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Assessing the impacts of Drought 
on Grassland net primary 
production at the Global Scale
Qian Wang1, Yue Yang2, Yangyang Liu1, Linjing tong1, Qi-peng Zhang3 & Jianlong Li1

Quantitatively assessing the impacts of drought on grassland has significant implications to understand 
the degradation mechanism and prevention degraded grassland. in this study, we analyzed the 
relationship between grassland drought and grassland net primary productivity (npp) based on the 
self-calibrated Palmer Drought Severity Index (scPDSI) from 1982 to 2008. The results showed that 
the global grassland scPDSI value had a slightly increasing trend with the rate of 0.0119 per year 
(R2 = 0.195), indicating that the global grassland drought lighter to some extent during study period. 
Moreover, the correlation coefficient between annual grassland NPP and scPDSI was from −0.83 to 
0.92. The grassland NPP decreased under mild drought from 1992 to 1996. Additionally, the correlation 
coefficient between scPDSI and NPP for each grassland type was: Closed Shrublands > non-woody 
grassland > Savannas > open Shrublands > Woody Savannas, indicating that drought had difference 
influences on the different grassland types. Our results might provide the underlying insights needed to 
be guide for the effects of extreme weather events on grassland NPP.

Grassland ecosystem, as the earth’s largest terrestrial ecosystem1,2, provides a large number of economic products 
and other ecological services3. Climate changes may impacts the fluxes of carbon, water and energy between the 
biosphere and the atmosphere4. Therefore, it is important to understand the response of grassland ecosystems to 
climate changes. To some extent, grassland ecosystem is also closely related to socio-economic development and 
regional ecological security5. Therefore, grassland ecosystem is of great significance to the sustainable develop-
ment of human beings.

Grasslands cover approximately 40% of the ice-free global terrestrial surface6,7 and contain around 30% of 
global total soil carbon (C) stocks8. Since grassland plays an important role in ecosystem cycles, it is necessary to 
quantitatively evaluate grassland ecosystems9–11. Net primary production (NPP) is a measure of the net amount 
of carbon and plays an important role in the global carbon balance12, as well as in climate change13. As the foun-
dation of energy flow and nutrient cycle for organisms, NPP is an organic compounds produced by photosyn-
thesis.13. Thus, the disturbances of ecosystem structure and function might influences on terrestrial carbon cycle. 
There are extensive studies about the effects of major disturbances on the terrestrial carbon cycle, such as over-
grazing14, urbanization, fire, and deforestation15,16. It is well known that climate change and its related extreme 
events have range crucial consequences markedly on global carbon balance17,18. Droughts are one of the major 
natural hazards, which can reduce plant productivity, lead to widespread plant death and restrict the geographical 
distribution of plant species10,19–21. Thus, droughts can be regard as one of the disturbances of ecosystem structure 
and function. Since frequency and intensity of droughts are supposed to increase in many regions in the 21st 
century22, it is expected to impact the carbon cycle more strongly in the future23,24. As one of the main contents 
of climate-vegetation researches, NPP change caused by global change has always been a research hotspot25. 
Therefore, a better understanding in spatio-temporal variations in NPP and its feedback on drought will improve 
the prediction of future terrestrial carbon flux26.

In recent years, a few efforts have been made to investigate the productivity of terrestrial ecosystems influenced 
by droughts9. The previous studies conducted the impact of drought on vegetation carbon storage at the difference 
time scales27–30. For example, some researchers conducted the net primary production distribution and response 
to drought at Regional-to-Local Scales27. A continental scale survey of the decline in primary productivity in 
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Europe was conducted31. Furthermore, some study was conducted in arid and semi-arid regions32. Besides, the 
global-scale analysis of the carbon cycle sensitivity to drought also reported33. They found that the global NPP 
affected by droughts decreased in the Southern Hemisphere but increased in the Northern Hemisphere from 
2000 to 2009. Most recent findings showed that how droughts impact NPP is Hotpoint issues. However, to our 
knowledge, the subsequent of droughts influences on terrestrial carbon cycle are not well explored13,34 at the 
global scale, especially from the aspect of the difference vegetation types. Although previous studies have focused 
on the impact of droughts on vegetation carbon storage, few have focused on the impacts of droughts on the 
difference vegetation types at the global scale. To address this, the specific objectives of present study were to 
discuss the impact of drought on grassland NPP at difference drought levels based on scPDSI during 1982 to 
2008. We believed that this will improve an understanding of the impacts of impacts of extreme weather events 
on grassland ecosystem.

Results
Spatial and temporal characteristics of grassland drought from 1982 to 2008. The overall char-
acteristics of the annual global grassland scPDSI

Figure 1A shows the annual average changes of grassland scPDSI from 1982 to 2008. We can see that global 
grassland scPDSI value showed a slightly increasing trend with the rate of 0.0119 per year (R2 = 0.195) during 
study period, indicating that the global grassland drought degree was alleviated during the study period.

Figure 1B shows the MK test of the annual global grassland scPDSI during study period. The result shows that 
the annual global grassland scPDSI presented a slight fluctuating trend. The UF(k) showed a decreasing trend 
during 1982–1988, and an increasing trend from 1989 to 1991, and then a downward trend during 1992–1997, 
and an increasing trend after 1998. Additionally, the trend of UF(k) is not significant at 95% confidence level 
(|U0.05| =± 1.96) between 1982 and 2008, except during the period of 2002–2004, and 2008.This result indicated 
that the annual global grassland scPDSI has a slight downward trend. Additionally, the intersection point of 
the UF(k) and UB(k) curves of the annual global grassland scPDSI occurred at 1996. Thus, the annual global 
grassland scPDSI mainly exhibited an increasing trend. In other words, the trend of global grassland drought has 
weakened in recent years.

The characteristics of the annual global grassland scPDSI in different vegetation types. The 
grassland cover categories mainly include closed shrublands, open shrublands, woody savannas, savannas, 
and non-woody grasslands in this study. The change rate of the annual global grassland scPDSI is different in 
the five vegetation types (Table 1). The largest change rate of scPDSI occurred in woody savannas, while the 
lowest was in non-woody grasslands. The rank of the change rate of scPDSI in the five vegetation types was 
woody savannas (23.1%/10a, R2 = 0.3073) > savannas (22.2%/10a, R2 = 0.1993) > closed shrublands (9.3%/10a, 
R2 = 0.0745) > open shrublands (8.8%/10a, R2 = 0.0979) > non-herb grassland (1.3%/10a, R2 = 0.0024).

Figure 1. The overall characteristics of the annual global grassland scPDSI and its MK test during 1982 to 2008. 
(A) is the overall change trend of the nnual global grassland scPDSI from 1982 to 2008. (B) shows the MK test 
of the annual global grassland scPDSI from 1982 to 2008 (UF(k),and UB(k) curve is marked by the blue line and 
yellow blue line, respectively; and the four straight line is the threshold limit line).

Vegetation types
Change rate per 
decade (%) R2

Closed Shrublands 9.3 0.0745

Open Shrublands 8.8 0.0979

Woody Savannas 23.1 0.3073

Savannas 22.2 0.1993

Non-woody Grasslands 1.3 0.0024

Table 1. The change rate of the annual global grassland scPDSI in different vegetation types. Spatial distribution 
of global grassland drought.
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The scPDSI value is divided into four levels: mild drought (−1.99 to −1.00), moderate drought (−2.99 to 
−2.00), severe drought (−3.99 to −3.00), and extreme drought (below −4.00). Figure 2 shows that grassland 
drought affected area is up to 38.64% of the total grassland area. Additionally, the grassland area covered with 
mild drought accounts for 17.18% of the total grassland area, mainly concentrated in eastern Australia, central 
and southern parts of Africa, the Brazilian plateau of South America, and high latitudes of Canada and Russia. 
Similarity, the grassland area affected by moderate drought, severe drought, and extreme drought is 13.6%, 6.37% 
and 1.47% of the total grassland area, respectively, and chiefly distributed in eastern Australia, central and south-
ern Africa.

Additionally, the variation trend of scPDSI is divided into four types: extremely significant increase, significant 
increase, significant decrease, and extremely significant decrease. Figure 3 shows the proportions of extremely 
significant increase, significant increase, significant decrease, and extremely significant decrease was 14.06%, 
4.96%, 5.17% and 9.91%, respectively. In other words, greater than 19.02% of the global grassland area experi-
enced an increasing trend, and mainly distributed in northeastern Russia, central and southern Africa, north-
eastern Canada, and Western Australia. However, 15.08% of the global grassland area is on a decline, and chiefly 
concentrated in northern North America, Brazil Plateau, Mongolia Plateau, and Eastern Australia.

Figure 2. The mean scPDSI spatial distribution of global grassland during 1982–2008.

Figure 3. The variation trend of global grassland scPDSI index during 1982–2008.
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correlations between scpDSi and the global grassland npp. Figure 4 shows the correlations 
between scPDSI and global grassland NPP from 1982 to 2008. Quantitative relationship between scPDSI and 
global grassland NPP is established by linear fitting for each grid cell. The annual scPDSI has a positive signifi-
cant with grassland NPP (P < 0.05, R2 = 0.58), suggesting that drought reduced grassland NPP during our study 
period.

Figure 5 shows spatial correlations between scPDSI and global grassland NPP during 1982–2008. It can be 
seen that the correlation coefficient is from −0.83 to 0.92. The correlation coefficient was divided into positive 
correlation coefficient (0–0.92) and negative correlation coefficient (−0.83–0). The region with positive cor-
relation is mainly distributed in Kazakh grassland, Mongolian Plateau, central and southern Africa, and most 
of Australia. However, the region with negative correlation chiefly concentrated in high latitudes, Brazilian 
Highlands, Qinghai-Tibet Plateau, Katanga Plateau.

From the different grassland types, the correlation coefficients between scPDSI and grassland NPP of the 
Closed Shrublands, Open Shrublands, Woody Savannas, Savannas, and non-woody grassland was 0.15, 0.08, 0.03, 
0.13, and 0.14, respectively. The order of the correlation coefficient between scPDSI and NPP for each grassland 
type was Closed Shrublands > Non-woody grassland > Savannas > Open Shrublands > Woody Savannas. The 
correlation coefficient between scPDSI and Closed Shrublands, non-woody grassland, and Savannas is relatively 
large, which indicates that the three types of grassland are more susceptible to drought.

Figure 6 illustrates the change of the annual mean grassland NPP at different drought levels during 1982–
2008. The annual mean grassland NPP affected by droughts revealed a slight fluctuation during the study period. 
However, the annual mean grassland NPP affected by drought decreased at mild drought during from 1992 to 
1996, with 12.87 gC/m2, 3.9 gC/m2, 1.85 gC/m2, 15.73 gC/m2, and 5.77 gC/m2 compared with the average of 
1982–2008, respectively.

Discussion
Understanding the impact of drought on grassland NPP is one of the basic objects of global change study35. 
Droughts had an important effect on the NPP, and this was confirmed by Zhao and Running (2010) and Pei et 
al.12,25. In this study, we assessed the impact of drought on grassland NPP at difference drought levels based on 
scPDSI during 1982 to 2008.

A previous study reported that severe drought had a much greater impact on regional NPP than mild 
drought36. However, we found that the annual mean grassland NPP decreased only under mild drought during 
1992 to 1996. That is, some drought reduced grassland NPP, whereas the others did not. Additionally, the annual 
global grassland scPDSI mainly showed an increasing trend, suggesting that the global grassland drought allevi-
ated to some extent that consistent with previously demonstrated13. Besides, the grassland affected area covered 
with mild drought accounts for 17.18% of the total. This also accords with our earlier observations, which showed 
that mild drought was the most important affecting factors in this study. The temperature and precipitation sig-
nificantly contributed to annual grassland NPP variability37. Drought is mainly driven by precipitation and tem-
perature; and NPP is the production through the process of photosynthesis. Therefore, drought stress aggravated 
photoinhibition of photosynthesis38, consequently affecting grassland NPP. Besides, drought on physio-ecological 
processes of plants and mechanism of drought resistance of plant is another explanation. There are, however, 
other possible explanations. Drought has the lag effects on grassland ecosystems, thus, grassland NPP falls behind 
of drought occurred. Previous-year drought controls a significant fraction of current-year production, and the 
magnitude of the response will increase with time39. The lagged effects of drought on vegetative growth is another 
explanation, which had been reported in a previous study40. Our result was also associated with the previous 
finding of temporal-spatial characteristics of drought events41 and El Niño events (1982 to1983, 1987 to 1988, 
and 1997 to1998)25.

We also quantified the contribution of drought to different type grassland NPP at the global scale. The 
results showed that the change rate of the annual global grassland scPDSI was difference in different grassland 
type. The order of the correlation coefficient between SCPDSI and NPP for each grassland type was: Closed 
Shrublands > Non-woody grassland > Savannas > Open Shrublands > Woody Savannas. The mainly reason was 
that the different grassland types had the different resistance and resilience of ecosystems to drought disturbances. 
Additionally, regional diversities of drought intensity, drought duration, and areal extents might one of the expla-
nations. Moreover, drought intensities had a stronger correlation between droughts and NPP anomalies occurred 

Figure 4. The correlation coefficient between annual NPP and scPDSI from 1982 to2008.
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during or after the time at which drought intensities reached their peak values13. In addition, the changes in grass-
land NPP in different grassland types are also related to other factors, such as vegetation difference index (NDVI), 
radiation and evaporation42. Besides, the different type of vegetation has the difference physiological regulation 
mechanism to drought and lag responses of vegetation to the precipitation deficits may be another reason.

conclusions
We have analyzed the impact of drought on grassland NPP at global scale based on scPDSI during 1982 to 2008. 
The results showed that drought had a significant influence on grassland NPP. The overall change trend of scPDSI 
showed an increasing trend and the correlation coefficient was from −0.83 to 0.92. We also found that the annual 
mean grassland NPP decreased only under mild drought during 1992 to 1996, suggesting that some droughts 
reduced the grassland NPP, whereas the others did not.

The change rate of the annual global grassland scPDSI was difference in different grassland type. 
The order of the correlation coefficient between SCPDSI and NPP for each grassland type was: Closed 
Shrublands > Non-woody grassland > Savannas > Open Shrublands > Woody Savannas. The result indicated 
that the different grassland types had the different resistance and resilience of ecosystems to drought disturbances 
due to their difference physiological regulation mechanism.

In present study, we only analyzed the impacts of drought on grassland NPP at different drought level. Future 
research should consider the potential effects of drought more carefully, for example human activities, wildfires, 
overgrazing, pests, and other factors.

Data and Methods
npp data set. NPP estimation based on productivity efficiency approach was first introduced by Monteith 
(1972)43. Vegetation NPP can be estimated using the variables of the photosynthetically active radiation absorbed 
by green vegetation (APAR) and the efficiency by which that radiation is converted to plant biomass incre-
ment44,45. Several types of models have been developed to estimate NPP at large scales44. Previous studies showed 
that Moderate Resolution Imaging Spectroradiometer (MODIS) data can be used to estimate NPP based on 

Figure 5. The spatial correlations between scPDSI and grassland NPP during 1982–2008.

Figure 6. The change of annual mean grassland NPP at different drought levels during 1982–2008. p1, p2, p3, 
and p4 represent annual NPP changed at the mild drought, moderate drought, severe drought, and extreme 
drought, respectively.
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Carnegie-Ames-Stanford Approach (CASA) model46. Thus, we estimated the global grasslad NPP from 1982 to 
2008 by using CASA model. We selected a long time series of NDVI data set from 1982 to 2008 from the web 
site at http://ladsweb.nascom.nasa.gov/data/search.html. All of the related databases were resized to 1-km spatial 
resolution. The NPP estimation and CASA model have been decribed in more detail in prevous stdudies44,47.

Global land cover data set. The global land cover data was from the MOD12Q1 product (http: //modis-land.
gsfc.nasa.gov/landcover.html/). The classes are defined according to the International Geosphere-Biosphere Project 
(IGBP) land cover system based on satellite imagery of land cover and vegetation type48. In this study, the grassland 
cover categories mainly include closed shrublands, open shrublands, woody savannas, savannas, and non-woody 
grasslands10,49 (Table 2). All files of land cover data were merged together and converted into TIFF format using the 
MODIS reprojection tool, and then converted into grid format to match the NPP data.

Drought disaster data set. The self-calibrated Palmer Drought Severity Index (scPDSI50) is a modification 
of the original measure of regional moisture availability that better allows comparison of drought from different 
regions51. Recently, an enhanced version of the global grid monthly scPDSI dataset was released for the period 
1901–200952. It was widely used as the basis for investigating long-term changes in drought severity53. Therefore, 
we selected apart of scPDSI dataset (1982–2008) to qualify the drought at the global scale. The scPDSI is available 
at http://www.cru.uea.ac.uk.

Descripetion of self-calibrating pDSi (scpDSi). Palmer drought severity index (PDSI) is a widely used 
drought index since 196554. It is calculated based on temperature and precipitation information. Since the behav-
ior of the index at various locations is not consistent, it is difficult to make spatial comparisons of PDSI. Thus, the 
self-calibrating PDSI (scPDSI) proposed by Wells et al.55. The scPDSI significantly improved PDSI comparability 
to each location and more reasonable for monitoring extreme wet and dry events. The scPDSI automatically cal-
ibrates the behavior of the index at any position by replacing empirical constants in the index computation with 
dynamically calculated values52.

The scPDSI reduces the excessive frequency of extreme events, when compared to the original PDSI. To quan-
titatively assess the drought, the scPDSI was selected among the many drought indices. In this study, we used 
the scPDSI to analyze the temporal changes in the potential drought impacts under climate change. The drought 
indices classification is shown in Table 3. The scPDSI values of –1.99 to –1.0, –2.99 to –2.0, –3.99 to –3.0, and less 
than –4.0 represent mild drought, moderate drought, severe drought, and extreme drought, respectively56.

Simple linear regression was employed to analyze the annual variation of the global grassland drought dynam-
ics during the study period. The slope of the trend line in the multiyear regression equation for a single pixel 
represents the inter-annual variation rate, which is solved by the ordinary least-squares method. Slope shows 
positive, suggesting that the grassland drought has an increasing trend. Whereas slope is negative, indicating that 
the grassland drought has an decreasing trend57.

The significance of the variation tendency was determined by using the statistic F-test to represent the confidence 
level of variation in our study. Through the significance test (P < 0.01 or P < 0.05), the correlation coefficient can 
indicate whether the trend is “extreme significant” or “significant”. The significance levels of F were classified into six 
levels: extremely significant decrease(ESD, Fslope < 0, P < 0.01), significant decrease (SD, Fslope < 0, 0.01 < P < 0.05), 
non-significant decrease (NSD, Fslope < 0, P > 0.05), non-significant increase (NSI, Fslope > 0, P > 0.05), significant 
increase (SI,Fslope > 0, 0.01 < P < 0.05) and extremely significant increase (ESI, Fslope > 0, P < 0.01).

Grassland types Description

Closed Shrublands Lands with woody vegetation with a height less than 2 meters. The total percent cover, including the 
herbaceous understory, exceeds 60%. The shrub foliage can be either evergreen or deciduous.

Open Shrublands Lands with woody vegetation with a height less than 2 meters, and sparse herbaceous understory. Total 
percent cover is less than 60%. The shrub foliage can be either evergreen or deciduous.

Woody Savannas Lands with and herbaceous understory, typically graminoids, and with tree and shrub cover between 
30 and 60%. The tree and shrub cover height exceeds 2 meters.

Savannas Lands with an herbaceous understory, typically graminoids, and with tree and shrub cover between 10 
and 30%. The tree and shrub cover height exceeds 2 meters.

Non-woodyGrasslands Lands with herbaceous types of cover, typically graminoids. Tree and shrub cover is less than 10%.

Table 2. The description of the grassland types in IGBP class scheme.

scPDSI value Class Situation classification

−0.99 to 0.99 Normal or wet spell

−1.99 to −1.00 Mild drought

−2.99 to −2.00 Moderate drought

−3.99 to −3.00 Severe drought

Below −4.00 Extreme drought

Table 3. The scPDSI drought category classification.
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The nonparametric Mann–Kendall method is employed to detect possible trends of drought indices58,59. The 
results of the M–K test are heavily affected by serial correlation. Thus, we adopt the Yue and Pilon method to 
remove the serial correlation60. The self-calibrating Palmer Drought Severity Index (scPDSI) have been calculated 
for the period 1901–2009 based on the CRU TS 3.10.01 data sets and employs the original severity scale61.

References
 1. Lecain, D. R., Morgan, J. A., Schuman, G. E., Reeder, J. D. & Hart, R. H. Carbon exchange and species composition of grazed pastures 

and exclosures in the shortgrass steppe of Colorado. Agriculture Ecosystems & Environment 93, 421–435 (2002).
 2. Zhou, W. et al. Dynamics of grassland carbon sequestration and its coupling relation with hydrothermal factor of Inner Mongolia. 

Ecol Indic 95, 1–11, https://doi.org/10.1016/j.ecolind.2018.07.008 (2018).
 3. Jiang, L. P. et al. Estimation of Grassland Ecosystem Services Value of China Using Remote Sensing Data. Journal of Natural 

Resources 22, 161–170 (2007).
 4. Lotsch, A., Friedl, M. A., Anderson, B. T. & Tucker, C. J. Response of terrestrial ecosystems to recent Northern Hemispheric drought. 

Geophys.res.lett 32, 347–354 (2005).
 5. Zhang, R. et al. Grassland dynamics in response to climate change and human activities in Xinjiang from 2000 to 2014. Sci Rep-Uk 

8, 2888 (2018).
 6. Rizou, M., Sumner, D. M. & Nnadi, F. Evapotranspiration Parameterizations at a Grass Site in Florida, USA. Eos Transactions of the 

American Geophysical Union (2007).
 7. Rogiers, N., Conen, F., Furger, M., Stöckli, R. & Eugster, W. Impact of past and present land‐management on the C‐balance of a 

grassland in the Swiss Alps. Global Change Biology 14, 2613–2625 (2010).
 8. Anderson, J. M. The Effects of Climate Change on Decomposition Processes in Grassland and Coniferous Forests. Ecological 

Applications 1, 326–347 (1991).
 9. Shiba, S. S. T. & Apan, A. Analysing the effect of drought on net primary productivity of tropical rainforests in Queensland using 

MODIS satellite imagery (2011).
 10. Gang, C. et al. Assessing the Spatiotemporal Dynamic of Global Grassland Water Use Efficiency in Response to Climate Change 

from 2000 to 2013. Journal of Agronomy & Crop Science 202, 343–354 (2016).
 11. O'Mara, F. P. The role of grasslands in food security and climate change. Ann Bot 110, 1263–1270 (2012).
 12. Sun, B., Zhao, H. & Wang, X. Effects of Drought on Net Primary Productivity: Roles of Temperature, Drought Intensity, and 

Duration. Chinese Geographical Science 26, 270–282 (2016).
 13. Pei, F., Li, X., Liu, X. & Lao, C. Assessing the impacts of droughts on net primary productivity in China. Journal of Environmental 

Management 114, 362–371 (2013).
 14. Niu, S. W. & Li-Bang, M. A. Effect of overgrazing on grassland desertification in Maqu County. Acta Ecologica Sinica (2008).
 15. Van Der Werf, G. R. et al. Global fire emissions and the contribution of deforestation, savanna, forest, agriculture, and peat fires. Vol. 10 

(2010).
 16. Houghton, R. A. & Goodale, C. L. Effects of land-use change on the carbon balance of terrestrial ecosystems. Geophysical Monograph 

85–98, 85–98 (2004).
 17. Lei, J. & Peters, A. J. Assessing vegetation response to drought in the northern Great Plains using vegetation and drought indices. 

Remote Sensing of Environment 87, 85–98 (2003).
 18. McMahon, Thomas, A. & Arenas, D. Methods of computation of low streamflow (UNESCO, 1982).
 19. Tilman, D. Drought and Biodiversity in Grasslands. Oecologia 89, 257–264 (1992).
 20. Zhao, M. & Running, S. W. Drought-induced reduction in global terrestrial net primary production from 2000 through 2009. 

Science 329, 940 (2010).
 21. Sala, O. E., Parton, W. J., Joyce, L. A. & Lauenroth, W. K. Primary Production of the Central Grassland Region of the United States. 

Ecology 69, 40–45 (1988).
 22. Bernstein, L. et al. Climate Change 2007 - Synthesis Report. Environmental Policy Collection 27, 408 (2007).
 23. Mk, V. D. M. et al. Drought and ecosystem carbon cycling. Agricultural & Forest Meteorology 151, 765–773 (2011).
 24. Dai, A., Trenberth, K. E. & Qian, T. A Global Data Set of Palmer Drought Severity Index for 1870–2002: Relationship With Soil 

Moisture and Effects of Surface Warming. Journal of Hydrometeorology 5, 1117–1130 (2004).
 25. RR, N. et al. Climate-Driven Increases in Global Terrestrial Net Primary Production from 1982 to 1999. Science 300, 1560–1563 

(2003).
 26. Zhang, F. et al. Variations of Terrestrial Net Primary Productivity in East Asia. Terrestrial Atmospheric & Oceanic Sciences 23, 

425–437 (2012).
 27. Peng, D. et al. Country-level net primary production distribution and response to drought and land cover change. Sci Total Environ 

574, 65–77 (2017).
 28. Doughty, C. E. et al. Drought impact on forest carbon dynamics and fluxes in Amazonia. Nature 519, 78–82 (2015).
 29. Jha, S. & Srivastava, R. Impact of drought on vegetation carbon storage in arid and semi-arid regions. Remote Sensing Applications 

Society & Environment, S2352938517302781 (2018).
 30. Dungan, J. L., Ganguly, S., Melton, F. S., Shupe, J. W. & Nemani, R. R. In Agu Fall Meeting.
 31. Ph, C. et al. Europe-wide reduction in primary productivity caused by the heat and drought in 2003. Nature 437, 529–533 (2005).
 32. Maosheng, Z. & Running, S. W. Drought-induced reduction in global terrestrial net primary production from 2000 through 2009. 

Science 329, 940 (2010).
 33. Chen, T. Global-scale analysis of the carbon cycle sensitivity to drought on annual scales (2010).
 34. Zeng, N., Qian, H., Munoz, E. & Iacono, R. How strong is carbon cycle-climate feedback under global warming? Geophysical 

Research Letters 31, L20203 (2004).
 35. Geider, R. et al. Primary productivity of planet earth: Biological determinants and physical constraints in terrestrial and aquatic 

habitats. Vol. 7 (2001).
 36. Zhang, B. et al. Drought impact on vegetation productivity in the Lower Mekong Basin. Int J Remote Sens 35, 2835–2856 (2014).
 37. Mohamed, M. A. A. et al. The role of climate variability in the inter-annual variation of terrestrial net primary production (NPP). Sci 

Total Environ 332, 123–137 (2004).
 38. Shi-Sheng, K. E. The Limited Types of Photosynthesis of Rhododendron fortunei under Soil Drought Stress. Journal of Yunnan 

Agricultural University 23, 387–391 (2008).
 39. Sala, O. E., Gherardi, L. A., Reichmann, L., Jobbágy, E. & Peters, D. Legacies of precipitation fluctuations on primary production: 

theory and data synthesis. Philosophical Transactions of the Royal Society of London 367, 3135–3144 (2012).
 40. Anderegg, W. R. et al. FOREST ECOLOGY. Pervasive drought legacies in forest ecosystems and their implications for carbon cycle 

models. Science 349, 528–532 (2015).
 41. Wang, Q. et al. Temporal-spatial characteristics of severe drought events and their impact on agriculture on a global scale. Quatern 

Int 349, 10–21 (2014).
 42. Bates, B. C., Kundzewicz, Z. W., Wu, S. & Palutikof, J. P. 2008: Climate Change and Water. Technical Paper of the Intergovernmental 

Panel on Climate Change, IPCC Secretariat (2008).
 43. Monteith, J. L. Solar Radiation and Productivity in Tropical Ecosystems. J.appl.ecol 9, 747–766 (1972).

https://doi.org/10.1038/s41598-019-50584-4
https://doi.org/10.1016/j.ecolind.2018.07.008


8Scientific RepoRtS |         (2019) 9:14041  | https://doi.org/10.1038/s41598-019-50584-4

www.nature.com/scientificreportswww.nature.com/scientificreports/

 44. Piao, S. et al. Changes in vegetation net primary productivity from 1982 to 1999 in China. Global Biogeochemical Cycles 19, - (2005).
 45. Monteith, J. L. & Moss, C. J. Climate and the Efficiency of Crop Production in Britain [and Discussion]. Philosophical Transactions 

of the Royal Society of London 281, 277–294 (1977).
 46. Yuan, J., Niu, Z. & Wang, C. Vegetation NPP Distribution Based on MODIS Data and CASA Model—A Case Study of Northern 

Hebei Province. Chinese Geographical Science 16, 334–341 (2006).
 47. Piao, S. L., Fang, J. Y. & Guo, Q. H. Application of CASA model to the estimation of Chinese terrestrial net primary productivity. Vol. 25 

(2001).
 48. Loveland, T. R. et al. Development of a global land cover characteristics database and IGBP DISCover from 1 km AVHRR data. Int 

J Remote Sens 21, 1303–1330 (2000).
 49. Leinenkugel, P., Kuenzer, C. & Dech, S. Comparison and enhancement of MODIS cloud mask products for Southeast Asia. Int J 

Remote Sens 34, 2730–2748 (2013).
 50. Schrier, G. V. D., Briffa, K. R., Jones, P. D. & Osborn, T. J. Summer Moisture Variability across Europe. Journal of Climate 19, 

1013–1017 (2006).
 51. Büntgen, U., Brázdil, R., Frank, D. & Esper, J. Three centuries of Slovakian drought dynamics. Climate Dynamics 35, 315–329 (2010).
 52. Schrier, G. V. D., Barichivich, J., Briffa, K. R. & Jones, P. D. A scPDSI-based global data set of dry and wet spells for 1901–2009. 

Journal of Geophysical Research Atmospheres 118, 4025–4048 (2013).
 53. Barichivich, J. et al. Temperature and Snow-Mediated Moisture Controls of Summer Photosynthetic Activity in Northern Terrestrial 

Ecosystems between 1982 and 2011. Remote Sens-Basel 6, 353–387 (2014).
 54. Heim, R. R., Jr. Drought indices: A review. Drought: A Global Assessment. (2000).
 55. Wells, N., Goddard, S. & Hayes, M. J. A Self-Calibrating Palmer Drought Severity Index. Journal of Climate 17, 2335–2351 (2010).
 56. Palmer, W. Meteorological drought. U.s.department of Commerce Weather Bureau Research Paper (1965).
 57. Yang, Y. et al. Comparative assessment of grassland degradation dynamics in response to climate variation and human activities in 

China, Mongolia, Pakistan and Uzbekistan from 2000 to 2013. Journal of Arid Environments 135, 164–172 (2016).
 58. Mann, H. B. Nonparametric test against trend. Econometrica 13, 245–259 (1945).
 59. Kendall, M. G. Rank correlation measures (1975).
 60. Yue, S., Pilon, P., Phinney, B. & Cavadias, G. The influence of autocorrelation on the ability to detect trend in hydrological series. 

Hydrological Processes 16 (2002).
 61. Sousa, P. M., Trigo, R. M., Aizpurua, P. & Nieto, R. Trends and extremes of drought indices throughout the 20th century in the 

Mediterranean. Natural Hazards & Earth System Sciences 11, 33–51 (2011).

Acknowledgements
We are grateful to the editor and anonymous reviewers. This research was funded by National key Research and 
Development project (2018YFD0800201), the APN Global Change Fund Project (No. ARCP2015-03CMY-Li & 
CAF2015-RR14-NMY-Odeh), the Jiangsu Province Agricultural Three Renovations Project of China (No. SXGC 
[2014]287), The National Natural Science Foundation of China (No. 41271361), The Key Project of Chinese 
National Programs for Fundamental Research and Development (973 Program, No. 2010CB950702), The 
National High Technology Project (863 Plan, No. 2007AA10Z231), The National Natural Science Foundation 
(41501575), The project of National Ethnic Affairs Commission of the People’s Republic of China (2019-GMD-
034) and the Public Sector Linkages Program supported by the Australian Agency for International Development 
(PSLP: No. 64828).

Author contributions
Data curation, Q.W. and Y.L; Formal analysis, Q.W. and L.T.; Software, Q.-p. Z and Y.Y.; Writing – original draft, 
Q.W., Y.Y. and J.L.; Writing – review & editing, Q.W. and J.L., Q.W. and Y.Y., equal contributors.

Additional information
Competing Interests: The authors declare no competing interests.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2019

https://doi.org/10.1038/s41598-019-50584-4
http://creativecommons.org/licenses/by/4.0/

	Assessing the Impacts of Drought on Grassland Net Primary Production at the Global Scale
	Results
	Spatial and temporal characteristics of grassland drought from 1982 to 2008. 
	The characteristics of the annual global grassland scPDSI in different vegetation types. 
	Correlations between scPDSI and the global grassland NPP. 

	Discussion
	Conclusions
	Data and Methods
	NPP data set. 
	Global land cover data set. 
	Drought disaster data set. 
	Descripetion of self-calibrating PDSI (scPDSI). 

	Acknowledgements
	Figure 1 The overall characteristics of the annual global grassland scPDSI and its MK test during 1982 to 2008.
	Figure 2 The mean scPDSI spatial distribution of global grassland during 1982–2008.
	Figure 3 The variation trend of global grassland scPDSI index during 1982–2008.
	Figure 4 The correlation coefficient between annual NPP and scPDSI from 1982 to2008.
	Figure 5 The spatial correlations between scPDSI and grassland NPP during 1982–2008.
	Figure 6 The change of annual mean grassland NPP at different drought levels during 1982–2008.
	Table 1 The change rate of the annual global grassland scPDSI in different vegetation types.
	Table 2 The description of the grassland types in IGBP class scheme.
	Table 3 The scPDSI drought category classification.




