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Abstract
Correct simulation of land surface energy balance is critically important in reliably projecting future climate change. In this 
study, simulated surface energy fluxes including net radiation, latent heat, and sensible heat from 22 CMIP6 models are 
evaluated against ERA5 reanalysis data during 1950–2014 over global land surface to assess the performance of CMIP6 
models in simulating surface energy balance. Results reveal significant differences in seasonal and regional characteristics 
of CMIP6 model simulations in the surface energy flux predictions. Net radiation is slightly overestimated in JJA (June, 
July, August) but underestimated in DJF (December, January, and February). Most models overestimate net radiation in both 
seasons over Africa, Australia, and Latin America. The inter-model variability of biases is substantial in DJF net radiation 
simulations over Asia, Europe and Siberia, and North America, although there is a good agreement between simulations 
of selected models and the ERA5 reanalysis data in JJA except for Greenland. Moreover, models overestimate latent heat 
and underestimate sensible heat in DJF, although latent heat and sensible heat simulations match well with the reference 
values in JJA. Latent heat is overestimated in DJF over Australia, Europe and Siberia, and Latin America. Sensible heat is 
underestimated during DJF over Europe and Siberia and Latin America. The performance of CMIP6 in Rn simulation is 
better than LH simulation and SH simulation for both JJA and DJF. Findings from this study will provide useful references 
for surface energy data users and future model development.
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1 Introduction

The evolution of climate is largely constrained by the global 
energy balance and its spatio-temporal variations (Ceppi and 
Gregory 2019; Huber and Knutti 2012; Stephens et al. 2012; 
Trenberth et al. 2009; Wild 2020). The global energy bal-
ance not only regulates the fundamental thermal conditions 

on Earth but also controls various atmosphere and land sur-
face processes including atmospheric and oceanic circula-
tion, hydrological cycle, glacier melting, plant productivity, 
and terrestrial carbon uptake (Kato et al. 2018; Wild et al. 
2013). The amount of solar radiation reaching the surface 
of Earth largely according to the Sun-Earth geometry and 
changes with atmospheric composition, cloud amount, and 
water vapor content with the maximum absorption in the 
tropics (Trenberth and Fasullo 2013a, 2013b; Trenberth 
et al. 2015). Comparatively, the outgoing thermal radia-
tion from the Earth’s surface to the air is more uniformly 
distributed with latitude, which results in spatio-temporal 
variations of energy balance (Trenberth et al. 2015). The 
surface net radiation is the balance between incoming solar 
radiation and outgoing thermal radiation at the Earth’s sur-
face, which provides the basic driving force for the land 
surface processes and evolution of the ecological environ-
ment (Mauder et al. 2020). In addition, net radiation is also 
very important in the surface energy balance, which controls 
the partitioning of sensible heat flux, latent heat flux, and 
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ground heat flux (Conte et al. 2019; Martens et al. 2020; 
Mauder et al. 2020). Surface energy partitioning modulates 
the thermodynamics and atmospheric circulation, which has 
a strong relationship with the occurrence and development 
of extreme events such as droughts and heatwaves (Hirschi 
et al. 2011; Li et al. 2021; Miralles et al. 2014; Ukkola et al. 
2018).

Knowledge of the energy exchange at the top of the 
atmosphere (TOA) has been improved through satellite mis-
sions such as the Clouds and the Earth’s Radiant Energy 
System and the Solar Radiation and Climate Experiment, 
which could accurately capture the radiation flux at TOA 
(Loeb et al. 2018; Stephens et al. 2012; Wielicki et al. 1996). 
However, the energy balance at the Earth’s surface especially 
its seasonal and regional characteristics still needs further 
investigation since surface energy flux cannot be directly 
measured by satellites and it has to be inferred from the 
measurable TOA radiances through empirical or physical 
models (Wang et al. 2021). Model simulations are subject 
to bias since uncertainties exist in model structure, model 
parameterization, input variables, boundary conditions, and 
simplifying assumptions (AghaKouchak and Mehran 2013; 
Liu and Merwade 2018, 2019; Ukkola et al. 2020; Yin et al. 
2021; You et al. 2021). Therefore, assessing the estimation 
accuracy of surface energy balance components is very 
crucial for correctly understanding the mechanism of the 
energy cycles on the Earth system and the land–atmosphere 
interactions (Dickinson 1995). The new generation of Cou-
pled Model Inter-comparison Project Phase 6 (CMIP6) is 
currently available and provides the main scientific basis for 
the Sixth Assessment Report of the Intergovernmental Panel 
on Climate Change (IPCC AR6). Compared with CMIP5, 
CMIP6 models have shown significant improvements in 
spatial resolution, physical parameterizations and inclu-
sion of additional earth system processes such as nutrient 

limitations on the terrestrial carbon cycle and ice sheets 
(Eyring et al. 2016; Liu et al. 2021, 2022a, b; Liu et al. 2014; 
Shu et al. 2020; Tian and Dong 2020). Additionally, CMIP6 
models also account for atmospheric attenuation and emis-
sion and provide unprecedented details in estimations of sur-
face energy components, which offers a great opportunity to 
revisit and evaluate the spatio-temporal variations of energy 
balance at the Earth’s surface (Pendergrass 2020).

In this study, net radiation (calculated from upward short-
wave radiation, downward shortwave radiation, upward long-
wave radiation, downward longwave radiation), latent heat 
and sensible heat predictions from 22 CMIP6 models are 
evaluated with ERA5 reanalysis data during 1950–2014 over 
global land surface as well as six continents. We evaluate 
the model prediction bias in different seasons to understand: 
(1) how CMIP6 models perform in simulating seasonal and 
regional surface net radiation, latent heat and sensible heat 
flux; (2) whether or not surface energy balance is achieved 
by CMIP6 models for the past a few decades; (3) how differ-
ent geographical locations and climate conditions affect the 
net radiation partitioning into latent heat and sensible heat. 
The findings of this study are expected to provide a scientific 
reference for regional patterns and seasonal cycles of CMIP6 
models’ performance in simulating surface energy flux and 
future model improvement.

2  Study area and data

2.1  Study area

In this study, we separate the global land surface (excluding 
Antarctica) into 6 major continents: Asia, Africa, Australia, 
Europe and Siberia, North America and Latin America 
(Fig. 1). These regions exhibit distinct climate conditions 

Fig. 1  Layout map of six conti-
nents analyzed in this study
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and are geographically located in various latitude spans in 
both Northern Hemisphere and Southern Hemisphere (for 
instance, Europe and Siberia locate in mid-high latitudes and 
exhibit a moist continental and polar climate, East part of 
Asia locates in mid-low latitudes and has a monsoonal cli-
mate, Amazonia in South America and central part of Africa 
locate in low latitude and has a moist tropical climate, West 
part of North America and Australia locate in mid-latitude 
and exhibit semi-arid climate), which provide ideal test beds 
for investigating the spatio-temporal variations of energy 

balance components and their relation with geographical and 
climate characteristics.

2.2  Data

2.2.1  CMIP6 climate data

Monthly upwelling shortwave radiation (rsus), downwelling 
shortwave radiation (rsds), upwelling longwave radiation 
(rlus), downwelling longwave radiation (rlds), latent heat 

Table 1  List of 22 CMIP6 climate models and their resolutions

Model Institution Country Spatial 
resolution 
(km)

References

FGOALS-g3 Chinese Academy of Sciences China 180 × 80 Li et al. (2020)
ACCESS-CM2 Commonwealth Scientific and Industrial Research Organisa-

tion-Australian Research Council Centre of Excellence for 
Climate System Science

Australia 192 × 144 Bi et al. (2020)

CESM2 National Center for Atmospheric Research United States 288 × 192 Danabasoglu et al. (2020)
CESM2-WACCM National Center for Atmospheric Research United States 144 × 96 Danabasoglu et al. (2020)
CMCC-CM2-HR4 Fondazione Centro Euro-Mediterraneo sui Cambiamenti 

Climatici
Italy 288 × 192 Cherchi et al. (2019)

CMCC-CM2-SR5 Fondazione Centro Euro-Mediterraneo sui Cambiamenti 
Climatici

Italy 288 × 192 Cherchi et al. (2019)

CMCC-ESM2 Fondazione Centro Euro-Mediterraneo sui Cambiamenti 
Climatici

Italy 288 × 192 Lovato et al. (2022)

CNRM-ESM2-1 Centre National de Recherches Meteorologiques-Centre 
Europeen de Recherche et de Formation Avancee en Calcul 
Scientifique

France 256 × 128 Séférian et al. (2019)

MIROC-ES2L Japan Agency for Marine-Earth Science and Technology, 
Atmosphere and Ocean Research Institute, National Institute 
for Environmental Studies, and RIKEN Center for Computa-
tional Science

Japan 128 × 64 Hajima et al. (2020)

CESM2-FV2 National Center for Atmospheric Research United States 144 × 96 Danabasoglu et al. (2020)
CESM2-WACCM-FV2 National Center for Atmospheric Research United States 288 × 192 Danabasoglu et al. (2020)
GFDL-ESM4 National Oceanic and Atmospheric Administration-Geophysi-

cal Fluid Dynamics Laboratory
United States 288 × 180 Dunne et al. (2020)

UKESM1-0-LL Met Office Hadley Centre Britain 192 × 144 Sellar et al. (2019)
IPSL-CM6A-LR Institut Pierre Simon Laplace France 144 × 143 Boucher et al. (2020)
CanESM5 Canadian Centre for Climate Modelling and Analysis Canada 128 × 64 Swart et al. (2019)
MRI-ESM2-0 Meteorological Research Institute Japan 320 × 160 Oshima et al. (2020)
BCC-CSM2-MR Beijing Climate Center China 320 × 160 Wu et al. (2019)
TaiESM1 Academia Sinica -Research Center for Environmental Changes China 288 × 192 Lee et al. (2020)
MIROC6 Japan Agency for Marine-Earth Science and Technology, 

Atmosphere and Ocean Research Institute, National Institute 
for Environmental Studies, and RIKEN Center for Computa-
tional Science

Japan 256 × 128 Tatebe et al. (2019)

CAMS-CSM1-0 Chinese Academy of Meteorological Sciences China 320 × 160 Xin-Yao et al. (2019)
ACCESS-ESM1-5 Commonwealth Scientific and Industrial Research Organisa-

tion
Australia 192 × 145 Ziehn et al. (2020)

MPI-ESM1-2-LR Max Planck Institute for Meteorology Germany 192 × 96 Mauritsen et al. (2019)
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(hfls), sensible heat (hfss) from the most recent Coupled 
Model Inter-comparison Project-Phase 6 (CMIP6) are used 
in this study to investigate model performance in simulating 
energy balance and its components over global continents. 
We apply 22 CMIP6 model predictions (Table 1, downloaded 
from https:// esgf- node. llnl. gov/ search/ cmip6/) and focus on 
the “historical” experiments in this study, which aims at repro-
ducing the climate evolution of the twentieth century consid-
ering all major natural and anthropogenic forcings including 
changes in atmospheric greenhouse gases, aerosols and land 
use. Since multiple realizations of the “historical” experiments 
are available, the first member “ri1p1f1” (in the case of the first 
member does not exist, the member “ri1p1f2” is used instead) 
of the ensemble is used for the analysis.

2.2.2  ERA historical climate references

ERA5 is the fifth generation of atmospheric reanalysis of the 
global climate made by the European Centre for Medium-
Range Weather Forecasts (ECMWF) based on historical 
observation data with the Integrated Forecasting System (IFS) 
model and its data assimilation system (Roussel et al. 2020). 
Compared with the former ERA-Interim reanalysis data, 
ERA5 has extended the records of atmospheric variables and 
land surface variables beginning from 1950 and significantly 
enhanced horizontal and temporal resolutions, which are 
31 km and hourly respectively (Hersbach et al. 2020).

Although as a reanalysis product, ERA5 energy compo-
nent data have their own biases as well, previous work has 
proved its suitability and applicability for being used as ref-
erence dataset. Decker et al. (2012) evaluated the reanalysis 
products from GMAO, NCEP, and ECMWF using FLUXNET 
observations, concluding that all of them overestimate the sur-
face solar radiation with ERA data having the best accuracy. 
ERA data is also more suitable for European regions than 
JRC-MARS based on longtime series solar radiation datasets 
(Bojanowski et al. 2014). ERA5 downward longwave radiation 
is well depicted (Tang et al. 2021) compared to Clouds and 
Earth's Radiant Energy System (CERES) satellite retrievals 
and in situ observations. Overall, the reanalysis bias errors are 
substantially smaller than in GCM estimates, and the ERA5 
dataset appears to be one of the best reanalysis products. In 
this study, monthly ERA5 surface net solar radiation (ssr), 
surface net radiation (Wielicki et al.), surface latent heat flux 
(slhf) and surface sensible heat (sshf) datasets (downloaded 
from https:// cds. clima te. coper nicus. eu/) are used as refer-
ences to evaluate CMIP6 historical prediction performance 
over global continents. Both the CMIP6 predictions and ERA5 
reanalysis data are regridded to 1° × 1° spatial resolution using 

bilinear interpolation for model comparison and performance 
evaluation.

3  Methodology

3.1  Assessment of CMIP6 model performance 
in simulating surface net radiation

3.1.1  Net radiation derivation

The net radiation flux (Rn) is the sum of the shortwave net 
radiation and the longwave net radiation. The shortwave net 
radiation is equal to the difference between the downward 
shortwave radiation and the upward shortwave radiation. 
Similarly, the longwave net radiation is equal to the difference 
between the downward longwave radiation and the upward 
longwave radiation. Thus, the net radiation can be expressed 
as Eq. (1):

where Rs is shortwave net radiation(W/m2), Rl is longwave 
net radiation; R

s
↓ and R

s
 ↑ are downward and upward short-

wave radiation; R
l
↓, R

l
 ↑ refer to the downward and upward 

longwave radiation respectively.

3.1.2  Model performance in different seasons and regions

In this study, summer is defined as June, July, and August for 
the Northern Hemisphere and December, January, and Febru-
ary (DJF) for the Southern Hemisphere (SH). Comparatively, 
winter is defined as DJF for the NH and JJA for the SH. Fur-
thermore, the global land is divided into 6 continents which 
are shown in Fig. 1. Specifically, we want to analyze the per-
formance of CMIP6 models in simulating surface energy flux 
during different seasons and regions.

3.2  Evaluation of the components of net radiation 
partition

Based on surface energy balance, the vast majority of the sur-
face net radiation is allocated to latent and sensible heat, with 
a small fraction allocated to soil heat flux.

where LE is latent heat flux, SH is sensible heat flux, G is 
soil heat flux. In this study, G is assumed to be zero on the 
multi-year mean basis and thus can be neglected (Daughtry 
et al. 1990).

(1)Rn = Rs + Rl= R
s
↓ −R

s
↑ +R

l
↓ −R

l
↑,

(2)Rn = LE + SH + G,

https://esgf-node.llnl.gov/search/cmip6/
https://cds.climate.copernicus.eu/
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3.3  Performance measures

3.3.1  Model bias

The bias B is defined as the mean of monthly energy flux 
for each CMIP6 model divided by the mean of the cor-
responding ERA5 observations in each 1° × 1° grid box:

3.3.2  Taylor diagrams

Taylor diagram is used to compare the relative merits of 
a suite of different models in this study. Taylor diagram 
summarizes three statistics in one figure: horizontal and 
vertical axes show standard deviation, the radial axis 
shows spatial correlation coefficient, and the concentric 
circle denotes centered RMSD. The values with correla-
tion coefficient and the standard deviation are 1 and the 
RMSD is 0 indicate the best match between observation 
and model simulation. In Taylor diagram, the correlation 
coefficient, standard deviation and RMSD have the fol-
lowing relationship:

where R is the correlation coefficient between the model and 
reference data. E′ is the centered RMSD and �2

M
 and �2

r
 are 

the variances of the model and reference data respectively. 
In this study, seasonal and regional net radiation, latent heat 
and sensible heat climatology from CMIP6 and ERA5 refer-
ences are evaluated with Taylor diagram.

3.3.3  Taylor skill score

Taylor skill score (Taylor 2001) is used to evaluate skill 
of the models in simulating surface energy fluxes with 
respect to observations:

where R is the spatial correlation coefficient between obser-
vation and model simulation, � is the ratio of simulated to 
observed standard deviation, R0 is the maximum correla-
tion attainable that is assumed as 1. The Taylor Skill Score 
ranges from zero to unity, and the score equals 1 indicates a 
perfect simulation.

(3)B =
Rn

CMIP6

Rn
ERA5

.

(4)E
�2 = �

2

M
+ �

2

r
− 2�

M
�
r
R,

(5)
T =

4(1 + R)
(

� +
1

�

)2

(1 + R0)

,

4  Results and discussion

4.1  The performance of CMIP6 models in simulating 
seasonal surface net radiation

The spatial patterns of bias ratio from 15 selected CMIP6 
models as well as ensemble mean are shown in Fig. 2 for 
JJA and Fig. 3 for DJF respectively. As illustrated, overall 
CMIP6 models can capture the spatial pattern of Rn, the 
biases for most continents are within 30%. However, pre-
dictions of net radiation (Rn) from CMIP6 models show 
obvious differences for JJA and DJF. In general, most 
CMIP6 models overestimate Rn in JJA and underestimate 
Rn in DJF. For instance, most models overestimate Rn in 
JJA but underestimate Rn in DJF over Central Asia and 
Western Europe. The model simulation bias of Rn is larger 
in JJA than DJF over Amazon.

Figure 4a presents the seasonal biases of Rn, which 
shows slightly inter-model variability exists over differ-
ent continents. Some models (such as CESM2, CESM2-
WACCM, CESM2-FV2, CESM2-WACCM-FV2, IPSL-
CM6A-LR) display relatively smaller biases for JJA and 
DJF. Comparatively, other models (such as FGOALS-g3 
and MPI-ESM1-2-LR) show larger model biases. Fig-
ure 4b and d indicate that models overestimate Rn for 
both JJA and DJF over Africa and Australia, especially 
in the Saharan region and the central and western parts of 
Australia (as can be seen in Figs. 2 and 3). The reason that 
CMIP6 models overestimate Rn for these regions might 
be that the Saharan and central-western Australia regions 
are covered with deserts, and desert dust suspended in 
the atmosphere (generally regarded as an aerosol con-
stituent) affect both incoming shortwave and outgoing 
longwave radiation, which is difficult be simulated by 
models (Menon et al. 2002). CMIP6 models significantly 
overestimate Rn in DJF and slightly overestimate Rn in 
JJA over Asia (Fig. 4c), especially in the Tibetan Pla-
teau, which is probably associated with relatively coarse 
horizontal model resolutions which could not capture the 
abrupt changes in topography (Li et al. 2021). In addi-
tion, Tibetan Plateau has the largest and thickest frozen 
ground at the middle and low latitudes (Luo et al. 2020), 
hence the complexity of the freeze–thaw process reflects 
the considerable uncertainties inherent in climate models. 
Figure 4e shows larger biases exist for DJF over Europe 
and Siberia, which might be closely related to the presence 
of clouds (since there are more clouds in winter than in 
summer over Europe and Siberia). As pointed out in IPCC 
AR6, the simulation of clouds and their feedback may be 
still problematic in climate models, although some CMIP6 
models demonstrate an improvement in how clouds are 
represented. The absorption of radiation in clouds may 
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be considerably larger than assumed in models (Cess 
et al. 1995; Ramanathan et al. 1995). Furthermore, sparse 
observation stations lead to detection difficulty in under-
standing the spatial and temporal changes of clouds, which 
also prevents cloud simulation by models (Zajaczkowski 
et al. 2013). Figures 4f, 2 and 3 indicate that most models 
overestimate Rn over the Amazon region for JJA and DJF. 
Vegetation may be partly responsible for the differences 
in both seasons. It is well-known that the largest tropical 
rainforest on Earth grows in the Amazon, and vegetation 
influences the energy flux between land and the atmos-
phere (Bonan 2008). For instance, Liu et al. (2021) pre-
sented that vegetation can intercept some solar radiation, 
which leads to substantial differences in the amount of 
radiation on the top of vegetation and the ground surface 
below the tree canopy, generating vegetation canopy shad-
ing. However, the size of the Amazon rainforest shrank 
dramatically. Deforestation increases surface albedo, 
reduces Leaf Area Index (LAI) and canopy height, and 
changes emissions of  CO2, trace gases, and aerosols. Fig-
ure 4g displays the biases of CMIP6 models for North 

America and it shows that most models tend to underesti-
mate Rn in JJA for Greenland (also see Fig. 2), which may 
be related to ice sheet melt in JJA. Melting sharply from 
the ice margin toward the interior decreases surface albedo 
and limits the emissions of outgoing longwave radiation, 
eventually resulting in dramatical increase in net radiation 
(van den Broeke et al. 2008). Besides, most models show 
substantial biases over the mountainous region (such as 
Colorado and Utah) of the United States (Fig. 3). It is diffi-
cult for the complex terrain to be accurately simulated due 
to relatively coarse horizontal model resolutions (Hofer 
et al. 2012; Ludwig et al. 2016). The topographic shad-
ing and the surrounding complex terrain can also strongly 
influence solar radiation.

Figures S1 and S2 present violin plots of the spatial–tem-
poral averaged Rn biases from the 22 CMIP6 models. As 
shown, the biases of Rn for models are larger during DJF 
(ranges between 0 and 2.5) than JJA (ranges between 0 and 
2), and the differences of the inter-model simulations are 
small, except for a slight difference during DJF in Australia 
as well as Europe and Siberia. The medians of some models 

Fig. 2  Bias ratio (with optimal value = 1) of JJA net radiation from 15 models out of 22 selected climate models and ensemble mean with respect 
to ERA5
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such as FGOALS-g3, CMCC-CM2-HR4, MIROC-ES2L, 
and MIROC6 are greater than 1, indicating that these mod-
els overestimate net radiation in general.

We further compare the CMIP6 model’s performance of 
Rn prediction through the Taylor diagrams (Taylor 2001) as 
shown in Figs. 5 and 6. Figure 5 indicates that the distribu-
tions of models are quite concentrated for each continent in 
JJA. Most models have spatial correlations from 0.9 to 0.95 
and the ratio of spatial standard deviations is near 1, indicat-
ing that models perform consistently well over the selected 
six continents in JJA. However, in contrast, model predic-
tions show larger inconsistency to ERA5 reanalysis data in 
DJF, particularly in Asia, Europe and Siberia, and North 
America. Specifically, in Asia, the correlation coefficients of 
22 models are down to 0.8 (from 0.9), and the spatial stand-
ard deviations exceed 1. In Europe and Siberia, and North 
America, models are more scattered in the Taylor plot. The 
model biases of simulating Rn in DJF are larger than JJA 
over Asia, Europe and Siberia, and North America, which 
could be associated with the bias of precipitation in DJF. 
Precipitation directly affects the amount of water vapor in 

the atmosphere, which further affects solar shortwave radia-
tion on the ground. Most models overestimate precipitation 
in DJF over the western part of North America and Asia, 
which leads to overestimation of water vapor in the atmos-
phere and underestimation of solar shortwave radiation in 
DJF, eventually, resulting in underestimation of net radia-
tion over North America and Asia. For Europe and Siberia, 
the model biases of simulating Rn in DJF (underestimate) 
are larger than simulations in JJA, which might be closely 
related to the presence of clouds, since there are more clouds 
in DJF than JJA over Europe and Siberia.

Besides, the Taylor skill scores are also applied to rank 
the performance of CMIP6 models in simulating Rn for 
JJA and DJF (see Fig. S3). The Rn scores ranged between 
0.95 and 1 for both seasons over Global land surface, where 
TaiESM1 performs the best for JJA, and GFDL-ESM4 
performs the best for DJF. For JJA over six continents, 
CMCC-CM2-HR4 outperforms other models over Africa, 
CMCC-ESM2 and TaiESM1 perform the best over Asia, 
both CNRM-ESM2-1 and CESM2-WACCM-FV2 score 
0.98 over Australia, IPSL-CM6A-LR performs better than 

Fig. 3  Bias ratio (with optimal value = 1) of DJF net radiation from 15 models out of 22 selected climate models and ensemble mean with 
respect to ERA5
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others over Europe and Siberia, UKESM1-0-LL performs 
the best over Latin America, and ACCESS-ESM1-5 per-
formes the best over North America. Comparatively for DJF, 
CMCC-CM2-HR4 shows the best score over Africa (up to 
0.99), CMCC-CM2-SR5 reaches 0.98 over Asia, GFDL-
ESM4 performs the best for Australia, CESM2-WACCM 
outperforms other models over Europe and Siberia, CNRM-
ESM2-1 performs better than others over Latin America, 
and CESM2-WACCM performs the best for North America.

4.2  Net radiation partition and surface energy 
balance simulated by CMIP6 models

The surface net radiation consists of the shortwave net radia-
tion and the longwave net radiation at the surface of Earth. 
It provides the vast majority of energy for the non-radiative 
fluxes of the surface energy balance, particularly the surface 
sensible heat flux and latent heat flux (Bisht et al. 2005; Wild 

2020). Figures 7 and 8 summarize the partition between sur-
face sensible heat and latent heat flux over global continents 
in both seasons, respectively. As shown, the percentage of LH 
generally is higher than SH in both seasons, however, although 
the models’ mean SH is negative being consistent with ERA5 
over Europe and Siberia, and North America, the inter-model 
spread is considerably large, indicating that CMIP6 models 
could not accurately simulate sensible heat flux for DJF.

4.3  Seasonal characteristics of model biases 
in simulating latent heat and sensible heat 
over different continents

To further quantify the model performance of simulated 
non-radiative fluxes, the LH biases and SH biases relative 
to ERA5 are shown in Fig. 9. Models show obvious differ-
ences in simulating LH and SH over different continents. For 
LH, the simulated winter LH biases are higher than that of 

Fig. 4  Net radiation bias of CMIP6 over (a) Global Land, (b) Africa, (c) Asia, (d) Australia, (e) Europe, (f) Latin America, and (g) North Amer-
ica in JJA and DJF
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summer. Models generally overestimate winter LH for Aus-
tralia, Europe and Siberia, and Latin America (The winter 
months in Australia are June, July and August), however, 
it is noteworthy that summer LH simulations near-perfect 
match the reference value. The LH biases of CMIP6 mod-
els are principally caused by precipitation and surface soil 
moisture. On the one hand, the overestimation of precipi-
tation by the CMIP6 models possibly caused considerable 
uncertainties in simulating the LH (Almazroui et al. 2020; 
Han et al. 2017). On the other hand, the effects of vegetation 
include transpiration, canopy interception of rainfall, and 
root interception tend to affect soil moisture (Williams and 
Torn 2015). Additionally, the uncertainties of satellite land 
cover products also impact the accuracy of global terrestrial 
latent heat simulations (Yao et al. 2016).

For SH, the variation of biases is substantial during 
DJF over different continents, although there is remarkable 
agreement between the model and the ERA5 reanalysis data 

during JJA. As shown, models showing negative biases dur-
ing DJF (over Europe and Siberia), such as CESM2-FV2 and 
CESM2-WACCM-FV2. A few studies showed that cloudi-
ness plays an important role in surface SH through its influ-
ence on radiation flux and soil temperature (Zhou and Du 
2016). Furthermore, both topographic shading and vegeta-
tion canopy shading that changes with solar altitude angle 
can reduce sensible heat flux (Liu et al. 2022a, b; Marsh 
et al. 2012; Zhang et al. 2020). Besides, the sensible heat 
biases of CMIP6 models are also largely impacted by wind 
speed (Yang et al. 2011).

In addition, we rank the Taylor skill scores of LH and 
SH simulations and the results are shown in Figure S4. 
As for LH, CMCC-CM2-HR4 performs the best for JJA 
and GFDL-ESM4 performs the best for DJF over Global 
Land. In Africa, CESM2-WACCM, CMCC-CM2-HR4, 
and TaiESM1 score 0.97 for JJA, GFDL-ESM4 scores 0.98 
for DJF. In Asia, CMCC-CM2-HR4 outperforms other 

Fig. 5  Taylor diagrams of JJA net radiation simulation over global 
continents. The radial coordinate is the magnitude of the standard 
deviation (denoted by black arcs). The concentric green semi-circles 

denote root-mean-square difference values. The angular coordinate 
shows the correlation coefficient (denoted by dotted black lines)
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models for JJA, and CAMS-CSM1-0 performs the best for 
DJF. MIROC6 shows the highest Taylor skill score (0.63) 
for JJA, and GFDL-ESM4 shows a better score (0.97) for 
DJF over Australia. For Europe and Siberia, CMCC-CM2-
SR5 is the best model in JJA, CAMS-CSM1-0 is optimal 
in DJF. It’s noteworthy that the CMIP6 models perform 
worse in these two regions with the scores decreasing from 
0.6 to 0.3 over Australia in JJA and from 0.5 to 0.3 over 
Europe and Siberia in DJF. In Latin America and North 
America, CESM2 and ACCESS-CM2 behave the best in 
JJA and ACCESS-CM2 and GFDL-ESM4 perform the best 
for DJF.

As for SH, the highest Taylor skill score for JJA is 
obtained by CESM2 (over Global Land and over North 
America), IPSL-CM6A-LR (over Africa), CESM2-
WACCM (over Asia), CMCC-CM2-HR4 (over Australis), 
CMCC-CM2-SR5 (over Europe and Siberia), ACCESS-
ESM1-5 (over Latin America) respectively. In comparison, 

the highest Taylor skill score for DJF is obtained by CESM2 
(over Global Land, Asia, Australia), CESM2-WACCM-FV2 
(over Africa), MIROC6 (Europe and Siberia), CESM2-
WACCM (Latin America), CMCC-ESM2 (North America) 
respectively.

Global warming could affect surface energy fluxes. 
The increase of carbon dioxide also yields a nearly steady 
increase of the downward longwave radiation at the surface 
(Hu et al. 2019), this further affects the partition of net radia-
tion and its components. Global warming also increases the 
ability to evaporate (in form of latent heat).

5  Conclusions

In this study, we evaluated the performance of 22 CMIP6 
models in simulating seasonal surface energy flux during 
1950–2014 over global land surface as well as six continents, 

Fig. 6  Taylor diagrams of DJF net radiation simulation over global 
continents. The radial coordinate is the magnitude of the standard 
deviation (denoted by black arcs). The concentric green semi-circles 

denote root-mean-square difference values. The angular coordinate 
shows the correlation coefficient (denoted by dotted black lines)



The performance of CMIP6 models in simulating surface energy fluxes over global continents  

1 3

and analyzed net radiation partition and surface energy bal-
ance simulated by CMIP6 models. The main conclusions are 
summarized as follows:

1. Simulations of net radiation (Rn) show obvious season-
ality over global land surface. In general, net radiation 
simulations match better with ERA5 reference data in 
JJA than DJF, but the biases are within 30% for both 
seasons. The CMIP6 models slightly overestimate net 
radiation in JJA and underestimate net radiation in DJF.

2. Models substantially overestimate Rn over Africa, Aus-
tralia, and Latin America, especially in the Saharan and 
Tibetan Plateau, which is probably associated with land 
topography. The model bias of Rn is larger in DJF than 
JJA over Asia, Europe and Siberia, and North America.

3. As for the non-radiative fluxes, the percentage of LH in 
Rn is higher than SH. The bias of simulated LH in DJF 
(near 30%) is higher than JJA. In addition, LH predic-
tions vary significantly among different continents: mod-
els overestimate LH over Australia, Europe and Siberia, 
and Latin America in DJF whereas LH perform near-
perfect match with the reference value (biases values are 
around 1) in JJA.

4. Contrary to ERA5, the mean prediction of SH by CMIP6 
models is positive during DJF (except for Europe and 
Siberia, and North America), and the inter-model vari-
ability is substantial over different continents. Moreover, 
despite models' mean SH is negative, which is consistent 
with ERA5 over Europe and Siberia, and North Amer-
ica, the inter-model spread is remarkably large. There-

Fig. 7  Partition of latent heat and sensible heat over global continents during JJA (W/m2), the last one is ERA5 reference
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fore, the biases of SH are substantial during DJF over 
different continents and models significantly underesti-
mate SH (the bias ratios of some models are even less 
than negative 1), indicating that current CMIP6 models 
could not accurately capture sensible heat flux for DJF.

5. The performance of CMIP6 in Rn simulation (Taylor 
skill score ranged between 0.85 and 1) is better than LH 
and SH simulations (Taylor skill score ranged between 
0.3 and 1) for JJA and DJF. As for JJA, TaiESM1 per-
forms the best for Rn simulations, CMCC-CM2-HR4 
is the best model in simulating LH and CESM2 outper-
forms other models in simulating SH. Comparatively, 
GFDL-ESM4 performs the best in Rn and LH simula-
tions and CESM2 outperforms other models in simulat-
ing SH in DJF.

6. Climate change marked by fast and continuous global 
warming is influenced by the greenhouse gases in air, 
and the increase of carbon dioxide yields nearly steady 
increase of the downward longwave radiation at the sur-
face. This further affects the partition of net radiation 
and its components. Therefore, assessing the prediction 
accuracy of surface energy balance components is very 
crucial for understanding the impact of global warming 
and provide references for future model development. 
Although the emphasis of this paper is placed on the 
performance and variations in surface energy fluxes for 
historical data since the reference exist in this period, it 
is also essential to work on investigating the variation 
of energy fluxes for future projections, which we intend 
to conduct analysis in our future work.

Fig. 8  Partition of latent heat and sensible heat over global continents during DJF (W/m2), the last one is ERA5 reference
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