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Vegetation Greening and 
Climate Change Promote 
Multidecadal Rises of Global Land 
Evapotranspiration
Ke Zhang1,2,3, John S. Kimball4, Ramakrishna R. Nemani5, Steven W. Running4, Yang Hong2,7, 
Jonathan J. Gourley6 & Zhongbo Yu3

Recent studies showed that anomalous dry conditions and limited moisture supply roughly between 
1998 and 2008, especially in the Southern Hemisphere, led to reduced vegetation productivity and 
ceased growth in land evapotranspiration (ET). However, natural variability of Earth’s climate system 
can degrade capabilities for identifying climate trends. Here we produced a long-term (1982–2013) 
remote sensing based land ET record and investigated multidecadal changes in global ET and 
underlying causes. The ET record shows a significant upward global trend of 0.88 mm yr−2 (P < 0.001) 
over the 32-year period, mainly driven by vegetation greening (0.018% per year; P < 0.001) and 
rising atmosphere moisture demand (0.75 mm yr−2; P = 0.016). Our results indicate that reduced ET 
growth between 1998 and 2008 was an episodic phenomenon, with subsequent recovery of the ET 
growth rate after 2008. Terrestrial precipitation also shows a positive trend of 0.66 mm yr−2 (P = 0.08) 
over the same period consistent with expected water cycle intensification, but this trend is lower 
than coincident increases in evaporative demand and ET, implying a possibility of cumulative water 
supply constraint to ET. Continuation of these trends will likely exacerbate regional drought-induced 
disturbances, especially during regional dry climate phases associated with strong El Niño events.

Land ET plays a vital role linking global water, energy, and carbon cycles, and is controlled by environ-
mental factors and vegetation dynamics. The terrestrial water availability (TWA), defined as precipita-
tion (P) minus ET, strongly influences the states of global ecosystems and human well-being, while the 
climatic water deficit (CWD), namely P minus potential ET (PET)1, quantifies the discrepancy between 
terrestrial water supply and atmospheric moisture demand, and impacts the distributions of hydrolog-
ical regimes, climate zones, and vegetation2. Global warming and anthropogenic activities have altered 
global ET3,4, precipitation (P)5 and runoff6, suggesting a general intensification or acceleration of the 
global water cycle7,8. However, asynchronous changes in these components may lead to hydrological 
deficits and adverse ecological consequences. Comprehensive analysis of recent changes in land ET and 
their attribution in the context of variable climatic and ecological control factors, and natural climate 
oscillations are still lacking.
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We applied an updated process-based land surface ET/heat fluxes algorithm9 to estimate global terres-
trial ET and PET at 1/12° spatial resolution on a daily basis from 1982 to 2013, driven by satellite obser-
vations of photosynthetic canopy cover and surface meteorology inputs (see Methods and Supplementary 
Section 1). We separated the primary climatic controls to ET into three independent factors: demand, 
supply and energy, and analyzed changes in the three factors over the 32-year period (see Methods). 
Demand is quantified by a calculated potential ET rate that only depends on variabilities of air tem-
perature, air vapor pressure, and wind speed, while supply and energy are determined by precipitation 
and solar radiation, respectively. All the three factors are normalized between 0 and 1. Details on the 
definitions and calculations of these factors are described in Methods. Finally, we obtained gauge and 
satellite based global monthly precipitation from three independent sources and used these data with the 
ET and PET records produced in this study to investigate changes in the global TWA and CWD over 
the 32-year period.

Results
The domain of this study includes global land areas and inland water bodies that are not permanently 
covered by snow/ice, covering 89% (132.05 ×  106 km2) of the global land area. The multi-year mean of 
estimated global annual ET is 563.4 mm yr−1 (74.3 ×  103 km3 yr−1) with an inter-annual variability of 
10.4 mm yr−1 (1.3 ×  103 km3 yr−1) from 1982 to 2013, which is similar to other reported global esti-
mates3,10,11, considering differences in the extent of study areas. The modeled monthly ET compares 
favorably with global in situ tower measurements at the 1-km flux tower footprint scale and with inde-
pendent ET estimates inferred from long-term water balance measurements from 284 globally distrib-
uted basins covering 65% of the global vegetated area (see Supplementary Information Section 2 and Fig. 
S1). It also agrees reasonably well with three independent ET data sets (see Supplementary Information 
Section 2 and Fig. S2). As a whole, the global land area shows a significant upward ET trend of 0.88 mm 
yr−2 (P <  0.001) during the 32-year period (Fig.  1a). The upward trends occur widely across the globe 
with 42% of the global land area experiencing significant (P <  0.1) positive trends in ET (Fig.  1b) and 
exceeding areas (13% of global land area) with significant negative trends (Fig. 1b). The rising global ET 
is consistent with the upward trend seen in a data-driven global ET record from 1982 to 2008 in a pre-
vious study3 (the black line in Fig. 1a). The global ET record derived in the current study shows similar 
inter-annual variability (r =  0.75; P <  0.01) with the ET record in the previous study3 for the overlapping 
1982–2008 period. Both the current results and ET records of the previous study3 show slowing or ceased 
growth rates from 1998 to 2008, which was primarily attributed to moisture limitation in the Southern 
Hemisphere3. However, our extended record shows a recovered ET growth rate after 2008 (Fig. 1a). This 
suggests that the lapse in the ET growth rate from 1998 to 2008 is likely an episodic phenomenon of the 
Earth’s climate system. This finding is also supported by another recent study, which suggests that the 
ET declines from 1998 to 2008 reflect transitions to El Niño conditions and are not the consequence of 
a persistent reorganization of the terrestrial water cycle12.

The upward trend of global ET coincides with positive trends in annual land surface air temperature 
from ground observations (CRUTEM4.313: 0.03 °C yr−1; P <  0.001) and the reanalysis record (0.023 °C 
yr−1; P <  0.001), and satellite-observed ensemble-mean Normalized Difference Vegetation Index (NDVI) 
greenness (0.018% per year; P <  0.001) (Fig.  1a). Global annual ET is highly correlated with NDVI 
(r =  0.91; P <  0.001) and annual mean air temperature (r =  0.69; P <  0.001). These parameters explain 
84% of the variation in annual ET and have the similar positive trends as global annual ET, indicating 
that the global ET trend is mainly driven by increases in vegetation density and warming. A tempo-
rary global cooling and corresponding vegetation browning event occurred after the June 1991 Mount 
Pinatubo eruption14, resulting in a temporary decrease in ET (Fig. 1a). The El Niño-Southern Oscillation 
(ENSO) does not correspond strongly with variations of annual land-surface air temperature, NDVI, and 
ET at the global scale (Fig. 1a). This is likely due to complex, lagged responses of the entire troposphere 
to the ENSO activities15. In addition, the ENSO is associated with dry-wet cycles in many land areas16, 
leading to more complex ENSO linkages with vegetation states and vegetation-impacted ET.

We constructed a global map of relative contributions of the major climatic control factors (demand, 
supply and energy) influencing ET (see Methods). Water supply most strongly influences ET over 49% 
of the global domain, whereas available energy and atmospheric water demand are dominant influences 
on ET over 32% and 19% of the global domain, respectively (Fig. 2a). The atmospheric demand for ET 
shows the most extensive changes globally over the 32-year record (Fig. 2b). Approximately 29% of the 
global domain shows significant (P <  0.1) increases in ET demand from 1982 to 2013, mainly driven by 
a general global warming trend and associated increases in air vapor pressure deficit (Supplementary 
Fig. S3), while 8% of the domain shows significant decreases in ET demand for the period, including 
western South America, and resulting from regional cooling and/or reduction of vapor pressure defi-
cit (Supplementary Fig. S3e). The available energy for ET shows the second most extensive significant 
changes over the global domain (Fig. 2c). Approximately 8% of the domain shows significant increases 
in available energy for ET, mainly over tropical and subtropical regions (Fig. 2c) due to reduction in total 
cloudiness17; about 18% of the domain shows significant reductions in available energy for ET, mainly 
located over eastern Asia, central North America, Sudanian Savanna, and Australia (Fig. 2c), which are 
mainly caused by reduced incoming solar radiation over the study period due to emission of anthro-
pogenic aerosols18. The available water supply for ET shows the smallest trends (Fig.  2d). Only small 
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portions of the global domain show significant changes in water supply (9% and 6% for increasing and 
decreasing supply, respectively). Regions with significant positive water supply trends are mainly located 
in the subtropics and high latitudes, including the African Sahel, while areas with significant negative 
water supply trends are predominantly located in the mid-latitudes. The observed changes in climatic 
control factors predominantly favor increasing ET, consistent with the finding of rising global land ET 
over the same period. However, increases in water supply are lagging the coincident rise in atmospheric 
moisture demand with warming, indicating that ET may become more supply limited on a global basis 
if these trends persist in the future.

The factorial analysis of variance to the ET estimates show that changes in vegetation greenness, 
air temperature and vapor pressure, and the two-way interactive effect of air temperature and vapor 
pressure are the dominant factors contributing to the multi-decadal changes in global ET (Fig. 3a). The 
direct effects of varying air temperature and vapor pressure have opposite impacts on ET relative to 
their two-way interactive effect (Fig.  3a), leading to a small net effect on ET. Changes in solar radia-
tion impose a slight positive effect on ET, while wind speed and atmospheric CO2 exert slight negative 
effects on ET due to CO2 fertilization19 and recent declining wind speed20, respectively; however, these 
effects are predominantly outweighed by the impact of vegetation change (Fig. 3a). As a result, the net 
effect of climate change and CO2 fertilization is positive but much smaller than the effect of vegetation 
change (Fig. 3b), indicating that vegetation change is the primary driver of the global ET trend over the 
study period. Considering that vegetation change is also a response of the Earth’s terrestrial ecosystems 
to climate change, climate change imposes an indirect impact on ET by influencing global vegetation.

To determine the combined impacts of solar radiation, air temperature, wind speed and air vapor 
pressure on atmospheric demand for ET, we calculated PET using the Penman equation and used this as 
a surrogate measure of atmospheric moisture demand. The resulting global PET record shows a strong, 

Figure 1. (a) Annual anomalies of remote sensing based global land ET estimates from 1982 to 2013 for 
the global land area (snow/ice covered areas excluded), global land air temperature and NDVI. The vertical 
brown dashed line indicates the June 1991 volcanic eruption of Mount Pinatubo. The grey area denotes 
the min-max ensemble range and provides a relative measure of uncertainty for the ET and NDVI due to 
differences between the third generation Global Inventory Modeling and Mapping Studies (GIMMS3g) and 
University of Arizona Vegetation Index and Phenology lab (VIP) NDVI time series. Another data-driven 
global land ET estimate from a previous study3 is shown as a black line. A multivariate ENSO index, MEI48, 
is shown with vertical color shading, where red and blue shades denote respective positive (El Niño) and 
negative (La Niña) phases, and darker shades indicate greater MEI intensity. (b) Spatial pattern of global 
land ET trends from 1982 to 2013; areas with non-significant (P ≥  0.1) trends are marked in grey. The 
linear trends in (a,b) are calculated by the Kendall-Theil robust line and shown as dashed lines in (a). This 
figure was created using the Interactive Data Language (IDL) Core Version 7.1.2.
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increasing trend of 0.75 mm yr−1 (P =  0.016) over the 32-year record (Fig.  4) coinciding with global 
warming and consistent with the exponential increase in atmospheric capacity to hold moisture with 
increasing temperature as defined by the well-known Clausius-Clapeyron relationship. Global P for the 
domain shows large temporal variability with a positive trend of 0.66 mm yr−2 (P =  0.08) (Fig.  4). The 
resulting CWD shows a weak, negative trend of − 0.12 mm yr−2 (P =  0.83) (Fig. 4) and indicates a slight 
tendency to growing deficit between atmospheric moisture demand and available water supply for evap-
oration. This general increase in climate aridity is supported by a significant positive trend in global 
annual vapor pressure deficit (1.12 Pa yr−1; P =  0.02) over the same period (Supplementary Fig. S4). The 
TWA also shows a similar slight downward trend (− 0.07% per year; P =  0.59) because a positive ET 
trend is offsetting increases in P over the 32-year record. This implies that any increases in P are being 
lost to ET rather than being allocated to other components of the global water cycle. The ENSO driven 

Figure 2. Geographic distribution of primary climatic control factors regulating terrestrial ET derived 
from multi-year (1982–2013) reanalysis and remote sensing based radiation data (map (a)). Global areas 
showing significant (P <  0.1) changes from 1982 to 2013 in demand (b), energy (c) and supply (d) controls 
to ET are also shown. The inset graph shows the total proportional (%) areas experiencing significant trends 
in the three climatic control factors. White land areas denote persistent ice/snow cover and were masked 
from the analysis. This figure was created using the IDL Core Version 7.1.2.

Figure 3. (a) Factorial contributions of vegetation dynamics (V), solar shortwave radiation (R), wind speed 
(W), atmospheric CO2 concentration (C), actual air vapor pressure (H), air temperature (T), and their two-
way and higher-order interactions affecting global land ET; (b) yearly contributions of the most influential 
factor, V, and sum of the other factors affecting global land ET. This figure was created using the IDL Core 
Version 7.1.2.
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climate oscillations impart clear impacts to global P, indicated by significant negative correlation between 
the annual MEI (Multivariate ENSO Index) and annual P (r =  − 0.71; P <  0.001). During strong, positive 
(i.e. El Niño) ENSO phases, the global land area as a whole receives less-than-normal P as shown in 
Fig. 4, despite that precipitation responses to El Niño events may differ in different regions. On the other 
hand, the global land area has lumped more-than-normal P during strong, negative (i.e. La Niña) ENSO 
phases (Fig. 4). Due to the close relationship between global P and ENSO activities, the global CWD and 
TWA are also correlated with ENSO (r =  − 0.43, P <  0.01; r =  − 0.62, P <  0.001) (Fig 4).

Natural ENSO-driven climate oscillations are associated with periodic wetting and drying cycles for 
terrestrial precipitation and are superimposed on a longer-term, positive P trend. If positive PET and 
ET trends continue to outpace growth in P (Fig. 4), ET and associated ecosystem processes will become 
more supply-limited, especially in these areas closely responding to “natural” El Niño dry cycles. Global 
climate projections also indicate future changes in ENSO characteristics and increasing occurrence of El 
Niño events21. These changes are likely to exacerbate global water deficits and the frequency, extent and 
severity of drought. Severe droughts serve as environmental triggers for other vegetation disturbances, 
including productivity decline22, mortality23,24, insect epidemics25,26 and fire27,28. These events may stim-
ulate environmental tipping points toward large-scale ecosystem adjustments and biome conversions1,29 
with continued climate warming.

Methods
ET Algorithm. The remote-sensing-driven ET algorithm used in this study is called Process-based 
Land Surface Evapotranspiration/Heat Fluxes algorithm (P-LSH). P-LSH quantifies canopy transpiration 
using the Penman-Monteith (PM) approach coupled with biome-specific canopy conductance deter-
mined from NDVI, soil evaporation through a modified PM approach, and open water evaporation 
using the Penman equation. The core components of this algorithm (i.e., the baseline algorithm) are 
described in Zhang et al.30. In this study, we made the following improvements to the baseline algorithm 
to account for the influence of variable wind speed and atmospheric CO2 concentrations on respective 
model aerodynamic conductance and canopy stomatal conductance terms, and resulting ET calculations: 
(1) quantify the impacts of increasing atmospheric CO2 concentrations on canopy stomatal conductance 
through a CO2 constraint function used in the MOSES land surface scheme31, (2) use surface wind 
speed to calculate aerodynamic conductance following Monteith and Unsworth32, and (3) replace the 
Priestley-Taylor method33 in the base algorithm with Penman equation34 to estimate open water evap-
oration and potential evaporation (PET) for considering the impacts of changes in surface wind speed 
on open water evaporation. More details on the improvements of this P-LSH algorithm are described 

Figure 4. Yearly anomalies of P, PET, CWD (P-PET), and TWA from 1982 to 2013; the linear trends of 
annual values of the above three variables are calculated by the Kendall-Theil robust line and shown as 
dashed lines. Grey areas denote the min-max ensemble range as a relative measure of uncertainty in the 
global calculations. The color scheme of the MEI is the same as in Fig. 2.; *P <  0.1, **P <  0.05. This figure 
was created using the IDL Core Version 7.1.2.
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in Supplementary Section 1. Although the P-LSH algorithm do not explicitly account for the effects of 
local perturbations, such as land use and irrigation, on ET, which may influence local ET estimates, it at 
least takes these effects into account to some extent from the satellite-observed NDVI data. Besides the 
vegetation dynamics (V) quantified by the NDVI data, the other forcing data of this algorithm include air 
temperature (T) and vapor pressure (H), wind speed (W), surface radiation fluxes (R), and atmospheric 
CO2 concentration (C).

Data. The global datasets used in this study include daily surface meteorology records, satellite remote 
sensing data for driving the ET and PET algorithms, and precipitation and discharge records for the 
water balance analyses and ET validation. Daily meteorological data were from the NCEP/DOE AMIP-II 
Reanalysis (NCEP2)35. We verified the quality of surface meteorological inputs against measurements 
from ground observation networks and through intercomparison with two other meteorological reanal-
yses, and confirmed a generally good quality in these forcings (see Supplementary Section 4). Remote 
sensing radiative flux data, including clear-sky incoming solar shortwave radiation, all-sky downward 
solar shortwave radiation, and all-sky net shortwave solar radiation, were from the NASA World Climate 
Research Programme/Global Energy and Water-Cycle Experiment (WCRP/GEWEX) Surface Radiation 
Budget (SRB) Release-3.0 datasets (hereafter denoted as the SRB3.0) and the Clouds and the Earth’s 
Radiant Energy System (CERES) SYN1deg radiative fluxes. The SRB3.0 grid has a resolution of 1 degree 
latitude globally, and longitudinal resolution ranging from 1 degree in the tropics and subtropics to 120 
degrees at the poles, while CERES SYN1deg has a resolution of 1° ×  1°. We applied a statistical method to 
fuse the SRB3.0 data with CERES SYN1deg data by preserving the inter-annual variabilities and temporal 
trends of SRB3.0 on a grid cell-by-cell basis (see Supplementary Section 5). The other remote sensing 
inputs data include the 500-m MODIS-IGBP collection 5 global land cover classification36, 1-km global 
canopy height data37, 1-km AVHRR Tree Cover Continuous Fields data38, 1/12° semi-monthly Global 
Inventory Modeling and Mapping Studies (GIMMS3g) NDVI39, 0.05° bi-weekly University of Arizona 
Vegetation Index and Phenology lab (VIP) NDVI40, and 500-m MODIS NDVI. The GIMMS3g, VIP, and 
MODIS records are available from 1982–2011, 1982–2010, 2000-present, respectively. We applied the 
same fusion method for the radiation data to adjust the GIMMS3g and VIP records to match the MODIS 
record by preserving their inter-annual variabilities and temporal trends on a grid cell-by-cell basis (see 
Supplementary Section 5). The adjusted GIMMS3g and VIP records were combined with the MODIS 
record to produce a consistent long-term NDVI record as the input to derive biome-specific canopy con-
ductance for our ET algorithm9. Global monthly precipitation data were derived from four independent 
sources, including Global Precipitation Climatology Project Version 2.1 (GPCP)41, Global Precipitation 
Climatology Centre Version 6.0 (GPCC)42, and Climate Research Unit TS3.22 (CRU) (http://www.cru.
uea.ac.uk/cru/data/hrg/cru_ts_3.22) datasets. The global basin observed monthly river discharge data 
were compiled and provided by Dai et al.43.

Factorial Experiments and Trend Analysis. As deterministic models like the ET algorithm used in 
this study don’t have stochastic element and relevant replications, a common method to assess the aver-
age contribution of each input factor (main effect) to the response variable is to compare the difference of 
response variable between the simulation with only one varied factor and the control simulation44–46. The 
control simulation (CONTROL) in this study is the simulation driven by the mean (i.e. the multi-year 
mean for individual day of the Julian days) environmental and vegetation conditions of the 1980’s (1982–
1989). The ET result from the control simulation represents the expected value given the normal 1980’s 
environmental and vegetation conditions. For example, the main effects of R (ER) and T (ET) are:

= ( ) − ( ), ( )f R f controlE 1R

and

= ( ) − ( ). ( )f f controlE T 2T

Following previous studies45,47, a two-way interaction between R and T (ER×T) is the subtraction of the 
main effects of R and T from the effect of the joint R plus T treatment and was calculated by:

= ( , ) − ( ) − − . ( )× f R T f controlE E E 3R T R T

The other two-way interactive effects are calculated using the same methods. To derive the main and 
two-way interactive effects of all six factors, we conducted 23 sets of factorial simulations (summarized 
in Table 1): one control simulation driven by mean environmental and vegetation conditions of the 1980’s 
(1982–1989); six simulations where only one of the six factors is varied each time; and fifteen simulations 
where two of six factors were varied for each model run. The sum of all higher-order interactive effects is 
the difference between (f(R,T,H,W,V,C) −  f(control)) and the sum of six main effects and fifteen two-way 
interactive effects.

All temporal trends in this study were estimated using the Kendall-Theil robust line and tested by 
the Mann-Kendall non-parametric test. Temporal anomalies were computed on a grid cell-by-cell basis 
and over the entire global domain relative to average conditions defined by the 32-year record. The null 

http://www.cru.uea.ac.uk/cru/data/hrg/cru_ts_3.22
http://www.cru.uea.ac.uk/cru/data/hrg/cru_ts_3.22
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Simulation/Treatment1 Description

f(control) Simulation with 1982–1989 mean (i.e. the multi-year mean for individual day of the Julian days) climate 
condition, atmospheric CO2 concentration and vegetation dynamics

f(R) Radiation fluxes vary according to the SRB-CERES record; other variables according to control conditions

f(T) Temperatures vary according to the NCEP2 record; other variables according to control conditions

f(H) Air water vapor pressure varies according to the NCEP2 record; other variables according to control 
conditions

f(W) Wind speed varies according to the NCEP2 record; other variables according to control conditions

f(V) Vegetation varies according to the harmonized remote sensing NDVI record; other variables according to 
control conditions

f(C) Atmospheric CO2 concentration varies according to the NOAA ESRL record; other variables according to 
control conditions

f(R,T) Radiation fluxes and temperatures vary; other variables according to control conditions

f(R,H) Radiation fluxes and air water vapor pressure vary; other variables according to control conditions

f(R,W) Radiation fluxes and wind speed vary; other variables according to control conditions

f(R,V) Radiation fluxes and vegetation vary; other variables according to control conditions

f(R,C) Radiation fluxes and atmospheric CO2 concentration vary; other variables according to control conditions

f(T,H) Temperatures and air water vapor pressure vary; other variables according to control conditions

f(T,W) Temperatures and wind speed vary; other variables according to control conditions

f(T,V) Temperatures and vegetation vary; other variables according to control conditions

f(T,C) Temperatures vary and atmospheric CO2 concentration vary; other variables according to control 
conditions

f(H,W) Air water vapor pressure and wind speed vary; other variables according to control conditions

f(H,V) Air water vapor pressure and vegetation vary; other variables according to control conditions

f(H,C) Air water vapor pressure and atmospheric CO2 concentration vary; other variables according to control 
conditions

f(W,V) Wind speed and vegetation vary; other variables according to control conditions

f(W,C) Wind speed and atmospheric CO2 concentration vary; other variables according to control conditions

f(V,C) Vegetation and atmospheric CO2 concentration vary; other variables according to control conditions

f(R,T,W,H,V,C) All variables vary

Table 1.  Summary of all factorial simulations conducted in this study. 1The factors are: R, radiation 
fluxes; T, temperatures; H, air water vapor pressure; W, wind speed; V, vegetation; C, CO2.

hypothesis of the trend testing is: there is no trend. The null hypothesis of the linear correlation testing 
is: there is no linear correlation between two variables. Statistical significance of the resulting trends was 
classified at α  values of 0.1, 0.05, and 0.01. If a P-value is smaller than a given α , the null hypothesis is 
rejected at a significance level of α .

Quantification of Primary Climatic Control Factors for ET. We combined the climatic factors 
affecting terrestrial ET into the three dominant environmental control factors; namely, demand, supply 
and energy. We quantified these three control factors by defining three dimensionless damping indices 
ranging from 0 (fully constrained) to 1 (no constraint) with decreasing constraints to ET. To calculate 
the demand multiplier, we first calculated annual PET (PETFixedSW) using the Penman equation driven by 
changing air temperatures and vapor pressure from NCEP2, with fixed daily shortwave radiation inputs 
from the fused SRB-CERES. We then calculated the multi-year average annual downward shortwave 
radiation ( ↓Rs ) and the ratio of PETFixedSW to ↓Rs . The ratio of PETFixedSW to ↓Rs  was then linearly scaled 
between 0 and 1 using the tenth and ninetieth percentiles of the resulting distribution. The scaled ratio 
of PETFixedSW to ↓Rs  is defined as the demand multiplier, of which higher values coincide with higher 
atmospheric moisture demand. The ratio of annual P to multi-year mean annual PETFixedSW (PET FixedSW) 
was scaled between 0 and 1, representing the tenth and ninetieth percentiles of the resulting variable 
distribution and is called the water supply multiplier. Higher and lower supply multiplier values indicate 
greater and lower potential moisture availability for ET, respectively. The ratio of all-sky to multi-year 
mean clear-sky downward shortwave radiation denotes the impacts of cloudiness and atmospheric con-
stituents and the percentage of solar energy reaching the ground. This ratio was scaled between 0 and 1 
according to the respective tenth and ninetieth percentiles of the resulting variable distribution and is 
defined as the energy multiplier.



www.nature.com/scientificreports/

8Scientific RepoRts | 5:15956 | DOi: 10.1038/srep15956

References
1. Malhi, Y. et al. Exploring the likelihood and mechanism of a climate-change-induced dieback of the Amazon rainforest. Proc. 

Natl. Acad. Sci. USA 106, 20610–20615 (2009).
2. McKnight, T. L. & Hess, D. Physical Geography: A Landscape Appreciation. 8 edn, (Prentice Hall, 2000).
3. Jung, M. et al. Recent decline in the global land evapotranspiration trend due to limited moisture supply. Nature 467, 951–954, 

doi: 10.1038/Nature09396 (2010).
4. Douville, H., Ribes, A., Decharme, B., Alkama, R. & Sheffield, J. Anthropogenic influence on multidecadal changes in 

reconstructed global evapotranspiration. Nat Clim Change 3, 59–62 (2013).
5. Allan, R. P. & Soden, B. J. Atmospheric warming and the amplification of precipitation extremes. Science 321, 1481–1484 (2008).
6. Piao, S. L. et al. Changes in climate and land use have a larger direct impact than rising CO2 on global river runoff trends. Proc. 

Natl. Acad. Sci. USA 104, 15242–15247 (2007).
7. Huntington, T. G. Evidence for intensification of the global water cycle: Review and synthesis. J. Hydrol. 319, 83–95 (2006).
8. Wentz, F. J., Ricciardulli, L., Hilburn, K. & Mears, C. How much more rain will global warming bring? Science 317, 233–235 

(2007).
9. Zhang, K., Kimball, J. S., Nemani, R. R. & Running, S. W. A continuous satellite-derived global record of land surface 

evapotranspiration from 1983-2006. Water Resour. Res. 46, W09522, doi: 10.1029/2009WR008800 (2010).
10. Oki, T. & Kanae, S. Global hydrological cycles and world water resources. Science 313, 1068–1072 (2006).
11. Mueller, B. et al. Benchmark products for land evapotranspiration: LandFlux-EVAL multi-data set synthesis. Hydrol. Earth Syst. 

Sci. 17, 3707–3720 (2013).
12. Miralles, D. G. et al. El Nino-La Nina cycle and recent trends in continental evaporation. Nat Clim Change 4, 122–126 (2014).
13. Jones, P. D. et al. Hemispheric and large-scale land-surface air temperature variations: An extensive revision and an update to 

2010. J. Geophys. Res. 117 (2012).
14. Lucht, W. et al. Climatic control of the high-latitude vegetation greening trend and Pinatubo effect. Science 296, 1687–1689 

(2002).
15. Trenberth, K. E., Caron, J. M., Stepaniak, D. P. & Worley, S. Evolution of El nino-southern oscillation and global atmospheric 

surface temperatures. J. Geophys. Res. 107 (2002).
16. Herbert, J. M. & Dixon, R. W. Is the ENSO phenomenon changing as a result of global warming? Phys. Geogr. 23, 196–211 

(2003).
17. Andronova, N., Penner, J. E. & Wong, T. Observed and modeled evolution of the tropical mean radiation budget at the top of 

the atmosphere since 1985. J. Geophys. Res. 114, D14106 (2009).
18. Streets, D. G. et al. Anthropogenic and natural contributions to regional trends in aerosol optical depth, 1980-2006. J. Geophys. 

Res. 114 (2009).
19. Keenan, T. F. et al. Increase in forest water-use efficiency as atmospheric carbon dioxide concentrations rise. Nature 499, 324–327, 

doi: 10.1038/nature12291 (2013).
20. McVicar, T. R. et al. Global review and synthesis of trends in observed terrestrial near-surface wind speeds: Implications for 

evaporation. J. Hydrol. 416–417, 182–205, doi: http://dx.doi.org/10.1016/j.jhydrol.2011.10.024 (2012).
21. Yeh, S. W. et al. El Nino in a changing climate. Nature 461, 511–U570 (2009).
22. Goetz, S. J., Bunn, A. G., Fiske, G. J. & Houghton, R. A. Satellite-observed photosynthetic trends across boreal North America 

associated with climate and fire disturbance. Proc. Natl. Acad. Sci. USA 102, 13521–13525 (2005).
23. Allen, C. D. et al. A global overview of drought and heat-induced tree mortality reveals emerging climate change risks for forests. 

For. Ecol. Manage. 259, 660–684 (2010).
24. Van Mantgem, P. J. et al. Widespread increase of tree mortality rates in the Western United States. Science 323, 521–524 (2009).
25. Allen, C. D. Climate-induced forest dieback: an escalating global phenomenon? Unasylva 60, 43–49 (2009).
26. Kurz, W. A. et al. Mountain pine beetle and forest carbon feedback to climate change. Nature 452, 987–990 (2008).
27. Westerling, A. L., Hidalgo, H. G., Cayan, D. R. & Swetnam, T. W. Warming and earlier spring increase western US forest wildfire 

activity. Science 313, 940–943 (2006).
28. Running, S. W. Is global warming causing more, larger wildfires? Science 313, 927–928 (2006).
29. Adams, H. D. et al. Temperature sensitivity of drought-induced tree mortality portends increased regional die-off under global-

change-type drought. Proc. Natl. Acad. Sci. USA 106, 7063–7066 (2009).
30. Zhang, K., Kimball, J. S., Nemani, R. R. & Running, S. W. A continuous satellite-derived global record of land surface 

evapotranspiration from 1983 to 2006. Water Resour. Res. 46, W09522, doi: 10.1029/2009WR008800 (2010).
31. Cox, P. M. et al. The impact of new land surface physics on the GCM simulation of climate and climate sensitivity. Clim. Dyn. 

15, 183–203 (1999).
32. Monteith, J. & Unsworth, M. Principles of Environmental Physics. (Academic Press, 2007).
33. Priestley, C. H. B. & Taylor, R. J. On the assessment of surface heat flux and evaporation using large-scale parameters. Mon. 

Weather Rev. 100, 81–92 (1972).
34. Shuttleworth, W. J. In Handbook of hydrology (ed D.R. Maidment) 4.1–4.53 (McGraw Hill, 1993).
35. Kanamitsu, M. et al. NCEP-DOE AMIP-II Reanalysis (R-2). Bull. Am. Meteorol. Soc. 83, 1631–1643 (2002).
36. Friedl, M. A. et al. MODIS Collection 5 global land cover: Algorithm refinements and characterization of new datasets. Remote 

Sens. Environ. 114, 168–182 (2010).
37. Simard, M., Pinto, N., Fisher, J. B. & Baccini, A. Mapping forest canopy height globally with spaceborne lidar. J. Geophys. Res. 

116 (2011).
38. DeFries, R. S., Hansen, M. C., Townshend, J. R. G., Janetos, A. C. & Loveland, T. R. A new global 1-km dataset of percentage 

tree cover derived from remote sensing. Global Change Biol. 6, 247–254 (2000).
39. Tucker, C. J. et al. An extended AVHRR 8-km NDVI data set compatible with MODIS and SPOT vegetation NDVI data. Int. J. 

Remote Sens. 26, 4485–4498 (2005).
40. Didan, K. Multi-Satellite Earth Science Data Record for Studying Global Vegetation Trends and Changes. IGARSS2010 (2010).
41. Huffman, G. J., Adler, R. F., Bolvin, D. T. & Gu, G. J. Improving the global precipitation record: GPCP Version 2.1. Geophys. Res. 

Lett. 36, L17808, doi: 10.1029/2009GL040000 (2009).
42. Rudolf, B. & Schneider, U. in Proceedings of the 2nd Workshop of the International Precipitation Working Group IPWG (EUMETSAT, 

Monterey, 2005).
43. Dai, A., Qian, T. T., Trenberth, K. E. & Milliman, J. D. Changes in continental freshwater discharge from 1948 to 2004. J. Clim. 

22, 2773–2792 (2009).
44. Stevens, G. L., Willers, J. L., Sequeira, R. A. & Gerard, P. D. Analysis of deterministic simulation model performance using non-

replicated factorial two-level experiments. Agricultural Systems 52, 293–315, doi: 10.1016/0308-521x(96)00007-8 (1996).
45. Luo, Y. Q. et al. Modeled interactive effects of precipitation, temperature, and CO2 on ecosystem carbon and water dynamics in 

different climatic zones. Global Change Biol. 14, 1986–1999, doi: 10.1111/j.1365-2486.2008.01629.x (2008).
46. Galbraith, D. et al. Multiple mechanisms of Amazonian forest biomass losses in three dynamic global vegetation models under 

climate change. New Phytologist 187, 647–665, doi: 10.1111/j.1469-8137.2010.03350.x (2010).



www.nature.com/scientificreports/

9Scientific RepoRts | 5:15956 | DOi: 10.1038/srep15956

47. Sahai, H. & Ojeda, M. M. Analysis of Variance for Random Models: Vol. 1 Balanced Data, Theory, Methods, Application, and 
Data Analysis. (2004).

48. Wolter, K. & Timlin, M. S. Measuring the strength of ENSO—how does 1997/98 rank? Weather 53, 315–324 (1998).

Acknowledgements
This work was supported by the Disaster Relief Appropriations Act of 2013 (P.L. 113-2), which funded 
NOAA research grant NA14OAR4830100, the USGS South Central Climate Science Center at the 
University of Oklahoma through Grant #G13AC00386, the “Thousand Young Talents” Program in China, 
and grants (NNX15AB59G and NNX11AD46G) from the NASA Earth Science program.

Author Contributions
K.Z. designed the research, collected the data, produced the global ET records; K.Z. and J.S.K. wrote 
the manuscript; K.Z., J.S.K., R.R.N., S.W.R., Y.H., J.J.G. and Z.Y. analyzed and discussed the results, and 
commented on the manuscript.

Additional Information
Supplementary information accompanies this paper at http://www.nature.com/srep
Competing financial interests: The authors declare no competing financial interests.
How to cite this article: Zhang, K. et al. Vegetation Greening and Climate Change Promote 
Multidecadal Rises of Global Land Evapotranspiration. Sci. Rep. 5, 15956; doi: 10.1038/srep15956 
(2015).

This work is licensed under a Creative Commons Attribution 4.0 International License. The 
images or other third party material in this article are included in the article’s Creative Com-

mons license, unless indicated otherwise in the credit line; if the material is not included under the 
Creative Commons license, users will need to obtain permission from the license holder to reproduce 
the material. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/

http://www.nature.com/srep
http://creativecommons.org/licenses/by/4.0/

	Vegetation Greening and Climate Change Promote Multidecadal Rises of Global Land Evapotranspiration
	Introduction
	Results
	Methods
	ET Algorithm
	Data
	Factorial Experiments and Trend Analysis
	Quantification of Primary Climatic Control Factors for ET

	Additional Information
	Acknowledgements
	References



 
    
       
          application/pdf
          
             
                Vegetation Greening and Climate Change Promote Multidecadal Rises of Global Land Evapotranspiration
            
         
          
             
                srep ,  (2015). doi:10.1038/srep15956
            
         
          
             
                Ke Zhang
                John S. Kimball
                Ramakrishna R. Nemani
                Steven W. Running
                Yang Hong
                Jonathan J. Gourley
                Zhongbo Yu
            
         
          doi:10.1038/srep15956
          
             
                Nature Publishing Group
            
         
          
             
                © 2015 Nature Publishing Group
            
         
      
       
          
      
       
          © 2015 Macmillan Publishers Limited
          10.1038/srep15956
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep15956
            
         
      
       
          
          
          
             
                doi:10.1038/srep15956
            
         
          
             
                srep ,  (2015). doi:10.1038/srep15956
            
         
          
          
      
       
       
          True
      
   




