region of D1 and LCC(↓)1 (T
↓(D_NPP and LCC)) using Eq. (9). Then, we calculated the contribution rate
(CR) of drought to the decrease in NPP for each pair of consecutive
years (CR↓D_NPP) (Eq. (10)) and to the total decrease in NPP for 2001–
2013 (TCR↓D_NPP) (Eq. (11)):
↓NPP ¼ ↓ðNPP iþ1 −NPP i Þ

ð6Þ
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Table 1
Land cover transition matrix adapted from (Cai et al., 2014); illogical transitions are labelled “X”. “↓” indicates transitions from forest vegetation (ENF, EBF, DNF, DBF, and MF) to non-forest
vegetation (CSH, OSH, WSA, SAV, GRA, CRO, and CNV), or non-forest vegetation to no vegetation (WET, URB, BSV, and WAT). “↑” indicates transitions from no vegetation (WET, SAI, BSV,
and WAT) to vegetation (OSH, WSA, SAV, GRA, CRO, and CNV). “○” indicates the transitions which may decrease or increase net primary production.
land cover class

ENF

ENF
EBF
DNF
DBF
MF
CSH
OSH
WSA
SAV
GRA
WET
CRO
URB
CNV
PSI
BSV
WAT

X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X

EBF

DNF

DBF

MF

CSH

OSH

WSA

SAV

GRA

WET

CRO

URB

CNV

PSI

BSV

WAT

X

X
X

X
X
X

X
X
X
X

↓
↓
↓
↓
↓
○
○
X
X
X
X
X
X
○
X
X
X

↓
↓
↓
↓
↓
○
○
○
○
○
↑
X
X
○
↑
↑
X

↓
↓
↓
↓
↓
○
X
○
X
X
↑
X
X
○
X
X
X

↓
↓
↓
↓
↓
○
○
○
○
○
↑
○
X
○
X
X
X

↓
↓
↓
↓
↓
○
○
○
○
○
↑
○
X
○
↑
↑
X

↓
↓
↓
↓
↓
↓
↓
↓
↓
↓
○
↓
X
↓
X
X
○

↓
↓
↓
↓
↓
○
○
○
○
○
↑
○
X
○
X
↑
○

↓
↓
↓
↓
↓
↓
↓
↓
↓
↓
○
↓

↓
↓
↓
↓
↓
○
○
○
○
○
↑
○
X
○
X
↑
○

X
X
X
X
X
X
X
X
X
X
X
X
X
X
○
X
X

↓
↓
↓
↓
↓
↓
↓
↓
↓
↓
○
↓
X
↓
↑
○
↑

↓
↓
↓
↓
↓
↓
↓
↓
↓
↓
○
↓
X
↓
○
○
○

X
X
X
X
X
X
X
X
X
X
X
X
X
X
X

X
X
X
X
X
X
X
X
X
X
X
X
X
X

X
X
X
X
X
X
X
X
X
X
X
X
X

X
X
X
X
X
X
X
X
X
X
X
X

↓
X
○
○

See the explanations of the land cover type acronyms in Fig. 1. The other two land cover types are permanent snow and ice (PSI) and water (WAT).

2X
012

T ↓NPP ¼

ð↓ðNPP iþ1 −NPP i ÞÞ

ð7Þ

T ↑SPEIðIÞ

NPP

¼

i¼2001

T ↓D

NPP

ðð↓ðNPP iþ1 −NPP i ÞÞ  D1 Þ

ð8Þ

T ð↑SPEIðIÞ

NPP and LCC Þ

i¼2001

T ↓ðD

NPP and LCCÞ

NPP

TCR↓D

¼

NPP

¼

ðð↓ðNPP iþ1 −NPP i ÞÞ  D1  LCC ð↓Þ1 Þ

ð9Þ

T ↓D

NPP −T ↓D NPP and LCC

T ↓NPP

 100%

ð10Þ

ð11Þ

We also calculated the contribution (TCR↓SPEI(d)_NPP) of the decrease
in the SPEI to the decrease in NPP (Eqs. (2), (4), (12)–(14)) for all
pairs of consecutive years, and the contribution (TCR↑SPEI(I)_NPP) of the
increase in the SPEI to the increase in NPP (Eqs. (3), (5), (15)–(19))
for the same period:
T ↓SPEIðdÞ

NPP

2X
012

¼

ðð↓ðNPP iþ1 −NPP i ÞÞ  SPEI ðdÞ1 Þ

NPP and LCC Þ

¼

2X
012

¼

T ↓SPEIðdÞ

NPP −T ↓ðSPEIðdÞ NPP and LCC Þ

T ↓NPP

↑NPP ¼ ↑ðNPP iþ1 −NPP i Þ
2X
012

ð↑ðNPP iþ1 −NPP i ÞÞ

i¼2001

NPP

NPP

¼

¼

2X
012

ðð↓ðNPP iþ1 −NPP i ÞÞ  SPEI ðdÞ1

 100%

ð13Þ

TCR↓LCC

ð14Þ

T ↑LCC

T ↑SPEIðIÞ

NPP −T ð↑SPEI ðI Þ NPP and LCC Þ

T ↑NPP

ð18Þ
 100%

ð19Þ

ðð↓ðNPP iþ1 −NPP i ÞÞ  ðLCC ð↓Þ1 þ LCC OLT ÞÞ

ð20Þ

NPP

NPP

¼

¼

T ↓LCC NPP
 100%
T ↓NPP

2X
012

ðð↑ðNPP iþ1 −NPP i ÞÞ  ðLCC ð↑Þ1 þ LCC OLT ÞÞ

ð21Þ

ð22Þ

i¼2001

where SPEI(d)1 indicates the region where there is a decrease in the SPEI
between two consecutive years; T↓SPEI(d)_NPPand T↓(SPEI(d)_NPP and LCC) indicate the total decrease in NPP for the whole period in the region of
SPEI(d)1 and in the overlap region of SPEI(d)1 and LCC(↓)1, respectively.

T ↑NPP ¼

ðð↑ðNPP iþ1 −NPP i ÞÞ  SPEIðIÞ1

i¼2001

 LCC ð↓Þ1 Þ

NPP

ð17Þ

where ↑NPP indicates the increase in NPP for each pair of consecutive
years (Eq. (13)), which only applies when NPPi+1 N NPPi. We added
all of these values together (Eq. (14)) to get the total increase in NPP
for all pairs of consecutive years (T↑NPP). SPEI(I)1 indicates the region
where there is an increase in the SPEI between two consecutive years;
LCC(↑)1 indicates the regions where land cover transitions were considered to increase the NPP; T↑SPEI(I)_NPP and T↑SPEI(I)_NPP and LCC indicate the
total increase in NPP for the whole period in the region of SPEI(I)1 and in
the overlap region of SPEI(I)1 and LCC(↑)1, respectively.
The contribution of land cover change (LCC) to the decrease in NPP
(Eqs. (20) and (21)) and increase in NPP (Eqs. (22) and (23)) were calculated according to the transition matrix shown in Table 1.
T ↓LCC

i¼2001

TCR↓SPEIðdÞ

TCR↑SPEIðIÞ

ð12Þ

i¼2001

T ↓ðSPEIðdÞ

2X
012

 LCC ð↑Þ1 Þ
2X
012

↓NPP  D1 −↓NPP  D1  LCC ð↓Þ1 Þ
 100%
↓NPP

¼

¼

i¼2001

i¼2001

CR↓D

ðð↑ðNPP iþ1 −NPP i ÞÞ  SPEIðIÞ1 Þ

i¼2001

2X
012

¼

2X
012

ð15Þ
ð16Þ

TCR↑LCC

NPP

¼

T ↑LCC NPP
 100%
T ↑NPP

ð23Þ

where LCCOLT indicates the regions where land cover transitions (labelled “○” in Table 1) were considered to decrease or increase the
NPP. T↓LCC_NPP and T↑LCC_NPPindicate the total decrease and increase in
NPP for the whole period, respectively. TCR↓LCC_NPP and TCR↑LCC_NPP indicate the contribution of LCC to the decrease and increase in NPP,
respectively.
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3. Results

3.2. Variations in NPP from 2000 to 2014

3.1. Distribution of NPP by country

For most regions of the northern hemisphere, the NPP increased
from 2000 to 2014, especially in the regions around the boundaries of
the Democratic Republic of the Congo, the Central African Republic
(CAF), South Sudan (SDS), and central Brazil, where there were large increases of N 20 g C/m2/y (Fig. 4a). Other regions where there were significant (p b 0.01) increases in NPP included central and southern Mexico,
south central and north-western Canada, west-central China, western
India, and north-eastern Russia (Fig. 4a–b). A large area in south-western Russia and northern Kazakhstan (KAZ) showed a signiﬁcant
(p b 0.01) reduction in NPP of N 20 g C/m2/y in some places (Fig. 4ab). In the southern hemisphere, apart from central and western Brazil,
central and eastern Australia, and New Zealand, in most places there
was a large decrease in NPP, especially in eastern Peru, north-western
Brazil, north-eastern Argentina (ARG), most parts of southern Africa,
and the area including Indonesia, Malaysia, and Papua New Guinea; in
these regions there were large areas where the NPP decreased by
N30 g C/m2/y (Fig. 4a–b).
At the country level, 29 of the 53 countries accounting for 90% of
global NPP experienced increasing trends, especially the Central African
Republic, where the average linear rate of change in MODIS NPP from
2000 to 2014 was 23 g C/m2/y; this was followed by South Sudan
with 17 g C/m2/y. In Uganda (UGA) and the Democratic Republic
of the Congo, the NPP increased at a rate of 10 g C/m2/y. Malaysia, Indonesia, Peru, and the Philippines had decreasing trends of 18, 14, 10, and
9 g C/m2/y, respectively (Fig. 4c). The Democratic Republic of the Congo
experienced the biggest national NPP increase of about 25 Tg C/y,
followed by Canada with 16 Tg C/y (Fig. 4c). Other countries with
large rates of increase in NPP were the Central African Republic
(14 Tg C/y), India (12 Tg C/y), and China and South Sudan (both
11 Tg C/y). For Sudan, Chad, Mexico, and Brazil, the overall rate of
change in NPP was 5 Tg C/y. In contrast, about 90 countries or regions
were observed to have decreasing NPP trends, especially Indonesia, Argentina, Russia, and Peru which had changes of about −26, −17, −17,
and − 12 Tg C/y, respectively. In addition, the NPP trends in Zambia
(ZMB), Kazakhstan, Malaysia, and Mozambique (MOZ) were around 6 Tg C/y (Fig. 4c).

The MODIS NPP values were generally consistent with the ﬂux observations. As shown in Fig. 2, a coefﬁcient of determination (R2)
equal to 0.56 (p b 0.001) was observed between the ﬂux-measured
NPP and MODIS NPP and the corresponding root mean square error
(RMSE) was 172.9 g Cm−2 year−1 for the overall dataset.
It was observed that high values of NPP are found mainly in three
tropical forest zones: the Amazonian forests, the central regions of Africa, and the Indonesia (IDN)- Philippines (PHL)- Malaysia (MYS) region
(subsequently abbreviated as IPM). High NPP values also occur close to
the east and west coasts of the United States (USA), in the south of Mexico (MEX) and in other countries in central Africa, in most countries in
western and central Europe, in southern and south-western China
(CHN), north-eastern India (IND), Myanmar (MMR), Lao PDR (LAO),
Vietnam (VNM), South Korea (KOR), Japan (JPN), eastern Australia
(AUS), and in New Zealand (NZL) (Fig. 3a). More than 90% of the total
global NPP is accounted for by just 53 countries (Fig. 3b and d), with
the top 3 and top 12 countries accounting for 30% and 60% of the total
global NPP, respectively. Among these countries, Brazil (BRA) has the
largest total NPP (6.8 × 103 Tg C/y), which accounts for about 13.0% of
global NPP. Other large contributors to global NPP are, in order, Russia
(RUS), the United States, China, Canada (CAN), the Democratic Republic
of the Congo (COD), Australia, and India. Sparse (or non-existent) vegetation or small national territorial areas cause the countries of the Sahara, southern Africa, Central Asia, Southeast Asia and East Asia, and also
some European countries, to have low national NPP values (Fig. 3d).
The spatial patterns of the mean national NPP per unit area are quite
different from those of the national totals of NPP: countries in the Amazonian forest, central Africa and the Indonesia-Philippines-Malaysia region
have high mean NPP values per unit area (Fig. 3b–c). Many small island
countries, including the Dominican Republic, Jamaica, Trinidad and Tobago, Fiji, Brunei and Puerto Rico, have a total NPP b100 Tg C/y but a mean
NPP per unit area larger than 1000 g C/m2/y. Of the 53 countries shown in
Fig. 3d, Papua New Guinea (PNG), Peru (PER), New Zealand, Ecuador
(ECU), Lao PDR (LAO), Madagascar (MDG), Indonesia, Guyana (GUY),
and the Philippines also have a mean national NPP per unit area larger
than 1000 g C/m2/y. For the countries with large total NPP values, such
as Russia, the United States, China, Canada, Australia, and India, the values
of the mean national NPP per unit area are about 300 g C/m2/y but they
contribute the most to the global NPP due to their very large areas. Brazil
and the Democratic Republic of the Congo still have high values of mean
national NPP per unit area of about 850 g C/m2/y.

Fig. 2. Comparison between MODIS net primary production (NPP) and ﬂux tower
observations.

3.3. The response of NPP to drought and changes in water availability
The decreasing trends in NPP from 2000 to 2014 corresponded to the
decreasing trends in the SPEI in Western Australia, Argentina, the southern United States, west-central Russia, northern Kazakhstan, Mozambique, eastern Peru, and north-western Brazil (Figs. 4a and 5a).
Simultaneous increasing trends in the SPEI and NPP were also found
for India, northwestern China, Siberia, Western Europe, and the northern and central part of North America. However, in the Indonesia-Philippines-Malaysia tropical forest zone, the NPP decreased at a rate of
about 30 g C/m2 per year even though the SPEI showed that these
areas did not experience any severe drought between 2000 and 2014.
Other areas where there were inconsistent trends included northern
Canada, France (FRA), Germany (DEU), and northwest China (Fig. 4a).
A signiﬁcant correlation (p b 0.1) between MODIS NPP and SPEI anomalies with respect to their average values for 2000–2014 showed that
drought had a major effect on the NPP in parts of Australia, Argentina,
the United States, Mozambique, Zimbabwe (ZWE), Ukraine (UKR), Russia, Kazakhstan, Mongolia (MNG), and the North China Plain (Fig. 5b) these areas account for about 30% of the global terrestrial ecosystem.
Furthermore, the NPP variations had a signiﬁcant correlation (p b 0.1)
with the SPEI in 38% of the global terrestrial ecosystem.
Fig. 6a showed the country-level contribution of drought to the decrease NPP (TCR↓D_NPP) in MNG, some countries in Central Asia and
North Africa, and in the Republic of South Africa (RSA), Mozambique,
Botswana (BWA), ZWE, and Venezuela (VEN) was larger than 50%,
and was more seriously inﬂuenced by drought than in other countries

70

D. Peng et al. / Science of the Total Environment 574 (2017) 65–77

Fig. 3. (a) Global pattern of mean MODIS net primary production (NPP) from 2000 to 2014; (b) average annual country-level MODIS total NPP for 2000–2014; (c) mean national NPP per
unit area; and (d) average annual country-level NPP (2000–2014) for the top 53 countries representing 90% of the total global NPP. The top 3 and top 12 countries account for 30% and 60%
of the global total, respectively. The 3-letter country codes are used in ﬁgures a–c.

(Fig. 6a). The country-level TCR↓D_NPPin the Philippines, the Korean peninsula, and several other countries was about 10%; in Japan, Canada, Indonesia, Colombia (COL), Angola (AGO), and Malaysia, it was about
20%; in Russia, China, and Mexico, it was about 30%; and in the United
States, Brazil, Argentina, Australia, India, and Kazakhstan, it was between 40% and 50% (Fig. 6a). Totally, for 2001–2013, ~37% of global decreased NPP was caused by drought (Fig. 6a).
The country-level contribution of decreasing SPEI to the decrease in
NPP (TCR↓SPEI(d)_NPP) for all pairs of consecutive years during the period
2001–2013 was observed to be larger than that due to drought (Fig. 6a–
b), especially for Namibia, Angola, the Democratic Republic of the

Congo, Luxembourg (LUX), and other countries that had low values of
TCR↓D_NPP. For the countries with the eight largest NPP values - that is,
Brazil, Russia, the United States, China, Canada, the Democratic Republic
of the Congo, Australia, and Indonesia- the values of TCR↓SPEI(d)_NPP were
about 60%, 58%, 65%, 49%, 44%, 61%, 82%, and 34%, respectively (Figs. 6a6b). The values of the country-level contribution of increasing SPEI to
the increase in NPP (TCR↑SPEI(I)_NPP) for all pairs of consecutive years
were close to the values of TCR↓ SPEI(d)_NPP(Fig. 6a–f), except in a few
cases; for example TCR↑SPEI(I)_NPPfor China (58%) was larger than TCR
↓SPEI(d)_NPP(49%) (Fig. 6b–c). Among the 53 countries for which the combined NPP represents N 90% of total global NPP, there were 6 countries
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Fig. 4. (a) Spatial pattern of linear trends (g C/m2/y) in MODIS net primary production (NPP) from 2000 to 2014 and (b) the corresponding p-values; (c) the country-level NPP linear trends
(Tg C/y) from 2000 to 2014; and (d) country-level average linear trends (g C/m2/y) in MODIS NPP from 2000 to 2014 for 53 countries. The 3-letter country codes used in the ﬁgure are
those of the 53 countries for which the combined NPP represents N90% of the total global NPP.

for which TCR↓D_NPP was N 50%, while for N30 countries the observed
values of TCR↓SPEI(d)_NPP and TCR↑ SPEI(I)_NPP were larger than 50%
(Fig. 6d–e, and f). Totally, ~ 55% of NPP variability from 2001 to 2013
was attributed to changes in water availability (Fig. 6b–c).

countries with the eight largest NPP values, the values of TCR↓LCC_NPP
or TCR↑LCC_NPP were all about 15% (Fig. 7c–d).

3.4. Response of NPP to land cover changes

4.1. Possible limitations on quantifying the contributions of drought and
land cover changes to annual NPP variability

The contributions of land cover changes to the increases and decreases in NPP were obviously smaller than those due to drought and
changes in water availability. The values of TCR↓LCC_NPP and TCR↑LCC_NPP
were similar and generally around 20% (Fig. 7a–b). Among the 53 selected countries, only a few had values close to 30%; these included
Cote d'Ivoire (CIV), Sweden (SWE), UGA, Kenya (KEN), Nigeria (NGA),
Ethiopia (ETH), and the United Republic of Tanzania (TZA). For the

4. Discussion

4.1.1. The accuracy of the MODIS NPP product
The major error source for country-level NPP estimates is the accuracy of the MODIS NPP product algorithm. This algorithm has been successively validated and improved (Running et al., 2015; Turner et al., 2004,
2005, and 2006; Heinsch et al., 2006; Ito, 2011; Pan et al., 2014). According to the MODIS land validation strategy, the NPP product goes through
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Fig. 5. (a) Spatial pattern of linear trends in SPEI from 2000 to 2014 and (b) correlation coefﬁcient between anomalies in annual MODIS net primary production and in SPEI12 with respect
to their averages for the same period.

four validation, with the 3rd stage indicating that the uncertainty in the
product has been assessed. The uncertainties are well quantiﬁed via independent measurements and other ancillary reference data, which are
acquired in a systematic and statistically robust way to represent global
conditions. The 3rd validation stage also includes spatial and temporal consistency assessments over globally representative locations
and periods (Morisette et al., 2002; Nightingale et al., 2008). Stage
3 validation has already been achieved for the MOD17 products
used in this study, and the global annual estimates of NPP are within
9.0% of the average of previously published results (Running et al.,
2015). Our validation was based on 364 annual NPP observations
from 79 ﬂux sites and it was found that the MODIS NPP values
were generally consistent with the ﬂux observations. Based on
these validations, we believe that the MODIS NPP product was suitable
for use in the country-level analysis carried out in this study (Running et
al., 2015).
4.1.2. The effects of using SPEI corresponding to different timescales on NPP
values
Vicente-Serrano (2006) found that vegetation activity during
the germination period is mainly determined by the precipitation over
the preceding 12 months. A timescale of 12 months (or longer) is

commonly used to monitor long-lasting dry episodes (Bordi and
Sutera, 2001). Because our time series of MODIS data covered a relatively short period (2000−2013) and corresponded to a timescale of 1 year,
we focused on a timescale of b12 months in order to ﬁnd out the effects
of using SPEI values corresponding to different time scales on NPP
changes. We chose SPEI03 (3-month scale data) and SPEI06 (6-month
scale data) to test this.
Fig. 8 shows the correlation between NPP and SPEI03 and between
NPP and SPEI06 from 2000 to 2014. SPEI03 and SPEI06 had a signiﬁcant
correlation (p b 0.1) with NPP variations over 35% and 38% of the global
terrestrial ecosystem, respectively; the total NPP for these areas
accounted for about 25% and 27% of the global NPP, respectively. For
SPEI12, the results were similar at 38% of the global terrestrial ecosystem and 26% of the global NPP (Fig. 5b). Furthermore, the spatial patterns in the correlations between the NPP and SPEI were found to be
similar for the three timescales (Figs. 5b and 8). For SPEI03, there was
a slightly greater area in northern Europe that had a negative correlation
with the NPP than for SPEI06 and SPEI12, while in central Asia and
southern Africa, a smaller area was observed to have a positive correlations with the NPP than for SPEI06 and SPEI12. It was concluded, therefore, that the uncertainties due to using SPEI values corresponding to
different timescales were marginal.
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Fig. 6. Country-level contribution of (a) drought to the decrease in net primary production (NPP) (TCR↓D_NPP), (b) decreasing SPEI to the decrease in NPP (TCR↓SPEI(d)_NPP), and (c) increasing
SPEI to the increase in NPP (TCR↑SPEI(I)_NPP) summed for all pairs of consecutive years in the period 2001–2013. (d), (e), and (f) show TCR↓D_NPP, TCR↓SPEI(d)_NPP, and TCR↑SPEI(I)_NPP for 53
countries. The 3-letter country codes used in the ﬁgure are those of the 53 countries for which the combined NPP represents N90% of total global NPP.

4.1.3. Interaction effects from multiple factors on NPP changes
Although drought has been shown to be the major driver of the decrease in global NPP (Bai et al., 2008; Zhang et al., 2009; Zhao and
Running, 2010; Guo et al., 2012), it is not the only one. Changes in nitrogen deposition, CO2 fertilization, vegetation regrowth, and disturbances,
also inﬂuence NPP (Churkina and Running, 1998; Nemani et al., 2003;
Piao et al., 2009a, 2009b). Western Russia experienced a severe
heatwave in 2010, which led to strong water depletion in soils. Bastos
et al. (2014) disentangled the response of NPP to heat and drought,
and concluded that the strong decrease in NPP in the year 2010 could
not be explained solely by water stress. Furthermore, because of the
heatwave, very large wildﬁres were occurred, which likely contributed
to the reduction in NPP calculated from MODIS imagery in 2010
(Bastos et al., 2014). Human activities also play an important role in
NPP variations by changing the type of land cover (Piao et al., 2009b),
especially in the case of cropland. For example, the multiple crop systems used in southern China have changed over the past 50 years and
this has resulted in a change in the NPP (Pan et al., 2015). The irrigation
of crops in China helps to mitigate the reduction in NPP due to drought
(Zhang et al., 2012). In addition, human activities such as deforestation
and afforestation inﬂuence forest NPP in, for example, tropical rainforest
regions, where rainforests have decreased in size primarily due to deforestation (Malhi et al., 2009).

Quantifying the effects of drought, water availability and land cover
change on NPP variability is challenging. However, our results are generally consistent with previous studies. Nemani et al. (2003) estimated
that water, temperature, and radiation impose limits on vegetation
growth over about 40%, 33%, and 27%, respectively of the Earth's vegetated surface. Bastos et al. (2013) suggested that the ENSO explains
N40% of global NPP variability (Gonsamo et al., 2016). In this study, excluding the overlapped area of land cover changes and drought, ~37% of
the NPP decrease was caused by drought and ~55% of the NPP variability
was attributed to changes in water availability (Fig. 6). In addition, we
subtracted the overlap between areas of land cover change and drought
if there was a decrease in NPP in the area where the land cover change
occurred (Eq. (7)). This was because our method cannot separate these
two contributions to the decrease in NPP in the area of overlap, which
would lead to an underestimate of the contribution due to drought.
However, the decrease in NPP in this area of overlap was found to be
only about 2%. Haberl et al. (2007) found an aggregate global human appropriation of 23% of potential NPP and our results indicate that land
cover change explains ~20% of NPP variability as well (Fig. 7). The regions around the equator and at northern high latitudes show no significant correlation (p b 0.1) or else show inconsistent trends between
annual NPP and SPEI anomalies for 2000–2014 (Figs. 3–4). This is because the NPP changes in those areas are controlled by radiation -
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Fig. 7. Country-level contribution of land cover changes to the decrease (a, TCR↓LCC_NPP) and increase (b, TCR↑LCC_NPP) in net primary production (NPP) summed for all pairs of consecutive
years in the period 2001–2013. (c) and (d) show the values of TCR↓LCC_NPPand TCR↑LCC_NPP for 53 countries. The 3-letter country codes used in the ﬁgure are those of the 53 countries for
which the combined NPP represents N90% of total global NPP.

more precipitation means more cloud and less radiation, which leads to
an NPP decrease (Nemani et al., 2003; Gonsamo et al., 2016).
4.2. Policy suggestions based on country-level distributions of NPP and on
the contributions of water availability and land cover change to NPP
changes
The ﬁndings of this study provides a much-needed benchmark for
the carbon sequestration capacity of each country, which can then be
used in both national and international policy making in the face of
global change and climate warming. The 2007 Bali Action Plan and the
2009 Copenhagen Accord proposed reductions in emissions of carbon
due to deforestation, and promoted the role of sustainable forest management and enhancement of forest carbon stocks in developing countries (Irawan and Tacconi, 2009), thus highlighting the importance of
human activities and national behaviour. International climate change
frameworks need to consider the contribution of each emitting region
to the increase in atmospheric CO2 (Ciais et al., 2013). NPP represents
a key component of the terrestrial ecosystem process that removes
CO2 from the atmosphere and transforms it into plant carbohydrate
matter, which then sustains the global food web needed by humanity

and other life forms (Canadell et al., 2000; Ahl et al., 2004; Running,
2012). Many of the countries reported as being major CO2 emitters in
article 21 of the Paris Agreement in 2015, such as China, the United
States, Russia, India, Canada, Brazil and Australia, are also the countries
with the largest NPP values (Fig. 3) (Olivier et al., 2014). However, their
mean NPP values per unit area are not high, except for Brazil, which has
an overall NPP of ~850 g C/m2/y. These countries' large contributions to
the global NPP result simply from their sheer size (Fig. 3). In addition,
we conﬁrmed that global NPP varies by ~2% annually (Fig. 4), indicating
that for a given global average of 53.6 Pg per year, NPP can vary only by
about 1000 Tg annually (Running, 2012). This global NPP capacity
would not support the 40% increase in global population projected for
2050 and beyond (Running, 2012). The quantiﬁcation of NPP at the
country level, including the total NPP values and mean NPP values per
unit area discussed in our study, will be helpful for countries as they
take the necessary common but differentiated responsibilities in response to global change and climate warming, and for food security
and ecosystem balance.
China, the United States, India, Russia, Canada, and Australia have
high total NPP values and low mean NPP per unit area. The NPP in
large areas of those countries is also sensitive to drought and shows a
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Fig. 8. The correlation coefﬁcient between annual MODIS net primary production and anomalies in (a) SPEI03 and (b) SPEI06 with respect to their average values for 2000–2014. SPEI03
and SPEI06 correspond to timescales of 3 and 6 months, respectively.

signiﬁcant correlation (p b 0.01) with the SPEI (Fig. 5). Because these
countries have large areas with low NPP, this results in relatively low
mean NPP values per unit area (Fig. 3). However, the high total NPP
for these countries indicates that the carbon sequestration capacity of
their plant ecosystems is high and could be more effective than the ecosystems of other countries with small land areas in slowing down global
warming and increasing food supply. This is a possibility, particularly in
the northern countries where enhanced plant growth due to increased
warming and CO2 fertilization is anticipated. Our results also suggest
that, in the 6 countries listed above, water availability accounts for
50% or more of the change in NPP, exceeding 70% in the case of Australia
(Fig. 6), while land use/land cover change accounts for 15% of the NPP
change (Fig. 7). These ﬁndings indicate that government policies should
support improved water management in drought-afﬂicted countries. Irrigation or other methods of expanding the water supply are the main
ways in which these countries could increase NPP, with land use/land
cover change, such as afforestation, being another alternative. The former policy would be more feasible in countries like China and India,
where irrigation supports multiple cropping seasons each year. Such a
policy would also beneﬁt society by providing food security and jobs.
Major CO2 emitting countries that have a relatively low total NPP
and high mean NPP per unit area include the United Kingdom, Germany, Japan, and South Korea (Olivier et al., 2014). For these countries,
an alternative method of transferring the proceeds of a carbon tax to
other countries' or planting trees in other regions of the world may be
a useful way of offsetting their own carbon emissions. In addition, for

several countries in Southeast Asia, especially Indonesia, the Philippines, and Malaysia, where a marked decrease in NPP was observed between 2000 and 2014 (Fig. 4), there was no signiﬁcant correlation
(p b 0.1) between annual NPP and the SPEI (Fig. 5). The contributions
of water availability and land cover change to NPP changes were around
30% and 10%, respectively in these countries (Figs. 6–7). Previous studies have found that Brazilian Amazonian and Southeast Asia have the
world's highest absolute rates of forest deforestation (Bhattarai and
Hammig, 2001; Armenteras et al., 2006; Malhi et al., 2009) and the results of this study support the conclusion that deforestation is one of
the major causes of the decrease in NPP in southeast Asian countries between 2000 and 2014. However, the thinning of forests and the growth
of secondary forests produce no change in land cover type and thus a
low contribution by land cover change to NPP change was observed in
this study. Deforestation, which is overwhelmingly due to agriculture,
is widely recognized as one of the world's leading environmental problems and leads to the loss of original forests and biodiversity, and to a reduction of the size of forest fragments. A policy of restrained
deforestation should be encouraged in these countries (Armenteras et
al., 2006; Ewers, 2006; Malhi et al., 2009; Peng et al., 2012).
5. Conclusions
In this study, we investigated the distribution of and variations in
global net primary production (NPP) from 2000 to 2014 at a national
scale. We found different patterns in the total NPP and mean NPP per
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unit area. The total NPP for 12 countries represented 60% of the total
global NPP even though their mean values of NPP per unit area were relatively low (~300 g C/m2/y). The exception to this was Brazil which had
a mean ﬁgure of 850 g C/m2/y. Many of these countries are also known
to be major CO2 emitters. From 2000 to 2014, 29 of the these 53 countries experienced increasing NPP trends, while large areas in Russia, Argentina, Peru, and several countries in Southeast Asia showed a marked
decrease in NPP. 37% of the NPP decrease was caused by drought and
~55% of the NPP variability was attributed to changes in water availability; ~ 20% of the NPP variability was due to land cover change. Our results provide much needed benchmarks that give the carbon
sequestration capacity for each country - these benchmarks can be
used in both national and international policy making in the face of
global change and climate warming. About 53 countries account for
N90% of the total global NPP. Our ﬁndings indicate that government policies should support improved water management in drought-afﬂicted
countries. Irrigation or other methods of expanding the water supply
are the main way in which NPP can be increased, with land use/land
cover changes, such as afforestation, being a possible alternative.
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