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Abstract  
The simulation of tropical precipitation has been a challenge to climate models. The multi-model ensemble mean of CMIP6 mod-
els only show limited improvement relative to the CMIP3 and CMIP5 models. However, a simple ensemble mean may mask the 
improvement of individual models. Here we evaluated 20 CMIP6 models and their corresponding earlier version in CMIP5. The 
results show that the CMIP6 models is significantly improved in the tropical precipitation compared to their counterparts in CMIP5, 
and the alleviation of bias mainly happened in the top ten model pairs with largest RMSE reduction (TOP10). For the mean of 
TOP10, the antisymmetric (symmetric) bias mode in CMIP5 is significantly reduced by 55% (78%). Further energetics evaluation 
shows that, the CMIP5-to-CMIP6 decrease of antisymmetric bias in the bulk of TOP10 models is accompanied by more realistic 
southward cross-equatorial atmospheric energy transport ( AETEQ ), which is mainly contributed by the better representation of the 
extra-tropical surface turbulent flux ( STF ). On the other hand, the decrease in the symmetric bias of TOP10 models is associated with 
the enlargement of the negative bias in the seasonal contrast of AETEQ , which is caused by the alleviation of the biases in the seasonal 
contrast of extra-tropical STF . Our analysis revealed the improvement in the simulation of tropical precipitation in CMIP6, and we 
pointed out that the improvement is associated with the model-generational changes in the simulated atmospheric energy balances.
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1 Introduction

The ocean–atmosphere coupled general circulation models 
tend to overestimate oceanic precipitation in the southern 
tropics and underestimate precipitation in the equatorial 
Pacific (Lin 2007; Wielicki et al. 1996). This problem is 
called the “double intertropical convergence zone (ITCZ)”, 
because the simulated precipitation appears to have another 
ITCZ-like rainband over the southern deep tropics. Since 
the bias of “double ITCZ” may influence the creditability of 
climate models in the projection of future climate change, 

resolving the “double ITCZ” has been of great concern to 
climate modeling community.

Previous studies have pointed out that the zonal mean 
“double ITCZ” could be separated into the hemispherical 
antisymmetric and symmetric components (Adam et al. 
2016; Kim et al. 2021; Li and Xie 2014). The independ-
ence between these two components implied the distinct 
physical mechanisms controlling them. The antisymmetric 
component reflects the bias in the location of the annual 
mean ITCZ, which is typically represented by the centroid 
of tropical precipitation (Frierson and Hwang 2012), and 
the symmetric component is associated with the width of 
tropical precipitation and the seasonal migration of the 
ITCZ (Donohoe et al. 2019; Kim et al. 2021). Although the 
alleviation of antisymmetric and symmetric “double ITCZ” 
from CMIP5 to the CMIP6 is limited for the multi-model 
ensemble mean (Tian and Dong 2020), the top five models 
in CMIP6 showed better performance in pattern correlation 
of southeast Pacific precipitation when compared to CMIP5 
(Si et al. 2021). These two contrasting results indicate that 
the whole ensemble average may mask some potential pro-
gresses of individual models, due to the differences in the 

Zikun Ren is the first contributor of this paper.

 * Tianjun Zhou 
 zhoutj@lasg.iap.ac.cn

 Zikun Ren 
 renzk@lasg.iap.ac.cn

1 LASG, Institute of Atmospheric Physics, Chinese Academy 
of Sciences, Beijing 10029, China

2 University of Chinese Academy of Sciences, Beijing 100049, 
China

http://orcid.org/0000-0002-5829-7279
http://crossmark.crossref.org/dialog/?doi=10.1007/s00382-024-07238-7&domain=pdf


 Z. Ren, T. Zhou 

size and constitution of the whole model ensemble between 
CMIP5 and CMIP6. Therefore, a comparison between the 
CMIP5 models and their respective new version in CMIP6 
should be helpful to reveal the potential improvements.

The annual mean locations of the ITCZ in the coupled 
models are tightly associated with the cross-equatorial energy 
transport (Hwang and Frierson 2013; Loeb et al. 2016). Mul-
tiple processes are reported to contribute to this energetics 
bias, including the improper representation of convection 
and cloud in the tropics (Bellucci et al. 2010; Xiang et al. 
2017; Zhang and Wang 2006; Zhou et al. 2022), shortwave 
radiation bias in the Southern Ocean (Hwang and Frierson 
2013; Kawai et al. 2021; Mechoso et al. 2016), and the land 
surface temperature (Zhou and Xie 2017). From a perspective 
of hemispheric energy balance, Loeb et al. (2016) applied an 
energetics framework to evaluate energy budget governing 
the antisymmetric “double ITCZ” problem. This framework 
incorporated the radiation and surface turbulent heat fluxes in 
the observational constraint to establish a closed observational 
energy balance. By decomposing the cross-equatorial energy 
transport, this framework provided a practical approach to 
identify whether the improvement in the cross-equatorial 
energy transport results from solid progress or from compen-
sation between different biases in the energy budget.

In contrast to the anti-symmetric component of “double 
ITCZ”, the symmetric “double ITCZ” bias is associated with 
the annual cycle of the cross-equatorial atmospheric energy 
transport (Donohoe et al. 2019; Kim et al. 2021) and the 
annual mean net energy input to the atmosphere near the 
equator (Adam et al. 2016; Bischoff and Schneider 2016; 
Kim et al. 2021). Among the constitutions of the seasonal 
cross-equatorial atmospheric energy transport, the inter-
hemispheric contrast of the clear-sky atmospheric shortwave 
absorption is significantly correlated to the index of sym-
metric “double ITCZ”, which implies that the differences 
in radiative transfer parameterizations may lead to the inter-
model spread of symmetric ITCZ bias (Kim et al. 2021). In 
addition, the symmetric component of “double ITCZ” bias 
is also reported to be closely linked to a “cold tongue” over 
the equatorial Pacific (Kim et al. 2021; Li and Xie 2014; Ma 
et al. 2023; Wang et al. 2020). Therefore, in some previous 
work, the symmetric “double ITCZ” is also investigated in 
relation to “cold tongue” problem to distinguish it from the 
antisymmetric “double ITCZ” problem (Li et al. 2015a; Li 
and Xie 2014). Within the framework of atmospheric ener-
getics framework, the equatorial “cold tongue” is reported to 
bias precipitation by the abnormal surface energy flux near 
the equator (Kim et al. 2021). The surface energy flux near 
the equator contributes to the bias in the net energy input to 
the atmosphere near the equator and leads to the symmetric 
“double ITCZ” (Kim et al. 2021). However, these previous 
works on the physical processes underlying the symmetric 
component of “double ITCZ” biases were mainly based on 

inter-model correlation analysis, a quantitative evaluation 
with a closed hemispheric energetic budget framework is 
lacking for the CMIP models.

In this study, we aim to answer the following questions: 
(1) Do the antisymmetric and symmetric components of 
“double ITCZ” biases in CMIP6 models exhibit improve-
ments compared with their earlier version in CMIP5? (2) 
Which energy processes in the hemispheric energy balance 
lead to improvements in the CMIP6 models?

The remainder of the paper is organized as follows. In 
Sect. 2, we describe the data and the used approaches. In 
Sect. 3, we exhibit the primary results of this study followed 
by a summary in Sect. 4.

2  Data and methods

2.1  Observations and model simulations

To represent the observed atmospheric energy balance, the 
satellite-derived radiative fluxes products and atmospheric 
reanalysis are combined to supply a closed climatology of 
energy budget. The following data are used in our analysis:

1) Radiative fluxes data are from the Clouds and the Earth’s 
Radiant Energy System (CERES) Energy Balanced and 
Filled (EBAF) Ed4.1 product for the TOA (Loeb et al. 
2018) and surface (Kato et al. 2018).

2) Total atmospheric energy divergence and tendency for 
January 2005–December 2015 is obtained from the 
mass corrected vertically integrated energy budget terms 
(Mayer et al. 2021) for ERA5 (Hersbach et al. 2020) 
data. All these patterns of atmospheric energy balance 
are regridded to 2.5 ◦× 2.5 ◦ by using the second-order 
conservative interpolation (Jones 1999).

Monthly precipitation rates from the Global Precipita-
tion Climatology Project (GPCP) (Adler et al. 2003) version 
2.2 and Climate Prediction Center (CPC) merged analysis 
precipitation (CMAP) version 12.01 product (Xie and Arkin 
1997) are also used in this study to characterize the observed 
precipitation. Both datasets rely on satellite observations and 
rain gauge data with a spatial resolution of 2.5° × 2.5° span-
ning from 1979 to present day. We employ both GPCP and 
CMAP to represent the uncertainty in observations.

The monthly output of precipitation, radiation fluxes, air 
temperature, geopotential height, specific humidity, near-
surface air temperature, and near-surface specific humid-
ity from the historical experiment of 20 CMIP5 (Taylor 
et al. 2012) models and their respective updated versions in 
CMIP6 (Eyring et al. 2016) are analyzed (Table 1). Only the 
first realization of each model is analyzed. All the data are 
regridded to 2.5 ◦× 2.5 ◦ by using second-order conservative 
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interpolation (Jones 1999). To highlight the biases in the 
spatial distribution of tropical precipitation, the tropical 
mean precipitation simulated by each model has been scaled 
to the GPCP observation before further analysis. This scal-
ing approach is formulated as below:

where Pscaled is the scaled precipitation, PSIM is the precipita-
tion simulated by the models, POBS is the observed precipita-
tion, and the overbar 

−
∗ indicates the tropical spatial mean. 

This scaling is equivalent to the normalization of tropical 
precipitation (Kim et al. 2021; Li and Xie 2014), but keeps 
the magnitude and unit of precipitation.

2.2  Definition of two sub‑ensemble

To identify some potential improvement in individual 
models from CMIP5 to CMIP6, we defined the top ten 
model ensemble (TOP10) and bottom ten model ensemble 
(BOT10) of CMIP5 (CMIP6) and contrasted them with the 
multi-model ensemble (MME) of all the 20 models used in 
this work. The TOP10 of CMIP5 (CMIP6) is defined as the 
ensemble of the ten CMIP5 (CMIP6) models with largest 
reduction in the spatial root mean square error (RMSE) of 
the tropical precipitation from CMIP5 to CMIP6, while the 

(1)P
scaled

= P
SIM

⋅

P
OBS

P
SIM

,

BOT10 contains other ten models in the CMIP5 (CMIP6). 
Table 2 shows the RMSE of these models and their RMSE 
changes from CMIP5 to CMIP6.

2.3  Method for identifying the leading modes 
of the “double ITCZ” biases

To clearly separate the symmetric and anti-symmetric com-
ponents of spread, the scaled zonal mean tropical precipita-
tion biases of CMIP5 and CMIP6 models are decomposed 
into the antisymmetric and symmetric components. The 
formula of this decomposition is as follows,

where F(�) is the zonal mean bias field, � represent the lati-
tude; S(�) = (F(�) + F(−�))∕2 , which is the symmetric com-
ponent of the F(�) ; A(�) = F(�) − S(�) , which represents 
the antisymmetric component. It can be demonstrated that:

where � represent the latitude. Therefore, the tropical 
integral of the mean square of the CMIP6 biases can be 
equivalently separated into antisymmetric and symmetric 
components:

where n = 40 is the number of the models we used. Note 
that, different with Kim et al. (2021), our decomposition 
here is applied to the biases relative with the GPCP observa-
tion, rather than to the inter-model spread.

On the basis of this decomposition, we respectively per-
formed an EOF analysis on the antisymmetric and sym-
metric parts of the biases among the 40 models to identify 
the leading modes of the“double ITCZ” biases. Traditional 
inter-model EOF analysis always removed the multi-model 
ensemble mean to characterize the inter-model spread (Kim 
et al. 2021; Li and Xie 2012, 2014). Since our objective here 
is to quantify the model biases with respect to observations, 
the MME biases are retained in our EOF analysis. As a result, 
the absolute value of the principal components (PCs) from 
these EOF analyses could reflect the amplitude of each mod-
el's biases. The sign of each PCs determines the sign of the 
corresponding EOF pattern of the biases.

2.4  Atmospheric energy balance

The inter-hemispheric asymmetry and the width of the simu-
lated tropical precipitation are respectively determined by the 

(2)F(�) = A(�) + S(�),

(3)∫
�

6

−
�

6

S(�) × A(�)d� = 0
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�
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Table 1  The information of the 20 CMIP5 and CMIP6 models used 
in this study

CMIP6 Models CMIP5 Models Institute/Country

ACCESS-CM2 ACCESS1-3 CSIRO/Australian
BCC-CSM2-MR bcc-csm1-1-m BCC-CMA/China
BCC-ESM1 bcc-csm1-1 BCC-CMA/China
CanESM5 CanESM2 CCCMA/Canada
CESM2 CESM1-CAM5 NCAR/USA
CESM2-WACCM CESM1-WACCM NCAR/USA
CMCC-ESM2 CMCC-CESM CMCC/Italy
CNRM-CM6-1 CNRM-CM5 CNRM-CERFACS/France
FGOALS-f3-L FGOALS-s2 LASG-IAP/China
FGOALS-g3 FGOALS-g2 LASG-IAP/China
GFDL-CM4 GFDL-CM3 GFDL-NOAA/USA
GFDL-ESM4 GFDL-ESM2M GFDL-NOAA/USA
GISS-E2-1-G GISS-E2-R GISS-NASA/USA
GISS-E2-1-H GISS-E2-H GISS-NASA/USA
INM-CM5-0 inmcm4 INM/Russia
IPSL-CM6A-LR IPSL-CM5A-LR IPSL/France
MIROC6 MIROC5 MIROC/Japan
MRI-ESM2-0 MRI-ESM1 MRI/Japan
NorESM2-LM NorESM1-M NCC/Norway
UKESM1-0-LL HadGEM2-ES MOHC/UK
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annual mean and the seasonal reversion of the atmospheric 
cross-equatorial energy transport. To calculate the atmospheric 
cross-equatorial energy transport, we utilized the formulation 
of the atmospheric energy balance (Liu et al. 2022; Loeb et al. 
2016; Trenberth et al. 2019).

Ignoring the small kinetic energy, the vertically integrated 
atmospheric energy balance can be written as follows (Peixoto 
and Oort 1992):

(5)∇ ⋅ AET = F
net

−
�⟨E⟩

�t
,

where AET = ⟨�⃗vh⟩ is the atmospheric energy transport, �⃗v is 
the horizontal wind, h = cpT + gz + Lq denotes the moist 
static energy (MSE), �⟨E⟩

�t
 is the energy storage term, where 

E = cpT + Lq is the moist enthalpy of the atmosphere, ⟨∗⟩ 
indicates a mass-weighted vertical integral for the atmos-
phere column, i.e., 1

g
∫ Ps

Pt
∗ dp , where Ps is the pressure at the 

surface (varying with the coordinate of latitude and longi-
tude) and Pt is pressure at the top of the troposphere 
(100 hPa), and Fnet is the net energy input from the top of 
atmosphere (TOA) and surface. Fnet could be further divided 
as follows:

Table 2  The tropical 
precipitaiton RMSE of the 20 
pairs of CMIP5 and CMIP6 
models and their changes from 
CMIP5 to CMIP6. The names 
and RMSEs of CMIP6 models 
are in the brackets. Model pairs 
are ordered according to the 
RMSE changes from CMIP5 
to CMIP6 (from negative to 
positive). The bold text denotes 
the TOP10 models

CMIP5(CMIP6)
Model Pairs

RMSE of CMIP5(CMIP6) Models 
(units: mmday−1)

RMSE change from CMIP5 
to CMIP6 (units: mmday−1)

GFDL-CM3
(GFDL-CM4)

1.638
(1.164)

-0.474

CESM1-WACCM
(CESM2-WACCM)

1.433(1.082) -0.351

bcc-csm1-1-m
(BCC-CSM2-MR)

1.935(1.585) -0.35

CMCC-CESM
(CMCC-ESM2)

1.709(1.394) -0.315

CESM1-CAM5
(CESM2)

1.325(1.039) -0.286

MRI-ESM1
(MRI-ESM2-0)

1.789(1.506) -0.284

GFDL-ESM2M
(GFDL-ESM4)

1.566(1.293) -0.274

MIROC5
(MIROC6)

1.288(1.068) -0.221

FGOALS-s2
(FGOALS-f3-L)

1.839(1.641) -0.198

inmcm4
(INM-CM5-0)

1.841(1.657) -0.184

IPSL-CM5A-LR
(IPSL-CM6A-LR)

1.834(1.651) -0.183

NorESM1-M
(NorESM2-LM)

1.516(1.346) -0.17

GISS-E2-H
(GISS-E2-1-H)

1.894(1.744) -0.15

CanESM2
(CanESM5)

1.633(1.498) -0.135

ACCESS1-3
(ACCESS-CM2)

1.566(1.526) -0.04

GISS-E2-R
(GISS-E2-1-G)

1.717(1.687) -0.03

CNRM-CM5
(CNRM-CM6-1)

1.492(1.472) -0.02

bcc-csm1-1
(BCC-ESM1)

1.62(1.6) -0.02

HadGEM2-ES
(UKESM1-0-LL)

1.394(1.376) -0.019

FGOALS-g2
(FGOALS-g3)

1.47(2.076) 0.606
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where SWA is the total solar radiation absorbed by the 
atmosphere; LWC is the net longwave radiation cooling of 
the atmosphere, which is negative if longwave radiation is 
cooling the atmosphere; STF denotes the surface turbulent 
heating flux.

The observed surface turbulent heating flux ( STF ) is 
estimated using the residual method, which calculates the 
STF as difference between the net radiative input (from 
CERES EBAF; Kato et al. 2018; Loeb et al. 2018) and 
the total column atmospheric energy divergence and ten-
dency (from mass-corrected ERA5; Mayer et al. 2021). In 
contrast to the observation, the simulated STF is directly 
obtained from the CMIP6 model output of surface energy 
budget, calculated as the sum of surface sensible and 
latent heating fluxes. Instead, the simulated ∇ ⋅ AET  is 
calculated as the residual of the net energy input Fnet and 
the total energy tendency �⟨h⟩

�t
 , for the coarse temporal 

resolution to resolve transient eddies.
The southward cross-equatorial atmospheric energy 

transport can be expressed in terms of the inter-hemi-
spheric contrast of atmospheric heating and the energy 
storage term (Donohoe et al. 2013). Based on the formula 
(5) , a formulation similar to Donohoe et al. (2013) is used 
to decompose the cross-equatorial atmospheric energy 
transport into the inter-hemispheric contrast of the atmos-
pheric heating:

where [∗] denotes the inter-hemispheric contrast, which is 
half the spatial integral of the Northern Hemisphere minus 
that in the Southern Hemisphere, as represented below:

where � denotes the longitude, � represents the latitude, 
AETEQ = [∇ ∙ AET] is the southward oriented cross-equato-
rial atmospheric energy transport, which is positive when the 
atmosphere transport energy from the Northern Hemisphere 
to the Southern Hemisphere.

2.5  Seasonal contrast and local seasonal contrast

The seasonal contrast ‖ ∗ ‖ is defined as the difference 
between the mean of boreal summer half year (MJJASO: 
May, June, July, August, September, and October) and 
boreal winter half year (NDJFMA: November, December, 
January, February, March, and April). The formula of ‖ ∗ ‖ 
is shown as follow:

(6)Fnet = SWA + LWC + STF,

(7)AETEQ = [SWA] + [STF] + [LWC] −
�

�⟨E⟩

�t

�

,

(8)[∗] =
1

2
R
2

(

∫
�∕2

0
∫

2�

0

∗ cos�d�d� − ∫
0

−�∕2∫
2�

0

∗ cos�d�d�

)

.

Applying formula (8) onto formula (6) , we get the inter-
hemispheric energy budget of the seasonal contrast:

Correspondingly, the local seasonal contrast ‖ ∗ ‖L is 
defined as the difference between local summer half year 
and local winter half year.

where f  is any horizontal physical field, � denotes the lon-
gitude, � represent the latitude. The positive (negative) 
‖f (�, �)‖L means the f (�, �) in the summer (winter) half 
year is more positive than that in the local winter (sum-
mer) half year. Note that the seasonal contrasts of the inter-
hemispheric contrast are equal to the global integral of the 
local seasonal contrasts:

Based on above equation, we could attribute the terms 
in the inter-hemispheric energy budget of the seasonal con-
trast ( ‖ ∗ ‖ ) onto the local seasonal contrasts ( ‖ ∗ ‖L ) on the 
regional scale.

3  Results

3.1  Tropical precipitation bias in the CMIP5 
and CMIP6

To evaluate the improvement from CMIP5 to CMIP6 models in 
the simulation of tropical precipitation, we first show the obser-
vation and multi-model ensemble mean (MMEM) of scaled 
tropical precipitation of CMIP5 and CMIP6 models (Fig. 1). 
In the GPCP observation, ITCZ shows as a narrow rain belt 
over the Atlantic and eastern Pacific region, and is located at 
the north of the equator. Within the Indo-Pacific warm pool, the 
location of ITCZ shifts from 20°N in the boreal summer to 8°S 
in the boreal winter, which prompts an expansive precipitation 
distribution between 60°E to 180° (Fig. 1a). The observed pat-
tern of tropical precipitation in the GPCP is consistent with that 
in the CMAP, with a pattern correlation of 0.96, ensuring the 
robustness of the observational precipitation (Fig. 1b).

(9)‖ ∗ ‖ =

∑

MJJASO
(∗) −

∑

NDJFMA
(∗)

6
.

(10)

‖AETEQ‖ = ‖[SWA]‖ + ‖[STF]‖ + ‖[LWC]‖ − ‖

�

�⟨h⟩

�t

�

‖.

(11)

‖f (�, �)‖L =

�
∑

MJJASO (f (�,�))−
∑

NDJFMA (f (�,�))

6
, � ∈ (0◦, 90◦N]

∑

NDJFMA (f (�,�))−
∑

MJJASO (f (�,�))

6
, � ∈ [90◦S, 0◦)

(12)∫
�∕2

−�∕2 ∫
2�

0

‖f (�, �)‖Lcos�d�d� = ‖

�

f (�, �)
�

‖,
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Both the CMIP5 and CMIP6 models well reproduce the 
spatial distribution of observed tropical precipitation, with 
a pattern correlation coefficient (PCC) of 0.85 (0.89) rela-
tive to GPCP observation in the CMIP5 (CMIP6) MMEM. 
Compared to the CMIP5 MMEM, there is an improvement 
in the performance of tropical precipitation in the CMIP6 
MMEM. The root-mean-square error (RMSE) decreases 
from 0.41 mmday−1 in CMIP5 to 0.31 mmday−1 in CMIP6 
(Fig. 1c, d). On the regional scale, the North Pacific ITCZ 

displays insufficient strength over the eastern Pacific in 
the CMIP5 MMEM, while the South Pacific Conver-
gence Zone (SPCZ) extends excessively towards the east 
(Fig. 1c). The equatorial Pacific cold tongue, indicated by 
the relatively small precipitation over the Pacific equa-
tor, appears to extend erroneously to the west in contrast 
to the observation. These features comprise the notorious 
Pacific "double ITCZ" bias in the CMIP5 models. Addi-
tionally, the ITCZ over the Nouth Atlantic is weaker than 

Fig. 1  Scaled annual mean precipitation (unit: mmday−1 ) in the trop-
ics (20°S to 20°N) from (a) GPCP observation, b CMAP observa-
tion, c CMIP5 MMEM, d CMIP6 MMEM, e CMIP5 TOP10 mean, 
f CMIP6 TOP10 mean, g CMIP5 BOT10 mean, h CMIP6 BOT10 
mean. The deep pink (cyan) contour shows the 2,6 mmday−1 contour 

of GPCP (CMAP and simulations) precipitation. The pattern cor-
relation coefficient (PCC) and root-mean-square error (RMSE; unit: 
mmday−1 ) of the spatial pattern relative to GPCP is labeled at the 
right top of (b-h)
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the observation, whereas the South Atlantic exhibits unre-
alistic large rainfall (Fig. 1c). The large-value center of the 
South Indian Ocean Convergence Zone (SIOCZ) errone-
ously lies in the central Indian Ocean, rather than west of 
Sumatra as in the observation. In the CMIP6 MMEM, the 
eastward extension of SPCZ and westward shift of SIOCZ 
are partly alleviated (Fig. 1d).

To identify the potential improvement that may be 
masked by the whole ensemble average, we further exam-
ined the tropical precipitation in the ensemble mean of 
TOP10 and BOT10 of CMIP5 and CMIP6. For the mean of 
CMIP5 TOP10, the tropical precipitation is similar with the 
MMEM with a PCC of 0.82 and a RMSE of 0.47 mmday−1 
relative to GPCP observation (Fig. 1e). For the CMIP6 
TOP10, the PCC increases to 0.9, and RMSE decreases to 
0.22 mmday−1 (Fig. 1f). The main progress of the TOP10 
models happened in the Pacific. The rainfall deficit in the 
western equatorial Pacific and North Eastern Pacific and the 

surplus rainfall in the east of SPCZ are significantly reduced 
in CMIP6 (Fig. 1e, f). In contrast to the apparent improve-
ment seem in the TOP10, the BOT10 in CMIP6 still shows 
systematic precipitation errors similar to those in CMIP5, 
with the PCC and RMSE remaining around 0.86 and 0.4 
mmday−1 , respectively (Fig. 1g, h).

To further quantify the bias in the tropical precipitation 
distribution, we show the difference in the scaled precipi-
tation between CMIP5 MMEM and GPCP observation. 
The CMIP5 models feature a typical “double ITCZ” bias 
in the MMEM with positive precipitation bias greater than 
3 mmday−1 and 2.5 mmday−1 over the southern Pacific and 
Atlantic, respectively. Conversely, the models underestimate 
precipitation in the equatorial Western Pacific and North 
Eastern Pacific regions, west of Panama, by more than 2 
mmday−1 (Fig. 2a). In the Indian Ocean, the MMEM bias 
in the precipitation shows a latitudinal dipolar pattern, with 
an underestimation of 2 mmday−1 west of Sumatra, and an 

Fig. 2  Scaled annual mean precipitation in the tropics for a the bias 
in CMIP5 MMEM relative to GPCP observation, b The change from 
CMIP6 MMEM to CMIP5 MMEM. c the bias in the zonal mean 
precipitation of CMIP5 MMEM (red profile) and the change from 
CMIP5 MMEM to CMIP6 MMEM (bars). Stippling denotes the area 
where at least 80% models agree on the sign of biases. shading and 

error bars in (c, f, i) respectively denote the interquartile range of 
CMIP5 models and the change from CMIP5 to CMIP6. d-f and (g-i) 
are same as (a-c), but for the mean of two sub-ensemble of CMIP5 
(CMIP6) models, i.e. TOP10 and BOT10. The deep pink contour 
shows the 2,6 mmday−1 contour of GPCP precipitation
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overestimation of 2 mmday−1 east of Africa (Fig. 2a). This 
Indian Ocean dipole bias mode has been traced back to 
errors in the South Asian summer monsoon (Li et al. 2015b).

The MMEM difference between CMIP6 and CMIP5 
shows that, the positive biases in the southern Pacific and 
Atlantic are reduced by more than 0.8 mmday−1 (about 30% 
of the bias in CMIP5) and 0.4 mmday−1 (about 20% of the 
bias in CMIP5), respectively, within the major biased region 
(Fig. 2b). Additionally, the negative bias near the Panama 
is alleviated by more than 1.2 mmday−1 (about 60% of the 
bias in CMIP5) (Fig. 2b). Figure 2c exhibits the zonal mean 
precipitation bias of CMIP5 MMEM (red lines), and the 
change from CMIP5 to CMIP6 (bars). The meridional error 
pattern of the CMIP5 MMEM shows a typical hemispheri-
cal anti-symmetric mode that underestimates the inter-hemi-
spheric contrast of tropical precipitation (Fig. 2c). Although 
the pattern of bias persists in the CMIP6, the magnitude of 
this latitudinal error is partly alleviated by about 20% in the 
CMIP6 (Fig. 2c). In summary, there is significant progress 
on MMEM precipitation between the two CMIP phases, 
however, for most regions the amount of progress is limited.

To reveal the potential improvement in certain models, 
we further investigated the precipitation bias in the TOP10 
mean of CMIP5 and its change from CMIP5 to CMIP6. The 
error pattern of CMIP5 TOP10 shows similarity with the 
MMEM (Fig. 2d), with the most eminent bias occurring 
in the southern Pacific. In contrast to the limited improve-
ment from CMIP5 to CMIP6 in the whole ensemble mean, 
the CMIP6 mean of TOP10 shows large alleviation over 
the Tropics in comparison with CMIP5, especially over the 
Pacific (Fig. 2e). The large-value center of positive bias over 
the Southeast Pacific of TOP10 mean in CMIP5 exceeds 
3.5 mmday−1 . While, in CMIP6, it is reduced by more than 
1.6 mmday−1 , which is nearly 50% of the bias in CMIP5 
(Fig. 2d, e). The zonal mean precipitation bias of CMIP5 
TOP10 shows deficit of precipitation over the northern Trop-
ics and equator, and excessive rainfall over the southern 
Tropics (Fig. 2f). The magnitude of these biases is allevi-
ated by about 50% in the CMIP6 (Fig. 2f). Different with the 
TOP10 models, the BOT10 bias in CMIP5 roughly persists 
in CMIP6 (Fig. 2g, h). Additionally, the width of BOT10 
tropical precipitation seems to be further overestimated 
in CMIP6, with negative change over the deep-tropics of 
Pacific, and positive change in the poleward flanks of ITCZ 
and SPCZ (Fig. 2h, i).

In summary, from the perspective of pattern compari-
son, the CMIP6 models generally better catch the observed 
tropical precipitation than those in CMIP5. Significant 
improvement happened in the top ten models with larger 
reduction in the RMSE (TOP10). In contrast, the bottom 
ten models with smaller RMSE reduction (BOT10) show 
similar bias pattern in CMIP5 and CMIP6.

From the above results, it is clear that the tropical rain-
fall bias is characterized by a complex spatial distribution. 
To objectively depict the amplitude and spatial distribution 
of the zonal mean precipitation biases of the CMIP5 and 
CMIP6 models, the anti-symmetric and symmetric EOF 
analysis for zonal mean precipitation were used to extract 
the main bias features (Fig. 3). we first show the meridional 
distribution of the mean square of the zonal mean precipita-
tion bias and its antisymmetric and symmetric components. 
The mean square of bias has bimodal peaks with a mini-
mum of 0.09 mm2∕day2 at 2.5°S (Fig. 3a). The peak in the 
NH (SH) locates at the 5°N (7.5°S) with a value of 0.54 
(0.6) mm2∕day2 . Poleward of these two peaks, the mean 
square decreases with increasing latitude. Furthermore, the 
bias could be divided into antisymmetric and symmetric 
components, with the total mean square being conservative 
(see Sect. 2.3). The antisymmetric component contributes 
68.4% of the total mean square, with the peak of it locating 
at the 7.5°N and 7.5°S (blue bars in Fig. 3a). In contrast, the 
symmetric component contributes 31.6% of the total mean 
square, with its maximum at 0°, and two local peaks at 10°N 
and 10°S (magenta bars in Fig. 3a).

To clearly extract the antisymmetric and symmetric 
modes of the tropical precipitation biases, we respectively 
applied an EOF analysis to the antisymmetric and symmet-
ric components of the scaled zonal-mean tropical precipita-
tion biases (see Sect. 2.3). The first mode of antisymmet-
ric (symmetric) component is denoted as ASYM (SYM), 
which explained 59.1% (19.5%) of the total mean square 
(Fig. 3b), and the corresponding PC is named ASYM-PC 
(SYM-PC) (Fig. 4). The ASYM represents the bias in the 
inter-hemispheric contrast of the tropical precipitation 
(Fig. 3b). Positive (negative) ASYM-PC indicates that the 
model overestimates (underestimates) the contribution of the 
Southern Hemisphere to the total tropical precipitation. the 
SYM characterizes the erroneous meridional expansion of 
the tropical precipitation (Fig. 3b). Positive (negative) SYM-
PC indicates that the model overestimates (underestimates) 
the width of the meridional tropical precipitation distribu-
tion. To reveal the spatial patterns of tropical precipitation 
bias explained by the two leading modes, we regressed the 
inter-model spread of tropical precipitation distribution onto 
the ASYM-PC and SYM-PC. The regression pattern onto 
ASYM-PC shows a significant inter-hemispherical asymme-
try of precipitation over the tropics, which is characterized 
by heavier rainfall in the Pacific ITCZ, north to the equator, 
and weaker rainfall in the Southeast Pacific where the tradi-
tional research on “double ITCZ” problem have focused on 
(Mechoso et al. 2016; Fushan et al. 2005; Lin 2007; Song 
and Zhang 2016; Si et al. 2021) (Fig. 3c). In contrast to 
ASYM-PC, the regression pattern onto SYM-PC shows 
heavier precipitation over the deep-tropics, and weaker pre-
cipitation over the poleward flanks of the main tropical rain 



Understanding the alleviation of “Double‑ITCZ” bias in CMIP6 models from the perspective of…

belts, such as North Pacific ITCZ, SACZ (South Atlantic 
Convergence Zone), SPCZ, and SIOCZ. The SYM indicates 
a shift of precipitation towards the equator (Fig. 3d).

Above analyses suggest that the bias in zonal mean tropi-
cal precipitation of CMIP6 models can be well represented 

by the antisymmetric and symmetric bias modes with a total 
explained mean square of 78.6%. Further pattern regressions 
onto the ASYM-PC and SYM-PC show that the antisym-
metric bias mode reflects precipitation contrast between 
the North Pacific ITCZ and the Southeast Pacific; and the 

Fig. 3  a The meridional distribution of the mean square of the biases 
in the zonal mean precipitation of CMIP5 and CMIP6 models (black 
short line), and its symmetric (magenta) and antisymmetric (blue) 
components. The percentages of their respective contributions to the 
total mean square are labeled in the upper left legend. b The first EOF 
modes of the antisymmetric (ASYM; blue) and symmetric (SYM; 

magenta) components of the CMIP6 zonal mean precipitation bias. 
Their contribution to the total mean square are labeled in the legend. 
Regression patterns of scaled precipitation onto (c) ASYM-PC, d 
SYM-PC. The stippled regions in (c, d) represent where the regres-
sion is significant at the 99.9% confidence level
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symmetric mode reflects the width of precipitation in the 
tropical Pacific, which is linked to the seasonal migration 
of ITCZ.

To quantify the changes in the zonal mean tropical precip-
itation bias, we show the ASYM-PC and SYM-PC of indi-
vidual CMIP5 models and their new versions in CMIP6. The 
absolute values of ASYM-PC and SYM-PC of the TOP10 
models in CMIP6 are all smaller than those in CMIP5 (bars 
in Fig. 4). In contrast, from CMIP5 to CMIP6, 6 (4) of the 
10 BOT10 models show a decrease in the absolute value of 
ASYM-PCs (SYM-PCs) (bars in Fig. 4).

The MMEM ASYM-PC of the CMIP5 (CMIP6) is 0.95 
(0.72), with an interquartile range from 0.76 to 1.3 (0.38 
to 1.1) (boxplots in Fig. 4a). The MMEM ASYM-PC in 
CMIP5 is reduced by 24% in CMIP6. The TOP10 mean 
ASYM-PC in CMIP5 is 0.97 (interquartile range from 0.59 
to 1.52), while in CMIP6 it is 0.44 (interquartile range from 
0.02 to 0.63). The TOP10 mean ASYM-PC is reduced by 
54% in CMIP6 compared to CMIP5. As opposed to TOP10, 
the BOT10 ASYM-PC in CMIP6 is 1.0 (with an interquar-
tile range of 0.64 to 1.4), which is 0.06 higher than that in 
CMIP5 (with an interquartile range of 0.8 to 0.95). Above 

results indicate that the antisymmetric bias in tropical pre-
cipitation has been reduced from CMIP5 to CMIP6, and this 
reduction is primarily due to the alleviation in the TOP10, 
i.e. the ten models with largest alleviation in the RMSE.

The MMEM SYM-PC is 0.52 in CMIP5 (with an inter-
quartile range of 0.0 to 1.3) and decreased to 0.34 in CMIP6 
(with an interquartile range of 0.17 to 0.86) (boxplots in 
Fig. 4b). Although the MMEM is reduced from CMIP5 to 
CMIP6, both MMEMs of CMIP5 and CMIP6 fall within the 
interquartile range of each other. Additionally, the alleviation 
in the MME median of SYM-PC is weak, only decreasing 
from 0.70 in CMIP5 to 0.65 in CMIP6. Thus, the improve-
ment of MMEM SYM-PC is contributed by individual 
models, rather than a general improvement in the majority 
of models. Different with MME, the SYM-PC of TOP10 
(BOT10) shows significant alleviation (exacerbation). The 
TOP10 (BOT10) mean SYM-PC in CMIP5 is 1.22 (-0.18), 
and in CMIP6 it is 0.28 (0.41), with an interquartile range of 
1.12 to 1.47 (-0.85 to 0.43) and -0.02 to 0.66 (0.44 to 0.92), 
respectively. The TOP10 mean SYM-PC is reduced by 77% 
in CMIP6 compared to CMIP5, and the absolute value of 
BOT10 mean SYM-PC is enlarged by 122%.

Fig. 4  a the ASYM-PC of model pairs with prior versions in CMIP5 
(red) and new versions in CMIP6 (blue, model name in the brackets). 
Bars show the PCs of individual model. Models are ordered accord-
ing to the RMSE changes from CMIP5 to CMIP6 (from negative to 
positive). The boxes show the median and 25th to 75th percentiles of 
model ensemble, black short line in the boxes denotes the ensemble 

mean, whiskers denote the minimum and maximum. The boxplots of 
MME (ensemble of all 20 models), TOP10 (the ten most improved 
models from CMIP5 to CMIP6), and BOT10 (the ten least improved 
models from CMIP5 to CMIP6) of CMIP5 (red boxplots) and CMIP6 
(blue boxplots) are shown in the right part. b as (a), but for the SYM-
PC
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In summary, The ASYM-PC, which reflects the bias in 
the hemispheric contrast of tropical precipitation, is gener-
ally alleviated from CMIP5 to CMIP6. This improvement 
is predominantly due to the changes in the TOP10 models. 
The TOP10 mean of ASYM-PC is reduced by 54% from 
CMIP5 to CMIP6. Furthermore, the SYM-PC, indicating 
the bias in the width of tropical precipitation, shows no sig-
nificant improvement in the whole model ensemble between 
two phases of CMIP. While the TOP10 mean SYM-PC is 
largely reduced by 77% from CMIP5 to CMIP6.

3.2  Atmospheric energetics underlying the bias 
in hemispheric contrast of tropical precipitation

The hemispheric contrast of tropical precipitation is con-
strained by the cross-equatorial atmospheric energy trans-
port ( AETEQ ). To explore the possible mechanism behind the 
antisymmetric biases of tropical precipitation, we analyzed 

the correlation between ASYM-PC and the biases in the 
annual mean cross-equatorial atmospheric energy transport 
for both CMIP5 and CMIP6 models. The result shows that 
the inter-model spread of ASYM-PC is significantly cor-
related with the annual mean AETEQ with R = -0.7 when 
excluding two outlier model pairs (Fig. 5a). We also exam-
ined the relationship between the changes of ASYM-PC and 
AETEQ from CMIP5 to CMIP6. Their changes show a sig-
nificant inter-model correlation with R = -0.88, indicating 
that the alleviation in the tropical precipitation hemispheric 
contrast may stem from the more realistic atmospheric ener-
getics in a subset of the CMIP6 models (Fig. 5b).

There are six model pairs of the TOP10 with negative 
CMIP5-to-CMIP6 changes in the ASYM-PC and positive 
changes in the AETEQ . They are GFDL-CM3 (GFDL-
CM4), CMCC-CESM (CMCC-ESM2), CESM1-CAM5 
(CESM2), MRI-ESM1 (MRI-ESM2-0), GFDL-ESM2M 
(GFDL-ESM4), and inmcm4 (INM-CM5-0) (triangles in 

Fig. 5  a Scatter plot between 
ASYM-PC and annual mean 
southward cross-equatorial 
atmospheric energy transport 
( AETEQ ) bias of the CMIP5 
(red) and CMIP6 (blue) models. 
b Scatterplot between changes 
in the ASYM-PC and AETEQ 
from CMIP5 version to CMIP6 
version for each model pairs. 
The highlight (triangle) denotes 
the six TOP10 models with 
negative changes in the ASYM-
PC and positive changes in the 
AETEQ from CMIP5 to CMIP6, 
the big triangles show the mean 
of them. The black solid line 
marks the least squares linear 
fit across all model experiments 
with correlation coefficient 
labeled at the right top. The 
asterisk indicates regression sig-
nificant at the 99% confidence 
level, while the double asterisk 
indicates regression significant 
at the 99.9% confidence level. 
Linear regression and correla-
tion coefficients in (a, b) are 
calculated when excluding 
CESM1-WACCM (CESM2-
WACCM) and FGOALS-s2 
(FGOALS-f3-L) models (plus 
signs)
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Fig. 5). The mean ASYM-PC of the six models is 1.14 in 
CMIP5 and decreases to 0.53 in CMIP6, which is reduced by 
54% (Fig. 5). The ASYM-PC changes of the six highlighted 
model pairs account for the bulk changes of TOP10. Cor-
respondingly, the AETEQ bias of the mean of the six models 
is -0.38 PW in CMIP5 and decreased to -0.16 PW in CMIP6, 
which is reduced by 58% (Fig. 5). The alleviation of ASYM-
PC in TOP10 models is associated with the reduction of 
AETEQ bias.

To further understand the contribution of different atmos-
pheric heating terms to the reduction of the AETEQ bias 
from CMIP5 to CMIP6 in the TOP10, we diagnosed the 
closed interhemispheric energy budgets (see Sect. 2.4) of 
the observation, and the aforementioned six TOP10 model 
pairs selected by the sign of CMIP5-to-CMIP6 changes of 
ASYM-PC (negative) and AETEQ (positive). The observed 
southward cross-equatorial atmospheric energy transport 
AETEQ is 0.33PW (hollow green bars in Fig.  6a). The 
observed hemispheric contrast of SWA (total solar radiation 
absorbed by the atmosphere) and LWC (net atmospheric 
cooling by longwave radiation) are, respectively, 0.49 PW 
and 0.37 PW, implying that the solar (longwave) radiation 
in the Northern Hemisphere (Southern Hemisphere) heats 
(cools) the atmosphere by 0.98 PW (0.74 PW) more than 
that in the Southern Hemisphere (Northern Hemisphere) 
(Fig. 6a). Against to the [SWA] and [LWC] , the hemispheric 
contrast of STF (surface turbulent heat flux) is -0.53 PW, 
which means the surface turbulent heat flux in the Southern 
Hemisphere heats the atmosphere by 1.06 PW more than 
that in the Northern Hemisphere (Fig. 6a). The hemispheric 
contrasts in the SWA , LWC , and STF are largely compen-
sated, and their net budget determines the cross-equatorial 
atmospheric energy transport in the observation.

For the mean of the six highlighted TOP10 models, the 
cross-equatorial energy transport is -0.05 PW in CMIP5, 
which is underestimated by 0.38 PW compared to the obser-
vation, and this underestimation is mainly contributed by the 
[STF] (-0.23 PW), and the [SWA] (-0.11 PW) (Fig. 6a and b). 
In CMIP6, there is an increase of 0.21 PW in AETEQ com-
pared to CMIP5. The mean AETEQ in CMIP6 approaches 
42% of observed value. It is worth noting that 55% of the 
increase in AETEQ could be attributed to the alleviation of 
the negative [STF] bias, which is decreased by 0.12 PW.

In summary, above analyses suggest that the improve-
ment of the annual mean AETEQ in the TOP10 models from 
CMIP5 to CMIP6 mainly stems from the decreased negative 
bias in [STF].

To identify the regional sources contributing to the 
reduction of the [STF] bias in the aforementioned six 
TOP10 model pairs from CMIP5 to CMIP6, we compared 
the STF pattern simulated by them with the observa-
tion and analyzed the differences between the two CMIP 
phases. In the observation, the zonal integrals of STF 

feature a minimum near the equator, peak at the 10°N and 
15°S, and decreases with the growing latitudes at higher 
latitudes (lines in Fig. 7a). Tropical (extratropical) STF 
in the Southern Hemisphere is higher (lower) than in the 
Northern Hemisphere (bars in Fig. 7a; b). In the Trop-
ics (5° ~ 30°), the higher STF in the Southern Hemisphere 
compared to the Northern Hemisphere is largely due to 
the contrast between the Afro-Asia regions and the South 
Indian Ocean Convergence Zone, as shown in Fig. 6b. In 
the extra-tropical region (30° ~ 70°), the hemispheric dif-
ference in the STF is dominated by the northward cross-
equatorial heat transport of the oceanic meridional over-
turning circulation (MOC) (Frierson et al. 2013). This 

Fig. 6  a Annual mean interhemispheric energy budget for the obser-
vation (hollow green bars) and the six highlighted models in TOP10 
in CMIP5 (red bars) and CMIP6 (blue bars). The six highlighted 
model pairs all feature negative CMIP5-to-CMIP6 changes in the 
ASYM-PC and positive changes in the AETEQ . According to the 
formulation of the interhemispheric energy budget, the annual mean 
cross-equatorial energy transport ( AETEQ ) is determined by the hemi-
spheric contrasts (see Method for the definition) in three kinds of the 
atmospheric heating: surface turbulent heat flux ( [STF] ), total solar 
radiation absorbed by the atmosphere ( [SWA] ), net atmospheric cool-
ing by longwave radiation ( [LWC] ). The positive value in this budget 
means the corresponding heating process heats (cools) the atmos-
phere in the Northern hemisphere more (less) than in the Southern 
Hemisphere. The error bars show the 10th to 90th percentiles of 
model ensembles. b as (a), but for the model bias with respect to 
observation. The differences between CMIP6 and CMIP5 are shown 
by the purple bars
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MOC linked deep water production in the North Atlan-
tic with the upwelling in the Southern Ocean, and thus 
facilitated the hemispheric difference of extra-tropical STF 
(Fig. 7b).

Compared to observation, the mean of the selected 
CMIP5 models underestimates the zonal integral of STF at 
nearly all the subtropical and extra-tropical latitudes (> 20°) 
(lines in Fig. 7c), and overestimates (underestimates) it in 

Fig. 7  a distance-weighted zonal integral of the observed surface 
turbulent flux ( STF ) inferred by the residual of ERA5 reanalysis 
and CERES radiation product. The brown (sky blue) lines denote 
the Northern Hemisphere NH (Southern Hemisphere SH), bars cor-
respond to NH minus SH difference. b spatial pattern of observed 
STF . c, d same as (a, b), but for the mean bias of the six selected 
TOP10 models, which all feature negative CMIP5-to-CMIP6 changes 

in the ASYM-PC and positive changes in the AETEQ in CMIP5. The 
interquartile range of the six CMIP5 models are denoted by shading 
(brown for SH, cyan for NH) and error bars (SH minus NH differ-
ence) in (c). The stippling in (d) denotes the area where at least five 
in the six models agree on the sign of biases. e, f same as (a, b), but 
for the difference between the CMIP6 and CMIP5
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lower latitudes (5° ~ 20°) of NH (SH). The underestimation 
in the subtropical and extra-tropical region is stronger in NH 
than that in SH, dominating the negative [STF] bias (bars 
in Fig. 7c). Regionally, there is an extensive and consistent 
negative bias in the Northern Hemisphere, especially in the 
regions of Afro-Asia, North Pacific, Gulf Stream, Labrador 
Sea, and Nordic Seas (Fig. 7d). On the other hand, the nega-
tive bias in the Southern Hemisphere exhibits a larger zonal 
contrast. This hemispherically distinct bias pattern results in 
the negative [STF] bias.

Figure 7e, f show the STF pattern change of the afore-
mentioned six models between the two CMIP phases. Com-
pared to CMIP5, the dipole bias in the lower-latitude trop-
ics (0° ~ 20°) gets significant alleviation in CMIP6. This 
improvement may be due to the local feedback of SST and 
surface wind resulting from the ITCZ shift. In the extra-trop-
ical region (30° ~ 70°), the negative bias of zonal integral of 
STF in the NH (SH) is alleviated (enhanced) in CMIP6, and 
thus dominates the significant decrease in the negative [STF] 
bias (Fig. 7e). On the regional scale, the biases in the Labra-
dor Sea, Gulf Stream regions, and Nordic Seas in the NH are 
largely alleviated in CMIP6 (Fig. 7f). These improvements 
reduce the negative STF bias in the Northern Hemisphere. 
In contrast, negative change in STF from CMIP5 to CMIP6 
is observed in the regions over the South Indian and South 
Pacific currents, as well as most seas around Antarctica. 
These changes lead to the enlargement of negative bias in 
Southern Hemisphere.

In summary, the reduction of the [STF] bias in the six 
selected model pairs from CMIP5 to CMIP6 is mainly due to 
a reduction (increase) of the negative STF bias in the extrat-
ropical region of the NH (SH). Regionally, the changes over 
the North Atlantic Ocean and Southern Ocean significantly 
contributes to the decrease of [STF].

3.3  Atmospheric energetics underlying the bias 
in width of tropical precipitation

As opposed to the antisymmetric mode (ASYM), the sym-
metric mode (SYM) represents the width of annual mean 
tropical precipitation. The width of the tropical precipita-
tion corresponds to the range of the seasonal shift of ITCZ 
(Donohoe et al. 2019; Kim et al. 2021). To explore the pos-
sible mechanism underlying the symmetric biases of tropi-
cal precipitation, we examined the correlation coefficient 
between SYM-PC and the bias in the seasonal contrast of 
cross-equatorial atmospheric energy transport ( ‖AETEQ‖ ) 
for both CMIP5 and CMIP6 models (see Sect. 2.5 for the 
definition of seasonal contrast). The inter-model spread 
of SYM-PC is significantly correlated with the ‖AETEQ‖ , 
with R = 0.62 (Fig. 8a). Given the energetics constraint of 
seasonal shift of ITCZ (Donohoe et al. 2019), a smaller 
‖AETEQ‖ implies a weaker seasonal shift of ITCZ, which 

corresponds to a narrower meridional distribution of annual 
mean precipitation in the tropics, and thus a larger SYM-
PC. Note that the linear regression line in the Fig. 8b does 
not pass through the origin of coordinate, which indicates 
that the symmetric mode will be biased even with per-
fect ‖AETEQ‖ . Furthermore, their changes from CMIP5 
to CMIP6 show a significant inter-model correlation with 
R = 0.86. This result suggests that the increased accuracy in 
the simulated width of the tropical precipitation is likely a 
result of changes in the atmospheric energetics in a subset 
of the CMIP6 models (Fig. 8b).

There are six model pairs in the TOP10 with negative 
CMIP5-to-CMIP6 changes in the SYM-PC and negative 
changes in the ‖AETEQ‖ . They are GFDL-CM3 (GFDL-
CM4), bcc-csm1-1-m (BCC-CSM2-MR), CESM1-
CAM5 (CESM2), MRI-ESM1 (MRI-ESM2-0), MIROC5 
(MIROC6), and FGOALS-s2 (FGOALS-f3-L) (triangles in 
Fig. 8). The averaged SYM-PC of the above six model pairs 
is 1.29 in CMIP5 and decreases to -0.04 in CMIP6, which 
is decreased by nearly 103% (Fig. 8). Correspondingly, the 
mean of ‖AETEQ‖ of the six model pairs is negatively biased 
by 0.36 PW in CMIP5, while the negative bias increases to 
0.59 PW in CMIP6, which is increased by 63% from CMIP5 
to CMIP6. The alleviation of SYM-PC of certain models in 
CMIP6 is associated with the enlargement of the negative 
‖AETEQ‖ bias.

To further understand the contribution of different atmos-
pheric heating terms to the seasonal contrast of the cross-
equatorial energy transport ( ‖AETEQ‖ ), we examined the 
closed Hemispheric energy budget for the seasonal contrast 
in both the observation and the aforementioned six TOP10 
models, which is selected by negative changes in ‖AETEQ‖ 
and SYM-PC from CMIP5 to CMIP6. Similar with the 
annual mean AETEQ , the seasonal contrast of AETEQ is 
largely balanced by the seasonal contrasts of the hemispheric 
contrast in STF , SWA , and LWC . However, in the monthly 
time scale, the seasonal change of the atmospheric energy 
storage should not be ignored. Therefore, in the budget of 
seasonal contrast we kept the atmospheric storing term 
‖
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‖ . In the observation, the seasonal contrast of AETEQ 
(3.53 PW) is mainly driven by the seasonal contrast of [SWA] 
(7.7 PW), with all the other heating process compensating 
the solar radiation (hollow green bars in Fig. 9a). The sea-
sonal contrast of [STF] , [LWC] , and −
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 are respectively 
-2.36 PW, -1.85 PW, and 0.05 PW (Fig. 9a).

Both the CMIP5 and CMIP6 versions of the six TOP10 
models selected by ‖AETEQ‖ and SYM-PC well capture the 
bulk of the observed seasonal contrast of hemispheric con-
trast of energy budget (Fig. 9a). The mean ‖AETEQ‖ of the 
six selected models in CMIP5 (CMIP6) is 3.16 (2.94) PW, 
which is 0.36 (0.59) PW lower than the observation. The 
enlargement of negative ‖AETEQ‖ bias from CMIP5 to 
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CMIP6, is dominated by the reduction of positive ‖[STF]‖ 
bias. The mean ‖[STF]‖ is -2.0 PW in CMIP5 and overesti-
mated by 0.36 PW compared to the observation. In contrast, 
the mean ‖[STF]‖ decreases to -2.5 PW in CMIP6, which is 
0.51 PW more negative than in CMIP5 (Fig. 9). 55% of the 
CMIP5-to-CMIP6 change in ‖[STF]‖ is compensated by the 
changes in ‖[SWA]‖ , ‖[LWC]‖ , and ‖

�
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�t

�

‖ , and the remain-
ing 45% is balanced by the change in ‖AETEQ‖ (Fig. 9b).

In summary, the CMIP5-to-CMIP6 enlargement of bias in 
the seasonal contrast of the cross-equatorial energy transport 
( ‖AETEQ‖ ) of the selected six TOP10 models is dominated 
by the ‖[STF]‖.

The seasonal contrasts of the hemispheric con-
trast of any global 2-dimension physical fields (such as 
STF , SWA ), are equal to the global integral of the local 

seasonal contrasts ( ‖ ∗ ‖L ) of these global physical fields 
(see Sect. 2.5). To identify the regional contribution to 
the reduction of ‖[STF]‖ bias of the aforementioned six 
TOP10 models selected by negative changes in ‖AETEQ‖ 
and SYM-PC from CMIP5 to CMIP6, we compared simu-
lated local seasonal contrast of STF ( ‖STF‖L ) with the 
observation and displayed the differences between the two 
CMIP phases. In the observation, the STF over the land 
(ocean) area generally peaks in the local summer (win-
ter), therefore the land (ocean) area typically has positive 
(negative) ‖STF‖L (Fig. 10a). In the Northern Hemisphere, 
the Kuroshio and Gulf regions serve as centers of large 
negative ‖STF‖L (Fig. 10a). The zonal integral of the LSC 
of STF is negative at most latitudes, except the latitudes 
with relatively broad landmass, such as Antarctica, Asia, 
and North America (Fig. 10b).

Fig. 8  a Scatter plot between 
SYM-PC and the seasonal 
contrast of cross-equatorial 
atmospheric energy transport 
( ‖AETEQ‖ ) bias of the CMIP5 
and CMIP6 model pairs. ‖ ∗ ‖ 
denotes the seasonal contrast 
which is defined as the dif-
ference between summer half 
year (May, June, July, August, 
September, and October) and 
winter half year (November, 
December, January, February, 
March, and April). b Scat-
terplot between changes in the 
SYM-PC and ‖AETEQ‖ from 
CMIP5 version to CMIP6 ver-
sion of each model pairs. The 
highlight (triangle) denotes the 
six model pairs in the TOP10 
with negative SYM-PC and 
‖AETEQ‖ changes, the big tri-
angles show the mean of them. 
The black solid line marks the 
least squares linear fit across all 
model experiments with corre-
lation coefficient labeled at the 
right top. The asterisk indicates 
regression significant at the 
99% confidence level, while the 
double asterisk indicates regres-
sion significant at the 99.9% 
confidence level
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The ‖STF‖L bias of the selected six models in CMIP5 
exhibits zonally consistent negative bias in the deep-tropical 
ocean (Fig. 10c). In contrast, the positive bias dominates 
subtropics and extratropical regions in both hemispheres. 
In the NH, the Barents Sea, Greenland Sea, Labrador Sea, 
and Gulf Stream regions feature positive bias larger than 30 
W∕m2 , and the high-latitude parts of North Pacific Ocean 
and the bulk of Arctic Ocean also show consistent posi-
tive bias (Fig. 10c). In contrast, the sea area to the south of 
Iceland exhibits a substantial negative bias (18 ~ 30 W∕m2 ), 
and consists of a zonal dipole pattern with the positive bias 
in the western region of the North Atlantic Ocean. In the 

SH, more than 80% area in the subtropical and extra-tropical 
region (20°S to 90°S) shows a systematic positive error, and 
the Southern Ocean exhibits the greatest positive bias among 
the Southern Hemisphere (Fig. 10c). For the zonal integral 
of ‖STF‖L , The CMIP5 bias shows significant positive bias 
in the deep-tropical latitudes and negative bias in higher 
latitudes in both hemispheres (Fig. 10d).

Figure  10e and f show the sub-ensemble averaged 
CMIP5-to-CMIP6 ‖STF‖L change of the six TOP10 models 
with negative CMIP5-to-CMIP6 changes in ‖AETEQ‖ and 
SYM-PC. In the NH, the bias over the subtropics and extra-
tropical regions is largely alleviated. In the high-latitude 
North Pacific Ocean (ocean area within the box 20°N ~ 60°N, 
120°E ~ 90°W), the bias in roughly 75% of the area is 
reduced from CMIP5 to CMIP6 (Fig. 10e). Additionally, 
the zonal dipole bias in the North Atlantic is significantly 
reduced in CMIP6. In the Southern Hemisphere, there is an 
increase in negative bias over the deep-tropical ocean area 
and a substantial decrease in positive bias in the subtropical 
and extratropical areas (Fig. 10e). In more than 77% of the 
subtropical and extra-tropical regions (20°S ~ 70°S), the sub-
ensemble mean bias in CMIP5 displays reduction in CMIP6. 
For the zonal integral of ‖STF‖L , the subtropical and extra-
tropical negative bias of the six selected CMIP5 models is 
systematically reduced in CMIP6. While, the negative bias 
in the deep-tropics of SH is enhanced in CMIP6.

In summary, the observed local seasonal contrast of STF 
is better reproduced by the six TOP10 models, which fea-
ture negative CMIP5-to-CMIP6 changes in ‖AETEQ‖ and 
SYM-PC, in CMIP6 than their counterparts in CMIP5. The 
decrease of the subtropical and extra-tropical positive bias in 
‖STF‖L and the increase of the negative bias in deep-tropics 
collectively contribute to the decrease in the seasonal con-
trast of the hemispheric contrast of surface turbulent flux 
( ‖[STF]‖).

4  Summary and concluding remarks

4.1  Summary

In this study, we applied the EOF analysis to the symmetric 
and antisymmetric components of the zonal mean precipita-
tion biases of the CMIP6 and CMIP6 models, and extracted 
the leading modes of the symmetric and antisymmetric 
biases in the zonal mean tropical precipitation. On the basis 
of these two EOF modes, we quantified the improvement 
in the simulation of tropical precipitation from CMIP5 to 
CMIP6, and highlighted the remarkable progresses in ten 
model pairs. In addition, we further investigated the link-
age between the changes of precipitation and the changes in 
the cross-equatorial atmospheric energy transport ( AETEQ ), 
and diagnosed the biases in the hemispheric energy budget 

Fig. 9  a interhemispheric energy budget of the seasonal contrast for 
the observation (hollow green bars), CMIP5 (red bars) and CMIP6 
(blue bars) mean of the selected six TOP10 model pairs. The selected 
six TOP10 model pairs all feature negative CMIP5-to-CMIP6 
changes in the SYM-PC and the ‖AETEQ‖ . The error bars show the 
10th to 90th percentiles of model ensembles. According to the formu-
lation of the interhemispheric energy budget, the seasonal contrast of 
cross-equatorial energy transport ( ‖AETEQ‖ ) is determined by the 
hemispheric contrasts (see Sect. 2.5 for the definition of seasonal con-
trast) in four kinds of the atmospheric heating, as elaborated in the 
Fig.  6, and the atmospheric energy storing 
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 . ‖ ∗ ‖ denotes the 
seasonal contrast which is defined as the difference between extended 
boreal summer (May, June, July, August, and September) and 
extended boreal winter (November, December, January, February, 
and March). b as (a), but for the bias with respect to observation. 
Additionally, the results of CMIP6 minus CMIP5 are denoted by the 
purple bars in (b)



Understanding the alleviation of “Double‑ITCZ” bias in CMIP6 models from the perspective of…

for the models with significantly improved simulations of 
tropical precipitation in CMIP6. The main conclusions are 
summarized below, and briefly expressed in Fig. 11:

(1) The CMIP6 models shows improvement in the simu-
lation of tropical precipitation than those in CMIP5. 
Dividing these model pairs into two sub-ensembles by 
the CMIP5-to-CMIP6 changes of RMSE, we found 
significant improvement happens in the top ten mod-
els (TOP10) with larger reduction in the RMSE. In 

contrast, the bottom ten models (BOT10) with smaller 
RMSE reduction exhibit a similar bias pattern between 
CMIP5 and CMIP6. Further EOF analysis shows that 
the anti-symmetric component of the TOP10 mean is 
alleviated by 52% (From 0.97 to 0.44) from CMIP5 to 
CMIP6, while its symmetric component is reduced by 
78% (From 1.22 to 0.28). In contrast, the BOT10 mean 
bias in CMIP5 generally persists in CMIP6. These 
results indicate that the persistent anti-symmetric and 
symmetric tropical precipitation biases in a subset of 

Fig. 10  a Spatial distribution of 
local seasonal contrast of STF 
( ‖STF‖L ) inferred from CERES 
radiative fluxes and mass-cor-
rected ERA5 total atmospheric 
energy divergence and tendency. 
b the distance-weighted zonal 
integral of (a). c, d) same as 
(a, b), but for the bias of the 
six TOP10 model pairs with 
negative CMIP5-to-CMIP6 
changes in the SYM-PC and 
the ‖AETEQ‖ . Stippling in (c) 
denote the area where at least 
five of the six models agree on 
the sign of biases. The inter-
quartile range of the percentiles 
of the selected CMIP5 models 
are denoted by error bars in (d). 
e, f same as (c, d), but for the 
difference between CMIP6 and 
CMIP5
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CMIP5 models have been largely alleviated in CMIP6. 
Detailed analysis on these improved models is needed 
so as to advance our physical understanding of the 
“double-ITCZ” bias.

(2) The anti-symmetric mode of the “double ITCZ” bias is 
significantly correlated with the annual mean AETEQ . 
The decrease of ASYM-PC from CMIP5 to CMIP6 is 
usually companied with the increase of AETEQ . Diag-
nosis of the interhemispheric energy balance budget for 
the six TOP10 model pairs with negative CMIP5-to-
CMIP6 changes in the ASYM-PC and positive changes 
in the AETEQ shows that the mean increase in AETEQ 
(0.21 PW) of these model pairs mainly stems from the 
reduction of the negative [STF] bias (0.12 PW). The 
reduction in the [STF] bias is mainly contributed by 
a reduction (increase) in the negative STF bias in the 
extratropical region of the NH (SH). The increased 
heating in North Atlantic Ocean and decreased heat-
ing in Southern Ocean contribute significantly to the 
decrease in [STF].

(3) The symmetric mode of the “double ITCZ” bias is 
significantly correlated with the seasonal contrast of 

AETEQ ( ‖AETEQ‖ ). In TOP10, there are six models 
showing decrease in SYM-PC and enlargement in the 
negative bias of ‖AETEQ‖ from CMIP5 to CMIP6. Fur-
ther budget analysis shows that the negative changes in 
the ‖AETEQ‖ from CMIP5 to CMIP6 is dominated by 
the decrease in seasonal contrast of the hemispheric 
contrast in surface turbulent flux ( ‖[STF]‖ ). The spatial 
pattern of ‖STF‖L reveals a reduction of the positive 
bias in subtropical and extra-tropical regions, alongside 
an increase of negative bias in deep-tropical regions. 
These combined factors lead to the CMIP5-to-CMIP6 
reduction in positive ‖[STF]‖ bias.

4.2  Discussion

In this study, the observation of surface turbulent flux is 
derived from a residual method (Loeb et al. 2022; Tren-
berth et al. 2019). The surface flux product estimated by bulk 
flux algorithms, such as OAFlux (Yu and Weller 2007), are 
not used in our study, as these direct estimations still have 
some evident issues such as: uncertainties in the near-surface 

Fig. 11  Brief conclusions 
of this study. The improve-
ment in the antisymmetric and 
symmetric components of the 
tropical precipitation bias from 
CMIP5 to CMIP6 is linked to 
the changes in the atmospheric 
energy balance
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meteorological variables and the formulation of bulk flux 
parameterizations (Li et al. 2015a; Yu 2019).

The atmospheric energetics analyses in this work could 
not demonstrate the causals of the “double ITCZ” problem, 
because the circulation, cloud, and SST are coupled with 
each other and may all contribute to the budget of the hemi-
spheric energy balance. However, our analyses provided an 
energetics perspective to constrain the simulation of tropical 
precipitation. The framework of hemispheric energy bal-
ance (Loeb et al. 2016), enable us to identify whether the 
improvements in the simulation of tropical precipitation 
are related to some solid progresses in the representation 
of atmospheric energy balance or due to some wrong rea-
son, such as the cancellation between the biases of different 
atmospheric heating processes. In addition, it also supplies 
an approach to test some existing mechanisms.

The mechanisms that are reported to cause the antisym-
metric “double ITCZ” biases could be concluded as two 
groups. One claims that the heating bias in the extra-tropical 
region could propagate to the tropics and lead to the “double 
ITCZ” bias (Hwang and Frierson 2013; Kawai et al. 2021; 
Lee et al. 2022; Li and Xie 2014; Mechoso et al. 2016). 
the other emphasize the intra-tropical source causing the 
antisymmetric biases (Baldwin et al. 2021; Gonzalez et al. 
2024; Liu et al. 2023; Xiang et al. 2017; Zhou et al. 2022). 
Our analysis here shows that, over the subtropical and extrat-
ropical region the negative STF bias is stronger in the South-
ern Hemisphere than that in the Northern Hemisphere for a 
sub-ensemble of CMIP5 models (Fig. 7c). These results fit 
well with the hypothesis that the extra-tropical heating bias 
could partly contribute to the tropical precipitation bias. In 
the CMIP6, this extra-tropical STF bias is alleviated. cor-
respondingly, the anti-symmetric “double ITCZ” get partly 
eliminated. Therefore, we suppose that it is the change of 
STF in the extra-tropical regions that lead to the alleviation 
of the antisymmetric mode in CMIP6.

The annual cycle of cross-equatorial atmospheric energy 
transport (Donohoe et al. 2019; Kim et al. 2021) and equato-
rial Pacific cold tongue (Kim et al. 2021; Li and Xie 2014; 
Ma et al. 2023; Wang et al. 2020) are pointed out as two 
important elements causing the symmetric “double ITCZ” 
bias. According to the interhemispheric energy budget, the 
cross-equatorial atmospheric energy transport is linked to 
the hemispheric contrast of the atmospheric heating (Kim 
et al. 2021). Based on an inter-model correlation approach, 
previous work deduce that the short shortwave radiation 
absorbed in the atmosphere ( SWA ) is the key element lead-
ing to the biases in the annual cycle of cross-equatorial 
atmospheric energy transport (Kim et al. 2021). However, 
our quantitative evaluation based on the atmospheric energy 
balance shows that the biases in the surface turbulent energy 
flux ( STF ) is also important and even contribute more to 
AETEQ bias in the TOP10 of CMIP5 models. In addition, we 

noted that the linear regression lines in the Fig. 8c and b do 
not pass through the origin of coordinate, which indicates 
that the ‖AETEQ‖ is not the only element contributing to the 
symmetric “double ITCZ” bias in CMIP5 and CMIP6. Con-
sidering the “cold tongue” bias is the other element causing 
the symmetric “double ITCZ” (Kim et al. 2021; Li and Xie 
2014). The enlarged biases in ‖AETEQ‖ may compensate the 
influence of “cold tongue” biases in the TOP10 models of 
CMIP6, and alleviate the symmetric “double ITCZ”.
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