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a b s t r a c t
The latent heat ﬂux (LE) between the terrestrial biosphere and atmosphere is a major driver of the global
hydrological cycle. In this study, we evaluated LE simulations by 45 general circulation models (GCMs)
in the Coupled Model Intercomparison Project Phase 5 (CMIP5) by a comparison with eddy covariance
(EC) observations from 240 globally distributed sites from 2000 to 2009. In addition, we improved global
terrestrial LE estimates for different land cover types by synthesis of seven best CMIP5 models and EC
observations based on a Bayesian model averaging (BMA) method. The comparison results showed substantial differences in monthly LE among all GCMs. The model CESM1-CAM5 has the best performance with
the highest predictive skill and a Taylor skill score (S) from 0.51–0.75 for different land cover types. The
cross-validation results illustrate that the BMA method has improved the accuracy of the CMIP5 GCM’s LE
simulation with a decrease in the averaged root-mean-square error (RMSE) by more than 3 W/m2 when
compared to the simple model averaging (SMA) method and individual GCMs. We found an increasing trend in the BMA-based global terrestrial LE (slope of 0.018 W/m2 yr−1 , p < 0.05) during the period
1970–2005. This variation may be attributed directly to the inter-annual variations in air temperature
(Ta ), surface incident solar radiation (Rs ) and precipitation (P). However, our study highlights a large
difference from previous studies in a continuous increasing trend after 1998, which may be caused by
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the combined effects of the variations of Rs , Ta , and P on LE for different models on these time scales. This
study provides corrected-modeling evidence for an accelerated global water cycle with climate change.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Latent heat ﬂux (LE) is the ﬂux of heat from the earth’s surface to
the atmosphere for soil evaporation, plant transpiration, and evaporation from intercepted precipitation by vegetation canopies. LE
is a fundamental quantity for understanding ecosystem processes
and functions (Sun et al., 2011) and developing general circulation
models (GCMs) and global climatic forecasting and land surface
models (LSMs) (Liang et al., 2010; Wang and Dickinson, 2012;
Wild et al., 2015; Yao et al., 2013). During the past two decades,
eddy covariance (EC) measurement system (e.g. FLUXNET) has been
established to measure LE and sensible heat ﬂux (H) exchanges
between the atmosphere and land surface (Baldocchi et al., 2001;
Liu et al., 2013; Twine et al., 2000; Yao et al., 2015). However, these
short-term point-based LE measurements by EC are limited due to
the spare coverage. Remote sensing technology has a large spatial coverage but satellites also do not directly measure LE, which
hampers accurately understanding the long-term variations of terrestrial LE due to the substantial uncertainties of the individual
datasets.
The Coupled Model Intercomparison Project phase 5 (CMIP5)
from the latest 5th Intergovernmental Panel on Climate Change
(IPCC) assessment report (IPCC-AR5) provides an opportunity to
assess global terrestrial LE variations and attributions by coupling
land-atmosphere interaction processes (Dirmeyer et al., 2013;
Taylor et al., 2012). Relative to the previous beta version, CMIP5
includes more than 45 GCMs from different modeling groups with
higher spatial and temporal resolution and multiple models for a
single experiment (Taylor et al., 2012).The state-of-the-art GCMs
that are available through CMIP5 are now widely used to investigate
the theoretical mechanisms of climatic changes (Covey et al., 2003;
Miao et al., 2013). Compared to the Coupled Model Intercomparison
Project phase 3 (CMIP3) in the 4th IPCC assessment report (IPCCAR4), the GCMs in IPCC-AR5 have improved many more model types,
including the Earth System Models (ESMs), with more interactive
components, including aerosols, dynamic vegetation, atmospheric
physics and carbon and hydrological cycles (Liu et al., 2013; Miao
et al., 2014). Most dynamic, physical and chemical algorithms were
also improved in the IPCC AR5 models (Moss et al., 2010; Wild et al.,
2013; Wild et al., 2015). These improvements will help the longterm climate forecasts, including global terrestrial inter-annual LE
prediction.
Recently, a much broader comparison of CMIP5 (or CMIP3) data
and other gridded datasets had been attempted to assess GCM
values of the global terrestrial latent and sensible heat ﬂuxes. As
reported by Mueller et al. (2011) and Wang and Dickinson (2012),
the standard deviation (SD) of the IPCC AR4 simulations within each
category (4.6 W/m2 ) is lower than those of the reference datasets,
including satellite, reanalysis and LSMs datasets (SD varying from
4.9 to 5.6 W/m2 ). Wild et al. (2015) reported that the CMIP5 models varied greatly (32–46 W/m2 for LE, 16–43 W/m2 for H) in their
calculation of the land mean LE and H, with a global land (including
Antarctica) mean LE and H of 38 W/m2 and 32 W/m2 , respectively.
These inter-comparison studies, however, focus mainly on evaluating the global annual mean and the errors of the surface LE and
H based on gridded datasets, with a few using eddy covariance
observations (Jiménez et al., 2011; Wild et al., 2013). Meanwhile, a
large number of EC observations from the FLUXNET project has the

potential to be used as a reference dataset to assess the accuracy of
CMIP5 LE results. Yet a detailed comparison between CMIP5 modeled versus global EC observed LE among different land cover types
has not been performed.
To maximize the value of GCMs or other multiple datasets, several merging algorithms have been effectively used to estimate
global terrestrial climatic and hydrologic variables (e.g., air temperature, P and LE) with high accuracy (Duan et al., 2007; Miao
et al., 2013; Miao et al., 2014; Yang et al., 2012; Yao et al., 2014a;
Yao et al., 2014b). Recent studies have demonstrated that even
a simple multi-model ensemble, such as simple model averaging
(SMA), is superior to an individual model (Buser et al., 2009; Duan
and Phillips, 2010; Lambert and Boer, 2001; Weigel et al., 2008).
Sophisticated multi-model ensemble approaches have acquired the
weights of single-model contributions to improve performance by
training ground-measured observations. Among these complicated
ensemble methods, Bayesian model averaging (BMA) is one of the
most promising methods that combines simulations from multiple datasets and a unanimous probability density function (PDF)
(Duan and Phillips, 2010; Raftery et al., 2005; Wu et al., 2012). Some
studies have highlighted the application of GCM data and the BMA
method in global P and air temperature (Ta ) simulations (Miao et al.,
2013; Miao et al., 2014). However, there is a lack of similar studies
that simulate global terrestrial LE by using the BMA method driven
by CMIP5 models and surface EC observations. As a result, little is
accurately understood regarding spatiotemporal characterization
of the response of global terrestrial LE to climate change over long
periods.
In this study, we evaluated LE simulations of 45 CMIP5 models and improved global terrestrial LE simulations among different
land cover types by synthesis of seven best CMIP5 models and
FLUXNET EC observations based on the BMA method. Our study
has three speciﬁc objectives: (1) evaluate LE simulations from the
state-of-the-art GCMs of 45 CMIP5 models with a comprehensive
ground-measured LE ﬂux data set; (2) use the BMA method to merge
the seven best CMIP5 models to generate a global terrestrial longterm (1970–2005) monthly LE; and (3) analyze the spatiotemporal
variability in the global terrestrial LE and its attributions by comparing the changes of the relevant climatic variables.

2. Data
2.1. CMIP5 GCM latent heat ﬂux simulation
IPCC-AR5 used more than 45 state-of-the-art GCM results as part
of CMIP5 for the World Climate Research Programme (WCRP). In
CMIP5, the same numerical experiments were performed by different models of the same protocols, which are accepted for a direct
comparison of these models (Guilyardi et al., 2013; Ma et al., 2014).
The LE simulations of the historical experiments were used for the
GCMs in this study. All of the LE outputs were simulated using
the same initial approach, initial time, and rattled physics with an
ensemble member set at r1i1p1 (Taylor et al., 2012). Monthly CMIP5
GCM LE simulations with 0.56–3.75 ◦ spatial resolution were used
in this study. Most CMIP5 GCM LE simulations spanned from 1850 to
2005, including 45 GCMs used in this study. When combining some
gridded GCM datasets with different spatial resolutions, they were
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Table 1
Description of the 45 CMIP5 GCMs used in this study, mean annual global terrestrial LE (excluding Antarctica) and trend of the global terrestrial mean of LE (excluding
Antarctica) from 1970 to 2005.
No.

Model name

Source

Spatial
resolution

Mean annual global
terrestrial LE
(excluding
Antarctica) (W/m2 )

Trend of the global
terrestrial mean of LE
(excluding Antarctica)
(W/m2 per decade)

1
2
3
4
5

ACCESS-1-0
ACCESS-1-3
BCC-CSM-1-1-m
BCC-CSM-1-1
BNU-ESM

1.88◦ × 1.24◦

43.7
46.9
36.0
38.0
44.1

0.14
0.12
0.28
0.30
0.43

6
7
8
9
10
11
12
13

CanCM4
CanESM2
CCSM4
CESM1-BGC
CESM1-CAM5
CESM1-FASTCHEM
CESM1-WACCM
CMCC-CESM

Commonwealth Scientiﬁc and Industrial Research Organization
(CSIRO) and Bureau of Meteorology (BOM), Australia
Beijing Climate Center, China Meteorological
Administration
College of Global Change and Earth System
Science, Beijing Normal University
Canadian Centre for Climate Modelling and
Analysis
National Center for Atmospheric Research
Community Earth System
Model Contributors

39.3
37.5
43.5
43.4
40.4
43.5
43.0
42.8

0.23
0.23
0.21
0.12
0.07
0.20
0.17
0.41

14
15
16
17

CMCC-CM
CMCC-CMS
CNRM-CM5-2
CNRM-CM5

0.75◦ × 0.75◦
1.88◦ × 1.88◦
1.41◦ × 1.41◦

36.0
39.2
40.2
40.6

0.25
0.34
0.26
0.23

18

CSIRO-Mk-3-6-0

1.88◦ × 1.88◦

39.4

0.14

19
20
21

CSIRO-Mk3L-1-2
EC-EARTH
FGOALS-g2

5.63◦ × 3.21◦
1.13◦ × 1.00◦
2.81◦ × 3.00◦

37.8
40.1
43.8

0.01
0.17
0.23

22
23
24
25
26
27
28
29
30

FIO-ESM
GFDL-CM3
GFDL-ESM2G
GFDL-ESM2M
GISS-E2-H-CC
GISS-E2-H
GISS-E2-R-CC
GISS-E2-R
HadGEM2-AO

2.81◦ × 2.81◦
2.50◦ × 2.00◦

0.18
0.15
0.31
0.35
0.08
0.13
0.15
0.25
0.13

31
32

HadGEM2-ES
inmcm4

33
34
35
36

IPSL-CM5A-LR
IPSL-CM5A-MR
IPSL-CM5B-LR
MIROC-ESM-CHEM

37
38

MIROC-ESM
MIROC4h

39
40
41
42
43
44
45
46
47

MPI-ESM-LR
MPI-ESM-MR
MPI-ESM-P
MRI-CGCM3
MRI-ESM1
NorESM1-M
NorESM1-ME
SMA
BMA

1.13◦ × 1.13◦
2.81◦ × 2.81◦
2.81◦ × 2.81◦
2.81◦ × 2.81◦
1.25◦ × 0.94◦
1.25◦ × 0.94◦

2.50◦ × 1.88◦
3.75◦ × 3.75◦

Centro Euro-Mediterraneo per I Cambiamenti
Climatici

Centre National de Recherches Meteorologiques/Centre
Europeen de Recherche et Formation Avancees en Calcul
Scientiﬁque
Commonwealth Scientiﬁc and Industrial Research
Organization in collaboration with Queensland Climate
Change Centre of Excellence
EC-EARTH consortium
LASG, Institute of Atmospheric Physics,
Chinese Academy of Sciences and CESS,
Tsinghua University
The First Institute of Oceanography, SOA, China
NOAA Geophysical Fluid
Dynamics Laboratory
NASA Goddard Institute for Space Studies

2.50◦ × 2.00◦

Met Ofﬁce Hadley Centre (additional HadGEM2-ES
realizations contributed by Instituto Nacional de Pesquisas
Espaciais)
Institute for Numerical Mathematics

1.88◦ × 1.24◦

44.6
43.9
43.0
42.7
47.2
47.2
45.7
45.8
43.8

2.00◦ × 1.50◦

44.8
43.6

0.24
0.10

3.75◦ × 1.88◦
2.50◦ ×1.26◦
3.75◦ ×1.88◦
2.81◦ × 2.81◦

37.8
37.7
36.0
47.5

0.24
0.17
0.25
0.43

0.56◦ × 0.56◦

48.1
41.1

0.26
0.21

41.5
42.5
41.4
38.0
38.2
43.0
42.7
41.9
39.7

0.15
0.36
0.18
0.08
0.22
0.21
0.19
0.19
0.18

Institut Pierre-Simon Laplace

Japan Agency for Marine-Earth Science and Technology,
Atmosphere and Ocean Research Institute (The University
of Tokyo), and National Institute for Environmental Studies
Atmosphere and Ocean Research Institute (The University of
Tokyo), National Institute for Environmental Studies, and
Japan Agency for Marine-Earth Science and Technology
Max Planck Institute for Meteorology

1.88◦ × 1.88◦

Meteorological Research Institute

1.13◦ × 1.13◦

Norwegian Climate Centre

2.50◦ × 1.88◦

simple model averaging in this study
Bayesian model averaging in this study

1.00◦ × 1.00◦
1.00◦ × 1.00◦

interpolated to one degree using the bilinear interpolation method.
Detailed information on the CMIP5 GCMs is summarized in Table 1.
2.2. Reanalysis and satellite datasets
To investigate the impact of the downward surface solar
shortwave radiation (Rs ), near surface air temperature (Ta ) and
precipitation (P) on the variations in surface LE across different
regions, reanalysis and satellite datasets are needed. We used the
global monthly surface Rs products at a spatial resolution of one

degree for 1984–2005, which were derived from the Global Energy
and Water Cycle Experiment (GEWEX) Surface Radiation Budget
(SRB) products because of its higher accuracy when compared to
other satellite, reanalysis and GCM Rs products (Liang et al., 2010;
Zhang et al., 2010a). To identify the land cover types, before 1999,
the UMD Global Land Cover Classiﬁcation (AVHRR: UMD CLCF: 1◦ )
product (Hansen et al., 1998), which was generated from Advanced
Very High Resolution Radiometer (AVHRR) satellites between 1981
and 1994, was used and after 1999, the Collection 4 MODIS land
cover (MOD12C1: CMG, 0.05◦ ) product (Friedl et al., 2002) was
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used. The MOD12C1 product was interpolated into one degree using
nearest neighbor interpolation method. Considering that the European Centre for Medium Range Weather Forecasts (ECMWF) has
the most accurate Ta among the available datasets (NASA Data
Assimilation Ofﬁce, DAO, and National Centers for Environmental
Prediction Reanalysis, NCEP), the monthly Ta data for 1984–2005
were extracted from the ERA-Interim reanalysis product with a
4D variation assimilation system at T255 horizontal resolution,
which were interpolated into one degree using bilinear interpolation (Simmons et al., 2006; Zhao et al., 2006). Monthly P datasets
with 1◦ spatial resolution were extracted from Princeton Global
Forcing (PGF) datasets, which are based on the Climatic Research
Unit Time Series version 3.0 (CRU TS3.0) dataset with bias correction (Mitchell and Jones, 2005; Rodell et al., 2004; Shefﬁeld et al.,
2006). The PGF P data used in this study cover a period of 1984–2005
and supply useful climate information for global applications.

the average of xo . ıf is the normalized standard deviation of the
LE simulations over the standard deviation of the corresponding LE
observations:



ıs
ıf =
=
ıo



RMSE =
To evaluate and validate the BMA method and all of the CMIP5
GCM LE simulations, comprehensive data of LE observations were
collected at 240 EC ﬂux tower sites provided by the La Thuile
Flux data set (Baldocchi, 2008; Jung et al., 2011), the Coordinated
Enhanced Observation Network of China (CEOP) for assessing terrestrial water budget over northern China (Jia et al., 2012; Liu et al.,
2011; Xu et al., 2013) and the Chinese Ecosystem Research Network (CERN) for monitoring agricultural water use efﬁciency (Li
et al., 2005). These ﬂux tower sites spread across six continents
(Asia, Europe, Africa, North America, South America and Australia)
and encompass nine global land cover types: evergreen broadleaf
forest (EBF; 16 sites), evergreen needleleaf forest (ENF; 64 sites),
deciduous needleleaf forest (DNF; 6 sites), deciduous broadleaf forest (DBF; 28 sites), mixed forest (MF; 11 sites), shrubland (SHR;
14 sites), cropland (CRO; 34 sites), savanna (SAW; 10 sites), and
grass and other types (GRA; 57 sites) (Fig. 1). The data covers a
period of 2000–2009 with each site has at least one year of reliable
data. The EC data are half-hourly observations, and the monthly
data are aggregated from half-hourly or hourly data by site PIs. All
then ﬂux measurements were conducted based on the EC method
(Baldocchi et al., 2001; Kaimal and Finnigan, 1994). Because of the
energy imbalance problem, we used the method proposed of Twine
et al. (2000) to correct the LE at all different ﬂux tower sites.

3.1. Skillful score model
We used a Taylor skill score (S) (Taylor, 2001) to evaluate the
skill of the performances of the CMIP5 GCM LE simulations and their
ensemble predictions.

(3)

N

 (xo − x̄o )

2

o=1

1 N
2
 (xs − xo )
N s=1

(4)

The mean bias is also a metric to assess the predictive skill,
which implies the difference between the average simulation and
observation.
Bias =

1 N
 (xs − xo )
N s=1

(5)

3.2. Bayesian model averaging method
A Bayesian model averaging (BMA) method was used here to
combine the selected CMIP5 GCM LE simulations and EC observations to improve global terrestrial LE simulation. The probability
density function (PDF) of the BMA method for LE can be computed
as a weighted average of the PDFs for each single dataset centered
on the bias-corrected simulations (Duan and Phillips, 2010; Hoeting
et al., 1999; Yao et al., 2014a). The BMA method characterizes the
contributions of the individual LE datasets to the predicted LE based
on EC observations. Based on the law of total probability, the predictive PDF of variable LE can be written as





M



 

p LE|LE T =  p LE|Di , LE T p Di |LE T



(6)

i=1

M is 
the number of the ensemble datasets or algorithms.
where

p LE|Di , LE T is the predictive PDF of the Di dataset, calculated

2

(ıf + 1/ıf ) (1 + Rmax )4

(1)

where Rmax is the maximum correlation coefﬁcient that is set to 1.0
in this study, R is the correlation coefﬁcient, and R-squared (R2 ), is
used to measure the degree of association between the simulated
and observed LE, which is calculated as

2

N

 (xs − x̄s ) (xs − x̄s )

S=1
N

N

S=1

o=1



using the corresponding observations of LE T . p Di |LE T is the
posterior probability of the Di dataset corrected based on the corresponding LE T . This term can be considered as a statistical weight
Wi and can be expressed as



Wi = p Di |LE

T





=



p LE T |Di p (Di )
M





(7)

p LE T |Di p (Di )

4(1 + R)4

R2 =

2

s=1



3. Methods



1
N

N

 (xs − x̄s )

The skill score varies from 0 (least skillful) to 1 (most skillful).
R2 characterizes the coherence between the simulated LE and the
corresponding observations, and the normalized standard deviations reﬂect the differences between the simulated and observed
magnitudes.
The root-mean-square error (RMSE) is another metric used to
evaluate the predictive skill. It measures the closeness of the simulations and observations over a month and is expressed as

2.3. Observations from eddy covariance ﬂux towers

S=



1
N

(2)

2
2
 (xs − x̄s )  (xo − x̄o )

Here, xs is the monthly simulated LE, xo is the monthly observed
LE, N is the number of samples, x̄s is the average of xs and x̄o is

i=1

The maximum likelihood is used to acquire Wi and the expectation maximization (EM) algorithm is chosen to calculate the
maximum likelihood function (Dempster et al., 1977; Raftery et al.,
2005). More details of the BMA method were described in Duan and
Phillips (2010).
To assess the merged LE accuracy, we evaluated the performance
of the BMA method based on a ﬁvefold cross-validation method.
This method divided the samples into ﬁve groups with roughly
equal numbers (Jung et al., 2011). The BMA-based simulated LE for
each of the ﬁve groups was independently validated using the samples of the remaining four groups. We also used Taylor diagrams
to evaluate the performance of the BMA method to qualify the
accuracy of the model outputs (Taylor, 2001). In Taylor diagrams,
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Fig. 1. Locations of the 240 sites used in this study.

the similarity between the simulated and observed LE is calculated using their R (the cosine of the azimuth angle), their centered
root-mean-square difference (RMSD) (the radial distance from the
observed point) and their standard deviations (the radial distance
from the origin). Taylor diagrams are especially beneﬁcial in assessing the relative skill of many different models (Intergovernmental
Panel on Climate Change (IPCC) (2001) Climate Change, 2001).
3.3. Simple model averaging method
A simple model averaging (SMA) method was used in this study.
In the SMA method, the weight for the individual dataset or algorithm is set to a constant of 1/Mand computed as
LESMA =

1 M
 LE
M i=1 i

(8)

where LESMA and LEi are simulated LE values using the SMA method
and the individual dataset or algorithm, respectively.
3.4. Trend calculation
A simple linear trend equation was employed to detect the trend
in the global terrestrial LE and other climate variables. The linear
regression model is as follows:
f (x) = ax + b

(9)

Here, f (x) is the annual value of LE or other climate variables, x
is the year and a is the trend of the long-term annual LE or other
climate variables. The conﬁdence levels of the derived tendencies
are computed using Student’s t-test distribution with n-2 degrees
of freedom (Pinker et al., 2005). The simple linear trend equation
was also used to obtain the trend in the global LE and other climate
variables pixel by pixel.
4. Results and discussion
4.1. Evaluation of CMIP5 GCM LE simulation
The objective of evaluating CMIP5 GCM LE simulations using substantial ground-based observations is to provide a general overview
of the predictive ability of GCMs for different land cover types.
Therefore, the simulated LE results at the original CMIP5 GCM grid
scale were directly compared with ground-based observations. To
reduce the uncertainties from the comparison between the simulations and observations, the average value of the observations for
more than one site within one pixel was considered as a reference.

Fig. 2 shows the statistical results for each model for different
land cover types. At the site scale, 45 GCMs illustrate substantial differences in the monthly LE. Almost all of the GCMs have the highest
S (more than 0.54) and R2 (more than 0.52, p < 0.05) with the lowest
average RMSEs, less than 25 W/m2 for all of the DNF sites, compared
to those for the other land cover types. This may occur because a
few samples for only 6 DNF sites artiﬁcially highlight the good performance of the GCMs. When we selected equal samples for all of
the land cover types, most GCMs still provide better ﬁts to the ﬂux
tower observations for DNF sites. Similarly, most GCMs exhibit high
S (more than 0.51) and R2 (more than 0.50) with a conﬁdence level
of p < 0.05 for MF sites, but the biases are higher relative to the DNF
sites. This indicates that most GCMs still perform well for the variety
of vegetation types.
For all of the EBF sites, most GCMs have poor LE modeling performance with an average S of less than 0.41, average R2 of less than
0.40, and average RMSE of more than 32 W/m2 . This may be partially attributed to the uncertainty in the EC observations and by
the smaller intra-annual variability in the tropics and least dependency on radiation input (simple to catch by models in comparison
to other drivers) (Fisher et al., 2009; Jung et al., 2011). For all of
the CRO sites, most GCMs have the second lowest S (less than 0.49)
and R2 (less than 0.47, p < 0.05), and a high average RMSE of more
than 30 W/m2 . This poor agreement may reﬂect the large differences in the GCM parameterizations and couplings for different
land cover types. Fig. 2 also demonstrates that most GCMs illustrate high predictive skill with average S values above 0.45 for other
biome (DBF, ENF, SHR and SAW) sites. For instance, CMIP5 can satisfactorily reproduce monthly LE simulations for SAW sites, with a
small average RMSE of 22 W/m2 and high average R2 of 0.43. This
development in the physical model structures of the CMIP5 GCMs
effectively accounts for the better performance in the LE simulations for these land cover types (Wild et al., 1998; Wild et al., 2001;
Wild and Roeckner, 2006).
Overall, most CMIP5 GCMs overestimate LE to some extent, and
the bias in the GCMs’ LE simulations deviating from ground observations for all sites varies from 2 W/m2 to 18 W/m2 . Among all
of the GCMs, CESM1-CAM5 has the best performance, with the
highest S (0.51–0.75) and R2 (0.46–0.74, p < 0.01) and the lowest
RMSE (16.1–30.2 W/m2 ) for different land cover types, followed by
NorESM1 (NorESM1-M and NorESM1-ME), IPSL-CM5 (IPSL-CM5A-LR,
IPSL-CM5A-MR and IPSL-CM5B-LR) and EC-EARTH, which have S values above 0.55 and RMSEs less than 27 W/m2 . Compared to the
other GCMs, the improvements in a number of parameterizations
and new components (e.g., indirect aerosol effect) in these models provide a more realistic model to improve the simulation of LE
(Meehl et al., 2013). However, FGOALS-g2 demonstrates the lowest
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Fig. 2. Diagrams of the statistics (S, R2 , RMSE and bias) of the comparison between the LE simulations from the 45 GCMs in CMIP5 and ground-measurements for different
land cover types.

performance over the majority of ﬂux tower sites, likely due to its
sensitivity to the parameterization of resistances. Similar conclusions can be drawn for the annual LE simulations from the 45 GCMs
(Fig. 3).
When compared to the satellite and reanalysis LE products, the
CMIP5 GCMs have lower R2 and larger RMSEs. We found that the
average R2 between the CMIP5 GCMs and ground observations is
approximately 0.50 for all sites, which is obviously lower than the
value above 0.60 for the MODIS and ERA-Interim LE products, which
have a 95% level of conﬁdence. This indicates that the CMIP5 GCMs’
LE has a lower accuracy than those from the satellite and reanalysis datasets. Satellites provide the leaf area index (LAI) and land
cover. Reanalysis datasets generate air temperatures and vapor
pressure deﬁcits (VPD) by assimilating meteorological observations
and other auxiliary data. Therefore, the CMIP5 GCMs’ LE simulations,

which completely rely on these variables provided by satellite and
reanalysis datasets, have lower accuracy.
4.2. Global LE ensemble from CMIP5 climate models
4.2.1. Cross validation of the BMA method
To reduce the uncertainty in the individual datasets and improve
the accuracy of the LE simulations, we used the BMA method to
combine seven CMIP5 GCMs (CESM1-CAM5, NorESM1-M, NorESM1ME, IPSL-CM5A-LR, IPSL-CM5A-MR, IPSL-CM5B-LR and EC-EARTH)
with high accuracy and ground observations to simulate the global
terrestrial LE.
At the site scale, we compared the ensemble LE using the BMA
method with those using the SMA method and individual GCMs.
Fig. 4 shows the comparison between the monthly LE observations
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and BMA estimates using a ﬁvefold cross-validation method for
each land cover type. It is clear that the BMA-based LE simulations
for different land cover types have lower RMSEs and higher R2 (95%
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conﬁdence) compared to the SMA method and single GCMs at all
of the ﬂux tower sites. For the SAW, SHR and GRA sites, the BMA
method has better performance than the SMA method and indi-

Fig. 3. Comparison of the annual LE observations for all 240 sites and the corresponding LE simulations from the 45 GCMs in CMIP5.
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Fig. 3. (Continued)

vidual GCMs, with lower RMSEs (less than 21 W/m2 ) and higher R2
(more than 0.62, p < 0.01). For all of the CRO sites, the BMA method
also has a higher R2 , 0.50 (with 99% conﬁdence), and a lower RMSE,
24 W/m2 , than the SMA method and individual GCMs, though it
does not present the best performance. Similarly, for all of the EBF
sites, the RMSE of the BMA-based LE versus ground observations is
approximately 26 W/m2 and the R2 is approximately 0.44 (p < 0.01),
but it still showed better performance than the SMA method and
individual GCMs. For other forest sites, the estimated LE using the
BMA method exhibited the lowest RMSE, less than 18 W/m2 , and
highest R2 , above 0.65 (p < 0.01), compared to the SMA method and
individual GCMs. Overall, compared to the other methods, the BMA
method decreased the RMSE by approximately 3 W/m2 for crop and
EBF sites and approximately 5 W/m2 for most forest, savanna, shrub
and grass sites and increased the R2 by more than 0.03 (p < 0.05) for
most ﬂux tower sites. The good performance of the BMA method
is mainly attributed to the fact that BMA allows weighing by cor-

recting biases of the multiple models to closely match surface EC
observations.
Fig. 5 compared the annual observed and simulated LE by the
BMA method and SMA method. The results showed that the BMA
method has the best performance, with the highest R2 , 0.58 (99%
conﬁdence), and the lowest RMSE, 10.5 W/m2 , compared to the SMA
method. Previous studies found that some GCMs tend to overestimate LE due to excessive moist advection produced by intense zonal
ﬂow from the ocean to interior land (Sheppard and Wild, 2002).
The BMA method substantially decreased the errors of the GCMs
through the adjustment of the weights of the individual GCMs and
incorporating ground-measured EC observations.
4.2.2. Implementation of global terrestrial LE ensemble
To implement global terrestrial LE simulations with relatively
higher accuracy, we derived the weights of the BMA method
based on all of the EC observations and the seven best CMIP5
GCM LE datasets described in Section 4.2.1. Fig. 6 shows the
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Fig. 4. Taylor diagrams for the monthly LE observations and BMA estimates using a ﬁvefold cross-validation method for each land cover type.

weights of different CMIP5 GCM LE datasets when merging the
LE. The relative contributions vary for different GCM LE datasets.
The greatest contributor to the ensemble LE is CESM1-CAM5, con-

tributing approximately 17.7%, followed by NorESM1-M (14.2%),
IPSL-CM5A-LR (14.0%), IPSL-CM5B-LR (13.8%) and EC-EARTH (13.8%).
The cross-validation also illustrated that CESM1-CAM5 has the most
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Fig. 5. Comparison of the annual observed and simulated LE by the (a) BMA method and (b) SMA method, respectively.

Fig. 6. Weights for the different CMIP5 GCM LE datasets for the merged LE.

Fig. 8. Comparison of the annual anomalies of the BMA-based simulated LE and
ground measured LE from sites with 5 or more years of available data.

Fig. 7. Comparisons of the BMA-based simulated and measured site-averaged
monthly LE at all sites.

To evaluate the ability of the BMA method to detecting the longterm variations in the global terrestrial LE, we also compared the
annual LE anomaly for every site between the ground observations
and simulations based on the BMA method. We only chose the ﬂux
tower sites with ﬁve or more years of available data. As shown in
Fig. 8, the R2 between the ground-measured and simulated annual
LE anomaly is 0.40 and the corresponding RMSE is 11.3 W/m2 . Overall, the change in the annual LE is slightly higher than the observed
value, partially due to the missing measured EC data. However, the
BMA method in this study still captures the inter-annual variation
in LE.
4.3. Spatiotemporal variability in the global terrestrial LE

accurate LE simulation among the 45 GCMs. Therefore, its contribution to the BMA LE simulation is greater than that of the other GCMs.
IPSL-CM5A-MR contributes only 13.1% to the merged dataset due its
relatively larger errors.
To evaluate the performance of the BMA method when predicting global spatial variations in LE, we compared the site-averaged
LE between the ground observations and simulations based on
the BMA method. Because the 240 EC ﬂux tower sites are globally distributed across different continents and different land cover
types, comparisons of the site-averaged LE can be used to test
the performance of the BMA method to simulate global spatial
variations in LE. In Fig. 7, the RMSE between the site-averaged
ground-measured and simulated LE is 15.1 W/m2 and the corresponding bias is 2.8 W/m2 . The R2 is approximately 0.55 with 95%
conﬁdence. The relatively high accuracy of the among-site variability in the LE reﬂects the good ability of the BMA method driven by
different CMIP5 GCM LE datasets to simulate terrestrial LE at the
global scale.

4.3.1. Spatial distribution of the global terrestrial LE
The BMA method driven by ground observations and seven
CMIP5 GCMs described in Section 4.2.1 was applied to produce global terrestrial LE with a spatial resolution of 1 ◦ during
1970–2005, as shown in Fig. 9. There are great differences in the
spatial distribution of the global terrestrial LE: the smallest annual
LE occurs in the arid and semi-arid regions of temperate climate
zones and ice regions in the Arctic, whereas the largest annual LE
occurs in tropical regions such as the Afrotropical, the Indomalayan and the Neotropical rainforest realms. The annual average
global terrestrial LE (excluding Antarctica) between 1970 and 2005
estimated by the BMA method is approximately 39.7 W/m2 , which
is lower than that of the SMA method, or 41.9 W/m2 . For different biomes, the highest average LE, 84.6 W/m2 , occurs in EBF, and
DNF has the lowest average LE of 22.9 W/m2 . Other biomes fall
within the range of EBF and DNF (SAW: 64.2 W/m2 , DBF: 58.1 W/m2 ,
CRO: 45.8 W/m2 , MF: 40.6 W/m2 , GRA: 38.4 W/m2 , ENF: 29.6 W/m2
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Fig. 9. Spatial distribution of the annual global terrestrial LE averaged for 1970–2005 at a spatial resolution of 1◦ from the BMA method driven by seven CMIP5 GCMs. Unit:
W/m2 .

and SHR: 24.9 W/m2 ). In general, annual average global terrestrial LE derived from multiple datasets varies from 34.1 W/m2 to
42.7 W/m2 (Jiménez et al., 2011; Mueller et al., 2011; Wang and
Dickinson, 2012). Although many GCMs overestimate the annual
average global terrestrial LE (Table 1), the BMA method yields a reasonable result by reducing the uncertainty in the individual GCMs.
Fig. 10 shows the great spatial differences in annual global
terrestrial LE between the BMA method and other models. For
example, the merged annual LE using the BMA method is lower
in North Africa than those from CESM1-CAM5 and EC-EARTH. Compared to IPSL-CM5A-LR, IPSL-CM5A-MR and IPSL-CM5B-LR, the BMA
method has higher annual global terrestrial LE in the Southern
Hemisphere, though the value is lower relative to both NorESM1-M
and NorESM1-ME. Overall, the BMA method shows slightly lower
annual global terrestrial LE compared to the SMA method. These
spatial dissimilarities may be mainly explained by the weights of
the BMA method, which incorporate a priori knowledge to correct
the bias of the individual datasets (Miao et al., 2013; Wu et al.,
2012).

4.3.2. Decadal variations in global terrestrial LE
Although the increasing trends in the CMIP5 GCM LE simulations
differ greatly (Table 1), the global annual terrestrial LE ensemble based on the BMA method driven by ground observations and
seven CMIP5 GCMs increased on average during 1970–2005 with a
linear slope of 0.018 W/m2 yr−1 (p < 0.05), which is comparable to
other studies (Chen et al., 2014; Jung et al., 2010; Zeng et al., 2014)
(Fig. 11). This variation is associated with global warming which
accelerates the global terrestrial hydrological cycle (Douville et al.,
2013; Huntington, 2006; Zeng et al., 2014). Some previous studies documented that the annual global terrestrial LE has declined
since 1998 and may be attributed to the limitation of soil moisture
(SM) (Jung et al., 2010; Zeng et al., 2014). However, we found that
the merged LE increased at the rate of more than 0.01 W/m2 yr−1
(p > 0.05) without stopping after 1998, which may be caused by the
combined effects of the variations of Rs , Ta , and P on LE for different models on these time scales. However, other methods, such
as the model tree ensemble (MTE) proposed by Jung et al. (2010),
ignored the differences between the long-term variations in Rs and
Ta by replacing Rs with Ta . In the Northern Hemisphere, there is
a signiﬁcant LE increase (0.017 W/m2 yr−1 , p < 0.05) between 1970
and 2005. However, in the Southern Hemisphere, there is a no sig-

niﬁcant increase (0.024 W/m2 yr−1 , p > 0.05) during this period. It
is clear that the global trend of the CMIP5 GCM LE is in line with
those from satellite and reanalysis datasets, including GEWEX-PT
(Yao et al., 2014b), ERA-Interim, and NASA’s Modern-Era Retrospective Analysis for Research and Applications (MERRA) (Wang
and Dickinson, 2012). This good agreement is likely because the
satellite, reanalysis and CMIP5 models all use Ta and Rs , which are
associated with the acceleration of the global hydrological cycle,
as inputs to produce the observed global warming trend (Ma et al.,
2014; Simmons et al., 2010).
Fig. 12 shows the spatial pattern of the trends in the global terrestrial LE during 1970–2005. More than 66% of the pixels (42% with
95% conﬁdence) show increasing LE trends. The largest increasing
LE trend appears in Europe, eastern North America, central Asia,
northern Australia, central and eastern Africa, and the southern
regions of South America. In contrast, a widespread decreasing
trend occurs in southeastern Asia, western North America, western Asia, southern Africa and eastern South America. To detect the
attributions of the variations in the LE, the spatial distributions of
the trends in the global terrestrial LE, Ta , Rs and P between 1984
and 2005 were examined (Fig. 13). In boreal regions, especially in
Europe, the spatial pattern of the LE trend is almost consistent with
that of the trend for Ta . This might originate from the limitation
of Ta in high-latitude boreal ecosystems because Ta is the most
important parameter in determining LE and the variation in LE is
closely related to the variation in Ta (Nemani et al., 2003). Fig. 13
also shows the similar spatial patterns between the LE and P trends
in semi-arid and arid regions. We should note that P is recognized
to be a contributor to the LE in deserts, where vegetation growth
is restricted by the scarce P and underground water (Ferguson and
Veizer, 2007; Nemani et al., 2003). We also ﬁnd a strong spatial
coherence between the Rs trend changes and LE trend changes
(R2 = 0.56, p < 0.05) in tropical regions (excluding central Africa)
over the past 27 years (Fig. 13). This coherence may be explained
by the fact that solar radiation plays a dominant role in controlling
vegetation growth and increases transpiration through stomatal
opening in tropical regions, where water availability is not limiting
and fewer clouds during dry periods allow more sunlight to reach
the surface (Myneni et al., 2007; Nepstad et al., 1994). However, in
central Africa, sparse ground observations impact the correction of
the satellite-retrieved Rs , leading to the striking difference between
the LE and Rs trends.
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Fig. 10. Spatial differences in the average annual global terrestrial LE (1970–2005) between the BMA method and other models. Unit: W/m2 .

4.4. Discussion
4.4.1. Uncertainties in evaluating and merging the CMIP5 GCM LE
simulations
Evaluating and merging the CMIP5 GCM LE simulations using
only EC measured values will lead to substantial uncertainties,

which are discussed below. First, the various uncertainties from the
EC observations inﬂuence the accuracy assessment of the CMIP5
GCM LE simulation evaluation and fusion. Although the EC measurements are relatively accurate for measuring LE, their typical
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Fig. 11. Regional and global land surface averaged annual LE anomalies. The dashed lines refer to the linear trends in the merged LE based on the BMA method. Unit: W/m2
per year.

measured errors are approximately 5–20% and the interpretation
of their ambiguous values is still required (Foken, 2008; Mahrt,
2010; Wang et al., 2010a; Wang et al., 2010b). The problem is that
the energy imbalance in the EC method and, generally, the average energy closure ratio ((LE + H)/(Rn -G)) for most FLUXNET sites is
approximately 0.8 (Wilson et al., 2002). Foken (2008) noted that the
EC method may only measure small eddies, while it cannot capture
large eddies in the lower boundary layer, which also contribute to
the energy balance. Many approaches, such as frequency correction (Moore, 1986) help to overcome some of the measurement
insufﬁciencies, yet it has been suggested that Bowen ratio (BR) be
preserved due to our limited understanding of the nature of the
energy imbalance (Foken, 2008). Although we used the method
proposed by Twine et al. (2000) to correct the LE in this study, these
corrections still substantially increase the uncertainties of the EC
ground measured LE (Finnigan et al., 2003; Sakai et al., 2001). This

leads to large uncertainties when evaluating and merging CMIP5
GCM LE simulations.
A second factor is the spatial mismatch between the ﬂux tower
site footprints and CMIP5 GCM gridded footprints. Generally, the EC
sites have a footprint of several hundreds meters while the spatial
resolution of the CMIP5 GCM gridded datasets is more than 700 km
(Li et al., 2009; McCabe and Wood, 2006; Zhang et al., 2010b).
Thus, the LE values of the ﬂux tower sites’ footprint cannot represent the CMIP5 GCM gridded LE. However, in this study, the EC
ground-measured LE was used to characterize the “true” value to
evaluate and merge the CMIP5 GCM gridded datasets. Such an inaccurate representation will result in large differences between the
LE observations and the CMIP5 GCM gridded datasets.
Third, we notice that the simulation biases in the CMIP5 GCMs
themselves, misclassiﬁcation of satellite land cover products and
errors that propagate through the resample scale also contribute
to the uncertainties in LE fusion based on the BMA method. Specif-
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Fig. 12. Map of the linear trend in the merged LE based on the BMA method driven by seven CMIP5 GCM datasets during 1970–2005. The solid dots refer to grids with 95%
conﬁdence. Unit: W/m2 per year.

Fig. 13. Maps of the linear trends in the merged (a) LE based on the BMA method driven by seven CMIP5 GCM datasets (Unit: W/m2 per year), (b) Ta from ERA-Interim (Unit:
◦
C per year), c) Rs from GEWEX (Unit: W/m2 per year) and d) P from PGF(Unit: mm per year) during 1984–2005. The solid dots refer to grids with 95% conﬁdence.

ically, the errors from the monthly LE values for the CMIP5 models
cause the input errors of the merged LE due to the different LE
algorithms, physical structures and different vegetation structure,
such as the physical parameterizations of the Penman-Monteith
(PM) equation for different vegetation types, inﬂuencing its coupling with atmosphere (Dirmeyer et al., 2013). Previous studies
reported that most CMIP5 climate models had ignored the negative
feedbacks between water vapor and clouds, which also indirectly
affect the biases of LE simulations (Christy et al., 2010; Miao et al.,
2014). The accuracy of global terrestrial LE estimates is also highly
dependent on the errors of the satellite land cover products. Previous studies showed that the accuracy of the IGBP layer of both
UMD CLCF and MCD12Q1 products are all less than 75% globally
(Bartholome and Belward, 2005; Friedl et al., 2002; Hansen et al.,

1998). Therefore, the low accuracy of classiﬁcation also leads to
the bias of LE ensemble. In addition, the bias of the merged LE
introduced by the resample scale is a highlighted issue in terms
of different CMIP5 GCM LE gridded datasets with different spatial
resolutions. The RMSE of the gridded LE from multiple datasets was
found to be variable among the various scales, and the improvement in the spatial resolution of GCMs inﬂuences the merged LE
results despite its small impacts (Ma et al., 2014; Shi and Liang,
2014). This resample scale process could reduce the accuracy of
the merged LE based on the BMA method.
Finally, we note
 that the selection of the conditional density
function, p Di |LE T , accounts for the maximum impact on the accuracy of the LE fusion because it
the weights of the BMA
 determines

method. Here, we assumed p Di |LE T meets a normal distribution
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due to its success application in merging longwave radiation. In
contrast, it is reasonable to select a gamma distribution when merging P products (Yang et al., 2012). However, LE is a complicated
variable that
 couples
 energy and water cycles and accurately determining p Di |LE T is a changeling scientiﬁc problem (Duan and





Phillips, 2010; Yao et al., 2014a). Selecting the optimal p Di |LE T
is still considered an extension and elaboration of reliable fusion
methods in the future.
4.4.2. Implications for understanding hydroclimate change
The identiﬁcation of a GCM-based mechanism underlying the
dynamics of global terrestrial LE has important implications for
understanding hydroclimate change. Our results emphasize the
necessity of deploying the BMA method and more observations to
reduce the uncertainties in simulating LE by combining seven best
CMIP GCMs and EC observations. For cases with substantial GCMs,
the BMA method is the most suitable for LE estimation. BMA-based
CMIP5 GCM LE simulations reconﬁrmed previous documents that
stated that the global terrestrial LE has increased over the past three
decades (Yao et al., 2012; Zeng et al., 2014). Wang et al. (2010b)
attributed the change in this trend to the changes in cloudiness and
aerosols in moist regions and the ﬂuctuations of P in arid regions.
Despite the good spatial correlations between the LE and P
trends in most regions (especially in arid regions), soil moisture,
rather than P directly, determines the LE, and variations in P lead to
variations in soil moisture. This will establish a positive feedback
process between LE and P. For instance, large droughts caused by
rare P will limit the soil moisture supply and reduce LE. On the opposite, LE positively affects P because most atmospheric precipitable
water originates from both the evaporation of soil and water bodies,
and vegetation transpiration over land surfaces (Eltahir and Bras,
1994; Findell et al., 2011; Jiang et al., 2015). However, this feedback
process may be weak because many scientists attributed this rising
global land P to increasing stratospheric aerosols (Fyfe et al., 2013;
Zeng et al., 2014). This feedback process still remains unclear but
still provides an example of the acceleration of the global water
cycle due to global warming (Koster et al., 2003; Salvucci et al.,
2002). Considering the BMA method is a data-driven tool and the
contributions of each hydroclimate variable are not easily distinguished, the underlying mechanism and effects of hydroclimate
variables on the spatiotemporal patterns of global terrestrial LE
should be better understood by coupling GCMs and distributed
hydrological models.
5. Summary and conclusions
This study has evaluated LE simulations of 45 CMIP5 models by
using globally distributed FLUXNET EC observations and then combining the seven best CMIP5 models based on the BMA method.
The comparison between the gridded CMIP5 GCM LE simulations
versus ground observations demonstrated that almost all of the
CMIP5 GCMs overestimate LE to some extent and present positive
bias for all of the ﬂux tower sites. Among these models, CESM1CAM5 has the best performance, and its LE simulation shows high
predictive skill for different land cover types.
The CMIP5 GCM LE simulation using the BMA method was crossvalidated, and the results showed that the BMA method has the
best performance with the highest predictive skill and R2 and the
lowest RMSE compared to the SMA method and individual GCMs.
We also validated the annual LE anomaly for every site and the
among-site variability in the LE between ground observations and
simulations based on the BMA method driven by different CMIP5
GCM LE datasets. Our results demonstrated that the merged LE
using the BMA method simulates realistic spatial and inter-annual
variations in LE at the global scale.
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Based on the ground observations and seven best CMIP5 GCMs,
the BMA method was used to simulate the global terrestrial LE
with a spatial resolution of 1 ◦ between 1970 and 2005. Overall, we
found that global annual terrestrial LE increased during the period
1970–2005. This increase may originate from the changes in Ta , Rs
and P associated with global warming. Although consistent with
other studies in general, we found large differences for the increasing trend after 1998 among models that are caused by the different
input variables. The long-term effect of hydroclimatic variables on
LE still needs to be determined by coupling GCMs and distributed
hydrological models.
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