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Abstract： 24 

General circulation model (GCM) biases are one of the important sources of biases 25 

and uncertainty in dynamic downscaling–based simulations. The ability of regional 26 

climate models to simulate tropical cyclones (TCs) is strongly affected by the ability 27 

of GCMs to simulate the large-scale environmental field. Thus, in this work, we 28 

employ a recently developed multivariable integrated evaluation method to assess the 29 

performance of 33 CMIP6 (phase 6 of the Coupled Model Intercomparison Project) 30 

models in simulating multiple fields. The CMIP6 models are quantitatively evaluated 31 

against two reanalysis datasets over five ocean areas. The results show that most of 32 

the CMIP6 models overestimate the mid-level humidity in almost all tropical oceans. 33 

The multi-model ensemble mean overestimates the vertical shear of the horizontal 34 

winds in the Northeast Pacific and North Atlantic. An increase in model horizontal 35 

resolution appears to be helpful in improving the model simulations. For example, 36 

there are 6–8 models with higher resolution among the top 10 models in terms of 37 

overall model performance in simulating the climatology and interannual variability 38 

of multiple variables. Similarly, there are 7–8 models with lower resolution among the 39 

bottom 10 patterns. The model skill varies depending on the region and variable being 40 

evaluated. Although no model performs best in all regions and for all variables, some 41 

models do show relatively good capability in simulating the large-scale environmental 42 

field of TCs. For example, the MPI-ESM1-2-LR, MPI-ESM1-2-HR, and 43 

FIO-ESM-2-0 models show relatively good skill in simulating the climatology and 44 

interannual variability of the large-scale environmental field in the Northern and 45 

Southern Hemispheres. 46 
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1．Introduction 83 

Tropical cyclones (TCs) are among the most destructive natural hazards. Their 84 

strong winds and heavy rainfall pose great threats to human life and property. 85 

Therefore, the projection of TC frequency, tracks, and intensity is of great importance 86 

for human adaptation to climate change and associated decision-making.  87 

Climate models are important tools for projecting the future changes and trends 88 

in climate events and extreme weather. However, GCMs have limited ability to 89 

simulate TCs owing to their coarse resolutions and model biases. A good approach to 90 

understanding the variations of TCs, for the purpose of forecasting both seasonal to 91 

interannual variations and long-term changes, is downscaling, which encompasses 92 

both dynamical downscaling and statistical downscaling methods (Chan et al., 2001; 93 

Fan and Wang, 2009; Wu and Yu, 2011; Knutson et al., 2013; Liu et al., 2012; Chen et 94 

al., 2020; Emanuel et al., 2008, 2020). Crucially, the performance of dynamical 95 

downscaling is strongly affected by the quality of its large-scale forcing data, e.g., the 96 

GCM output (Holland et al., 2010; Lui et al., 2020). Thus, in terms of dynamical 97 

downscaling–based simulation, it is critical to objectively evaluate the GCM’s ability 98 

to simulate the large-scale fields associated with TCs genesis and development. 99 

Although some GCM bias correction methods have been developed and have proven 100 

useful in improving dynamical downscaling–based simulations over the past decade 101 

or so (e.g., Holland et al., 2010; Bruyère et al., 2014; Xu and Yang, 2012, 2015), these 102 

methods only correct part of the GCM bias. Thus, the performance of the GCM still 103 

plays a crucial role in the dynamical downscaling of future climate. 104 



Generally, the most direct way to evaluate the ability of climate models to 105 

simulate TCs is to identify TCs from the 6-hourly outputs and compare their 106 

frequencies, tracks, and intensities with observations (Camargo, 2013; Roberts et al., 107 

2020). However, such an approach requires downloading and processing a huge 108 

amount of data, which requires an equally huge workload. As we know, because of 109 

their coarse resolutions, GCMs cannot resolve the detailed structure of TCs well and 110 

usually underestimate the TC intensity and frequency. However, GCMs can generally 111 

resolve the TC-related large-scale fields well. Therefore, many previous studies have 112 

investigated the relationships between large-scale-environment fields with TCs using 113 

global models (Song et al., 2015). Based on the yearly genesis parameter (Gray, 1979), 114 

Emanuel and Nolan (2004) developed the TC genesis potential index (GPI), which 115 

summarizes the environmental factors influencing the genesis of TCs, such as 116 

low-level vorticity at 850 hPa, vertical wind shear between 850 and 200 hPa, relative 117 

humidity at 600 hPa, ocean temperature, and a conditionally unstable atmosphere. The 118 

parameters for an unstable atmosphere involve sea surface temperature (SST), sea 119 

level pressure (SLP), vertical atmospheric temperature, and mixing ratio. The GPI has 120 

been widely used to analyze the outputs of climate models, allowing information 121 

regarding the climate change of TCs to be obtained (Camago et al., 2007a, b; Villarini 122 

et al., 2012, 2013; Mei et al., 2019). Therefore, the GPI is an effective index for 123 

summarizing the features of the environmental fields of TCs. However, some studies 124 

have pointed out that the GPI is not always able to represent the actual TC variations 125 

on the global scale owing to certain limitations of the GPI and the complexity of TC 126 



activities in different regions (Song et al., 2015; Zhang et al., 2010; Emanuel, 2010). 127 

For example, the GPI is not ideal for describing the frequency and location of TC 128 

genesis in the South China Sea–Northwest Pacific region because the system that 129 

affects the genesis of TCs in this region is different from that in other ocean areas 130 

(Zhao et al., 2012; Tao et al., 2020), such as the weight for thermodynamic factors and 131 

kinetic factors in GPI, and so on. 132 

From the perspective of dynamical downscaling, GCMs provide multiple 133 

variables, e.g., temperature, wind, humidity, SST, and surface pressure, as the initial 134 

and lateral boundary conditions of regional models. Thus, the ability of GCMs to 135 

simulate these variables can directly affect the results of dynamical downscaling. 136 

Therefore, we need a comprehensive evaluation method that can quantitively evaluate 137 

model performance in simulating multiple large-scale environmental fields of TCs. 138 

The GPI has been used to evaluate model performance in simulating TCs (Camago et 139 

al., 2013; Song et al., 2015); however, this index is defined by the product of several 140 

variables (Emanuel and Nolan, 2004), which can often lead to a misleading result 141 

owing to the cancellation of biases of various variables. For example, a model may 142 

overestimate the humidity and vertical shear. The first bias favors the formation of 143 

TCs, but the second bias acts in an opposite way. Consequently, the modeled GPI 144 

could be close to the observed one and generate a good result for the wrong reasons. 145 

In terms of model evaluation, we of course should expect to avoid such a misleading 146 

result. Recently, Xu et al. (2017) devised a multivariable integrated evaluation (MVIE) 147 

method that can avoid the cancellation of biases issue in the evaluation of multiple 148 



variables. The MVIE method is based on a vector field evaluation diagram, which is a 149 

generalization of the Taylor diagram (Taylor, 2001; Gleckler et al., 2008; Xu et al., 150 

2016; 2017). The MVIE method can evaluate not only the performance of a model in 151 

terms of individual variables, but also its overall performance in simulating multiple 152 

variables, which can give a more accurate and comprehensive evaluation of the model 153 

performance. 154 

This study uses the MVIE method to evaluate and compare the performances of 155 

33 CMIP6 models in simulating multiple variables that are closely related to TC 156 

genesis and development. The evaluation is expected to provide guidance for 157 

selecting the optimal GCMs for the dynamical downscaling of TCs. 158 

 159 

2. Data and methods 160 

2.1 Data 161 

The simulations used in this study are the first ensemble runs of the historical 162 

experiment from 33 CMIP6 models during the period 1979–2013 (Eyring, 2016). 163 

Table 1 provides an overview of the models used in this study. The red highlighting in 164 

Table 1 indicate the high-resolution models (resolution finer than 1°); the yellow 165 

highlighting represents the medium-resolution models (resolution of ~1°); and the rest 166 

are coarse-resolution models. Detailed model information can be obtained from 167 

http://cmip-pcmdi.llnl.gov/cmip6. In order to evaluate the performance of the CMIP6 168 

models, two reanalysis datasets are used: the European Centre for Medium-Range 169 

Weather Forecasts Reanalysis-5 (ERA5), and the Japan Meteorological Agency and 170 

Central Research Institute of Electric Power Industry Reanalysis-55 (JRA-55). To 171 

http://cmip-pcmdi.llnl.gov/cmip6


facilitate intercomparison, all model results and reanalysis products have been 172 

regridded to a common grid of 1.25°×1.25° by bi-linear interpolation method. 173 

Based on previous studies, the genesis and development of TCs are closely 174 

related to the following large-scale conditions (Gray, 1968; Palmen, 1948; Riehl, 1948, 175 

1950): (1) SST exceeding 26°C; (2) large cyclonic vertical vorticity in the lower 176 

troposphere; (3) weak vertical shear of horizontal winds between 850 and 200 hPa; (4) 177 

conditional instability through a deep tropospheric layer; (5) large values of relative 178 

humidity in the lower and middle troposphere; and (6) the disturbance should be 179 

approximately a minimum of 5° latitude from the equator, generally. Therefore, we 180 

evaluate and compare the performance of 33 CMIP6 models in terms of zonal and 181 

meridional wind (200 and 850 hPa), air temperature (200 and 850 hPa), specific 182 

humidity (600 hPa), SST, and SLP. The evaluation is carried out in five ocean basins 183 

with frequent TC activity: the Northwest Pacific, Northeast Pacific, North Atlantic, 184 

Southwest Pacific, and South Indian oceans (Table 2).  185 

 186 

Table 1. CMIP6 models evaluated in this study. 187 

 Models Institution Resolution 

1 ACCESS-CM2 Commonwealth Scientific and Industrial Research 

Organisation, and Australian Research Council 

Centre of Excellence for Climate System Science 

(Australia) 

~1.88° × 1.25° 

2 ACCESS-ESM1-5 Commonwealth Scientific and Industrial Research 

Organisation (Australia) 

~1.88° × 1.25° 

3 AWI-CM-1-1-MR Alfred Wegener Institute, Helmholtz Centre for 

Polar and Marine Research (Germany) 

~0.94° × 0.94° 

4   BCC-CSM2-MR Beijing Climate Center (China) ~1.13° × 1.13° 

5 BCC-ESM1 Beijing Climate Center (China) ~2.81° × 2.81° 

6 CAMS-CSM1-0 Chinese Academy of Meteorological Sciences ~1.13° × 1.12° 



(China) 

7 CanESM5 Canadian Centre for Climate Modelling and 

Analysis, Environment and Climate Change 

(Canada) 

~2.81° × 2.81° 

8 CESM2 National Center for Atmospheric Research, Climate 

and Global Dynamics Laboratory (USA) 

~1.25° × 0.94° 

9 CESM2-FV2 National Center for Atmospheric Research, Climate 

and Global Dynamics Laboratory (USA) 

~2.5° × 1.89° 

10 CESM2-WACCM National Center for Atmospheric Research, Climate 

and Global Dynamics Laboratory (USA) 

~1.25° × 0.95° 

11 CESM2-WACCM-FV2 National Center for Atmospheric Research, Climate 

and Global Dynamics Laboratory (USA) 

~2.5° × 1.89° 

12 CIESM Department of Earth System Science, Tsinghua 

University (China) 

~1.25° × 0.94° 

13 E3SM-1-0 Lawrence Livermore National Laboratory, Argonne 

National Laboratory, Brookhaven National 

Laboratory, Los Alamos National Laboratory, 

Lawrence Berkeley National Laboratory, Oak 

Ridge National Laboratory, Pacific Northwest 

National Laboratory, and Sandia National 

Laboratories (USA) 

~1° × 1° 

14 EC-Earth3 AEMET (Spain), BSC (Spain), CNR-ISAC (Italy), 

DMI (Denmark), ENEA (Italy), FMI (Germany), 

ICHEC, (Ireland), ICTP (Italy), IDL (Portugal), 

IMAU (Netherlands), IPMA (Portugal), KIT 

(Germany), KNMI (Netherlands), Lund University 

(Sweden), Met Eireann (Ireland), NLeSC 

(Netherlands), NTNU, (Norway), Oxford 

University (UK), surfSARA (Netherlands), SMHI 

(Sweden), Stockholm University, (Sweden), Unite 

ASTR (Belgium), University College Dublin, 

(Ireland), University of Bergen (Norway), 

University of Copenhagen (Denmark) University of 

Helsinki (Finland), University of Santiago de 

Compostela (Spain) Uppsala University (Sweden), 

Utrecht University (Netherlands), Vrije Universiteit 

Amsterdam (Netherlands), Wageningen University 

(Netherlands) 

~0.70° × 0.70° 

15 FGOALS-g3 Chinese Academy of Sciences (China) ~2° × 2.25° 

16 FIO-ESM-2-0 First Institute of Oceanography, and Qingdao 

National Laboratory for Marine Science and 

Technology (China) 

~1.25° × 0.94° 

17 GISS-E2-1-G Goddard Institute for Space Studies (USA) ~2.48° × 2° 

18 GISS-E2-1-H Goddard Institute for Space Studies (USA) ~2.48° × 2° 



19 INM-CM4-8 Institute for Numerical Mathematics, Russian 

Academy of Science (Russia) 

~2° × 1.5° 

20 INM-CM5-0 Institute for Numerical Mathematics, Russian 

Academy of Science (Russia) 

~2° × 1.5° 

21 IPSL-CM6A-LR Institut Pierre Simon Laplace (France) ~2.5° × 1.27° 

22 KACE-1-0-G National Institute of Meteorological 

Sciences/Korea Meteorological Administration, 

Climate Research Division (Korea) 

~1.87° × 1.25° 

23 MCM-UA-1-0 Department of Geosciences, University of Arizona 

(USA) 

~3.75° × 2.25° 

24 MIROC6 Japan Agency for Marine-Earth Science and 

Technology, Atmosphere and Ocean Research 

Institute, National Institute for Environmental 

Studies, and RIKEN Center for Computational 

Science (Japan)  

~1.41° × 1.41° 

25 MPI-ESM-1-2-HAM ETH Zurich (Switzerland), Max Planck Institut fur 

Meteorologie (Germany), Forschungszentrum 

Julich (Germany), University of Oxford (UK), 

Finnish Meteorological Institute (Finland), Leibniz 

Institute for Tropospheric Research (Germany), and 

Center for Climate Systems Modeling 

(Switzerland) 

~1.88° × 1.88° 

26 MPI-ESM1-2-HR Max Planck Institute for Meteorology, and 

Deutsches Klimarechenzentrum (Germany) 

~0.94° × 0.94° 

27 MPI-ESM1-2-LR Max Planck Institute for Meteorology, and Alfred 

Wegener Institute, Helmholtz Centre for Polar and 

Marine Research (Germany) 

~1.88° × 1.88° 

28 MRI-ESM2-0 Meteorological Research Institute (Japan) ~1.13° × 1.13° 

29 NESM3 Nanjing University of Information Science and 

Technology (China) 

~1.88° × 1.88° 

30 NorCPM1 Center for International Climate and Environmental 

Research, Norwegian Meteorological Institute, 

Nansen Environmental and Remote Sensing 

Center, NERSC, Norwegian Institute for Air 

Research, University of Bergen, University of Oslo, 

Uni Research (Norway) 

~2.5° × 1.89° 

31 NorESM2-LM Center for International Climate and Environmental 

Research, Norwegian Meteorological Institute, 

Nansen Environmental and Remote Sensing 

Center, NERSC, Norwegian Institute for Air 

Research, University of Bergen, University of Oslo, 

Uni Research (Norway) 

~2.5° × 1.89° 

32 NorESM2-MM Center for International Climate and Environmental 

Research, Norwegian Meteorological Institute, 

~1.25° × 0.94° 



Nansen Environmental and Remote Sensing 

Center, NERSC, Norwegian Institute for Air 

Research, University of Bergen, University of Oslo, 

Uni Research (Norway) 

33 SAM0-UNICON Seoul National University (Korea)  ~1.25° × 0.94° 

 188 

Table 2. Regions and time periods evaluated in this study. 189 

Area (only ocean) Latitude Longitude Months (1979–2013) 

North Atlantic EQ–45°N 90°W–20°W 7–10 

Northwest Pacific EQ–45°N 105°E–170°W 7–10 

Northeast Pacific EQ–45°N 169°W–90°W 7–10 

South Indian ocean 45°S –EQ 35°E–110°E 1–4 

Southwest Pacific 45°S –EQ 135°E–145°W 1–4 

 190 

2.2 Methods 191 

Statistical metrics—namely, mean error (ME), correlation coefficient (CORR), 192 

and standard deviation (SD)—are used to measure the model ability to simulate 193 

individual variables. To measure the performance of climate models in simulating 194 

vector fields or multiple fields, we also compute the centered root-mean-square length 195 

(cRMSL) of a vector field, centered vector similarity coefficient (cVSC), and 196 

multivariable integrated evaluation index (MIEI) (Xu et al., 2016, 2017). The cRMSL 197 

and cVSC are analogous to the SD and CORR except that they measure the vector 198 

field SD and similarity, respectively. These statistics have also been applied to 199 

evaluate the vector winds in the Asian-Australian monsoon (A-AM) region simulated 200 

by CMIP5 (phase 5 of the Coupled Model Intercomparison Project) models and 201 

examine the relationship with model abilities to simulate vector wind and 202 

precipitation (Huang et al., 2019, 2020). 203 



cRMSL and cVSC can be applied to vector fields in arbitrary dimensions. Thus, 204 

one can normalize individual scalar fields and group them into a multi-dimensional 205 

vector field. Under such a circumstance, cRMSL and cVSC can be used to evaluate 206 

model ability to simulate multiple fields. Based on cRMSL and cVSC, Xu et al., 207 

(2017) further defined the MIEI, which summarizes overall model performance in 208 

simulating multiple fields and ranks model performances across various CMIP6 209 

models. A smaller MIEI represents a better model performance. 210 

 211 

3. Results 212 

3.1 Climatological mean of the multi-model ensemble mean 213 

Figure 1 shows the difference between the multi-model ensemble (MME) mean 214 

of CMIP6 and the reanalysis data. The vertical shear of the horizontal wind between 215 

850 and 200 hPa is defined as follows: 216 𝑆 = √(𝑢200hPa−𝑢850hPa)2+(𝑣200hPa−𝑣850hPa)2abs(𝐻200hPa−𝐻850hPa) ,               (1) 217 

where H is geopotential height. The CMIP6 models show different errors in the 218 

vertical wind shear fields in different regions. For example, in the North Indian Ocean, 219 

the equatorial western Pacific, and southeastern Pacific, CMIP6 models generally 220 

underestimate the vertical wind shear relative to the reanalysis data, with a maximum 221 

negative deviation of 4 × 10−4 s−1. In contrast, CMIP6 models significantly 222 

overestimate the wind shear in the mid-latitudes of the northern Pacific and Atlantic 223 

regions, with a maximum positive deviation of 5 × 10−4 s−1. The regional mean MME 224 

wind shear in the South Indian Ocean and Southwest Pacific is close to the value of 225 



the reanalysis data (Fig. 1a). In terms of specific humidity, the CMIP6 MME shows a 226 

significant positive bias relative to the reanalysis data in most ocean areas, but 227 

especially in the low latitudes of 5°–15° in the Northern and Southern Hemispheres, 228 

where TCs usually originate (Fig. 1b). This result is generally consistent with Tian et 229 

al. (2013), who found that CMIP5 models are also wetter at 600 hPa in comparison to 230 

the Atmospheric Infrared Sounder (AIRS) data. Conversely, the models show a slight 231 

negative bias over the central equatorial Pacific, which appears to be related to the 232 

double-ITCZ problem in the spatial distribution of moisture. The double-ITCZ 233 

problem has long persisted in coupled GCMs (Lin, 2007; Liu et al., 2012). Compared 234 

with other ocean areas, the deviation of specific humidity in the North Atlantic is 235 

relatively small. The MME SST shows a significant cold bias of approximately −1°C 236 

in the northern Pacific and Atlantic oceans within 20°–40°N, and the equatorial 237 

Pacific, against a warm bias of 0.5°C–2°C elsewhere (Fig. 1c). The distribution of the 238 

SLP bias is generally consistent with that of the SST bias. The SST cold bias 239 

corresponds to an SLP positive bias, and vice versa. The spatial maps of the 240 

climatological mean air temperature between the CMIP6 MME and the reanalysis 241 

data show a cold bias in 200-hPa temperature in most regions (Fig. 1f). The 850-hPa 242 

temperature also shows a significant cold bias in middle and low latitudes, except for 243 

weak warm biases in the Southeast and Northeast Pacific Ocean and the southern 244 

oceans to the east and west of Australia (Fig. 1e). 245 

Clearly, the CMIP6 MME shows significant biases in large-scale environmental 246 

fields, which could in turn affect the downscaled TC activities, e.g., their genesis, 247 



track, and intensity, through the lateral boundary conditions of the regional climate 248 

model (RCM). The overestimated vertical shear of zonal wind in the Atlantic Ocean 249 

tends to hinder the genesis of TCs and weaken the intensity of TCs (Bruyère et al, 250 

2014). In contrast, the underestimated vertical shear of zonal wind in the central 251 

Pacific, northern Indian Ocean, and western Pacific may favor the formation of TCs. 252 

A wet middle atmosphere is also conducive to the formation and maintenance of TCs. 253 

The bias of SLP could affect the track, location, and other characteristics of TCs.  254 

(a) Wind shear between 850 and 200 hPa (s−1) 

 

(b) 600-hPa specific humidity(g/kg) 

 

 (c) SST (°C) 

 

(d) SLP (hPa) 

 
(e) 850-hPa temperature (°C) (f) 200-hPa temperature (°C) 



   

Fig. 1. Differences of climatological mean (a) vertical wind shear (s−1), (b) 600-hPa specific humidity 

(g/kg), (c) SST (°C), (d) SLP (hPa), (e) 850-hPa air temperature (°C), and (f) 200-hPa air temperature 

(°C) between the multi-model ensemble mean and the reanalysis data. Black dots indicate the 

difference reaching the significance level of 0.05. The climatological mean is calculated over the 

typical TC seasons, i.e., July, August, September and October in the Northern Hemisphere, and 

January, February, March and April in the Southern Hemisphere. The black boxes in (a) indicate the 

five ocean regions with frequent TC activities, i.e., the Northwest Pacific, Northeast Pacific, North 

Atlantic, South Indian Ocean, and Southwest Pacific. 

3.2 Inter-model spread 255 

In order to analyze the dispersion of CMIP6 models, we calculate the SD of 256 

climatological mean variables across the 33 CMIP6 models as follows (Huang et al., 257 

2020): 258 𝜎𝑝 = √1𝑁∑ (𝑃𝐶𝑀𝐼𝑃6,𝑖 − 𝑃𝑀𝑀𝐸)2𝑁𝑖=1       (2) 259 

𝜎𝑣 = √1𝑁∑ (𝑽𝐶𝑀𝐼𝑃6,𝑖 − �̅�𝑀𝑀𝐸)2𝑁𝑖=1 = √1𝑁∑ (𝑢𝐶𝑀𝐼𝑃6,𝑖 − �̅�𝑀𝑀𝐸)2 + (𝑣𝐶𝑀𝐼𝑃6,𝑖, − �̅�𝑀𝑀𝐸)2𝑁𝑖=1     (3) 260 

where 𝜎𝑝(𝜎𝑣) represents the SD of the scalar field (vector field) simulated by CMIP 261 

models relative to the MME mean, and N is equal to 33, representing the number of 262 

CMIP6 models. The SD can measure the dispersion of the CMIP6 models relative to 263 

their MME. The CMIP6 models show similar spatial patterns in terms of the 264 

inter-model spread of SLP, temperature, and SST, characterized by greater inter-model 265 

spread in the North Pacific, North Atlantic, Southeast Pacific, and southern Indian 266 

Ocean, and relatively small inter-model spread in the western Pacific (Fig. 2). In the 267 

Northwest Pacific, the inter-model spread of SLP appears to be relatively large, which 268 



may lead to a diverse simulation of TC tracks across different models (Fig. 2d). In the 269 

Caribbean Sea and tropical eastern Pacific, the vertical wind shear shows a greater 270 

inter-model spread relative to the other regions (Fig. 2b). As we know that most TCs 271 

are formed in the tropical zone between 10° and 30°, and 87% are formed within 20° 272 

(Li, 1956; Elsberry, 1994), the greater inter-model spread of vertical wind shear in 273 

these regions indicates that the number of TCs generated in the Atlantic Ocean is 274 

likely to be significantly different among the CMIP6 models. Over the Southwest 275 

Pacific, the CMIP6 models show a relatively smaller inter-model spread in terms of 276 

the SST and 850-hPa air temperature, but a greater inter-model spread in terms of the 277 

wind shear and SLP. The inter-model spread of environmental fields is generally 278 

smaller in the South Indian Ocean than the other oceans. In terms of specific humidity, 279 

the CMIP6 models show greater inter-model spread in the tropical–subtropical 280 

regions between 30°S and 30°N (Fig. 2a). In general, CMIP6 models still show 281 

significant differences in the simulation of TC environmental fields, indicating large 282 

uncertainty in TC simulation. 283 

(a) Specific humidity (g/kg) 

 

(b) Wind shear between 850 and 200 hPa (s−1) 

 

(c) SST (°C) (d) SLP (hPa) 



  

(e) 850-hPa temperature (°C) 

  

(f) 200-hPa temperature (°C) 

  

Fig. 2. Inter-model spread among 33 CMIP6 models.  

 284 

3.3 Ability of individual CMIP6 models in simulating the climatology 285 

As interpreted in section 3.2, the CMIP6 models show significant inter-model 286 

spread in terms of the simulation of various variables. In this section, we further 287 

assess the performance of individual models in simulating the large-scale 288 

environmental fields using the MVIE method developed by Xu et al. (2017). The 289 

evaluation focuses on seven variables—namely, the vector winds and air temperature 290 

at 200 and 850 hPa, 600-hPa specific humidity, SST, and SLP. These variables are on 291 

the one hand closely related to the genesis and development of TCs, but on the other 292 

hand they are also key variables driving RCMs as lateral boundary conditions during 293 

dynamical downscaling–based simulations.  294 



3.3.1 Evaluation of multiple environmental fields in the Northwest Pacific  295 

Each CMIP6 model is assessed against the average of two reanalysis datasets, i.e., 296 

ERA5 and JRA55. Figure 3 shows the statistical metrics of the 33 CMIP6 models in 297 

terms of the climatology of multiple variables in the Northwest Pacific region during 298 

the TC season (from July to October). The CMIP6 models can generally simulate well 299 

the spatial pattern of the climatological mean SST, SLP, 200-hPa wind field, and 300 

850-hPa temperature field, with CORRs higher than 0.9. In contrast, the CMIP6 301 

models show relatively poor performance in reproducing the spatial patterns of 302 

850-hPa vector wind, 600-hPa specific humidity, and 200-hPa temperature, with 303 

CORRs ranging from 0.6 to 0.98. Model performance varies with the variable 304 

evaluated. However, the E3SM-1-0 and NorESM2-LM models show the highest 305 

cVSC among the 33 CMIP6 models, which indicates that these two models perform 306 

best in terms of simulation of the spatial pattern of these seven variables over the 307 

Northwest Pacific Ocean. 308 

The CMIP6 models show large diversity in their simulation of the spatial SD of 309 

the different variables. For example, 25 out of 33 CMIP6 models underestimate the 310 

spatial variability of 200-hPa vector wind over the Northwest Pacific Ocean. 311 

Conversely, all models except three (MCM-UA-1-0, SAM0-UNICON, and 312 

ACCESS-ESM1-5) overestimate the SD of the 600-hPa specific humidity by 6%–313 

49%. The CMIP6 models also significantly overestimate the 600-hPa specific 314 

humidity, characterized by an ME ranging from 15% to 165%. Clearly, most of the 315 

CMIP6 models overestimate the 600-hPa specific humidity and its spatial variability. 316 



Such a wet bias was also found in CMIP5 models (Jiang et al., 2012; Tian et al., 2013). 317 

Su et al. (2013) and Takahashi et al. (2015) pointed out that the wet biases of CMIP5 318 

models were likely related to underestimation of the intensity of climatological 319 

descent over ocean regions in the models.  320 

Apart from ACCESS-ESM1-5 and BCC-CSM2-MR, all the CMIP6 models 321 

evaluated in this study underestimate the 850-hPa air temperature over the Northwest 322 

Pacific Ocean, with the ME ranging from −0.01 to −0.98, which is consistent with the 323 

results of the spatial mean fields (Figs. 1e and 3). The 200-hPa mean temperature 324 

simulated by the CMIP6 models shows greater diversity, with MEs ranging from 325 

−2.03 to 2.02. Thirty-one models (~94% of all models) show the cold bias in the 326 

lower troposphere, and 21 models (~64% of all models) show the cold bias in the 327 

upper troposphere. Tian et al. (2013) also found significant upper-tropospheric cold 328 

biases in most CMIP5 models. It seems that many CMIP6 models have inherited the 329 

cold biases from their predecessors. 330 

Generally, there is no single model that performs best in terms of all variables 331 

and all statistics. For example, FIO-ESM-2-0 shows the best performance in terms of 332 

simulation of the spatial pattern of the climatological mean SST among the 33 CMIP6 333 

models. However, this model moderately overestimates the domain-averaged SST by 334 

approximately 0.12°C, and the 600-hPa specific humidity in the Northwest Pacific 335 

Ocean. Based on the MIEI, some models, e.g. ACCESS-ESM1-5, BCC-CSM2-MR, 336 

CESM2, FIO-ESM-2-0, and NorESM2-MM, show relatively good performance in 337 



terms of their simulation of multiple environmental fields of TCs in the Northwest 338 

Pacific region.  339 

 

 

Fig. 3. Statistical metrics measuring model abilities in simulating the climatology of TC 

environmental fields over the Northwest Pacific Ocean during the TC season (July, August, 

September and October). SD: spatial standard deviation; cRMSL: centered root-mean-square 

length, measuring the overall SD of multiple variables; CORR: correlation coefficient; cVSC: 

centered vector similarity coefficient, measuring the overall pattern similarity of multiple 

variables; ME: mean error; MIEI: multivariable integrated evaluation index, measuring overall 

model performance in simulating multiple variables, which takes pattern similarity, spatial 

variability, and ME into account. The SD and ME are normalized by dividing the observational 

SD. The lighter colors represent results that are close to the observations, and vice versa. Cold and 

warm colors indicate that the biases are smaller and larger than the observed values, respectively. 

3.3.2 Evaluation of the performance of CMIP6 models in five ocean regions 340 

In order to assess the overall simulation capability for TC environmental fields, 341 

Fig. 4 shows the MIEIs of the 33 CMIP6 models in five ocean areas. Here, the MIEI 342 

is an uncentered statistic that measures the overall performance of the CMIP6 models 343 



in simulating multiple environmental fields. A smaller MIEI represents better model 344 

performance. The models on the abscissa in Fig. 4 are ranked according to their 345 

average MIEI value in the five ocean areas. The models within red boxes represent the 346 

high-resolution models (resolution finer than 1°); the orange boxes indicate the 347 

medium-resolution models (resolution of ~1°); and the rest are coarse-resolution 348 

models. In general, most of the high-resolution models have smaller MIEI values, 349 

while the coarse-resolution models have larger MIEI values (Fig. 4). For example, 8 350 

models out of the top 10 performing CMIP6 models have high or moderate horizontal 351 

resolution. In contrast, there are 8 coarse-resolution models among the bottom 10 352 

models. These results indicate that an increase in model resolution likely favors 353 

improvement in the simulation ability. Such a relationship can also be identified by 354 

comparing models developed by the same modeling center, e.g., BCC-CSM2-MR vs. 355 

BCC-ESM1, CESM2 vs. CESM2-FV, CESM-WACCM vs. CESM2-WACCM-FV2, 356 

and NorESM2-MM vs. NorESM2-LM. Evaluation of 37 CMIP5 models also 357 

suggested that high-resolution models generally perform better in simulating the wind 358 

vector field in the Asian-Australian monsoon region (Huang et al., 2019). Of course, 359 

the above relationship is not always valid. For example, MPI-ESM1-2-LR has a 360 

coarse resolution but it ranks ahead of its high-resolution version, MPI-ESM1-2-HR. 361 

Note that a model’s simulation ability is affected by other factors, such as its physical 362 

parameterization schemes, model dynamics, etc. Resolution is not the only factor that 363 

affects model performance. 364 



Comparison of the evaluation results in different ocean areas suggests that the 365 

CMIP6 models generally show better skill in the southern Indian Ocean than the other 366 

regions (Fig. 4). According to their MIEI values, the top 10 models are shaded blue in 367 

each ocean region in Fig. 5. The CMIP6 models show obvious differences in their 368 

ability to simulate TC environmental fields in each ocean region. For example, 369 

CESM2-WACCM-FV2 only performs well in the Northwest Pacific, while 370 

BCC-CSM2-MR performs well in the Northwest Pacific and South Indian Ocean 371 

regions. In contrast, NorESM2-LM performs better over the three ocean regions in the 372 

Northern Hemisphere. Similarly, ACCESS-ESM1-5, CESM2, FIO-ESM-2-0, 373 

MPI-ESM1-2-HR, MPI-ESM1-2-LR and NorESM2-LM also perform well in these 374 

three oceans. The AWI-CM-1-1-MR and NorESM2-MM models show good 375 

performance in four ocean areas. Among all CMIP6 models evaluated in this study, 376 

SAM0-UNICON is the only model that performs relatively well in all five ocean areas 377 

in terms of simulation of the climatological mean TC environmental fields.  378 

 

 

Fig. 4. MIEI values for 33 CMIP6 models in five regions. Red boxes on the abscissa indicate the 



high-resolution models (resolution less than 1°); the orange boxes indicate the medium-resolution 

models (resolution of ~1°); and the rest are coarse-resolution models. 

 

 

Fig. 5. Ranking of 33 CMIP6 models based on their MIEI values in five ocean regions: Northwest 

Pacific (NWP); Northeast Pacific (NEP); North Atlantic (NA); Southwest Pacific (SWP); South Indian 

Ocean (SIO). The top 10 models are marked in blue. 

 379 

3.4 Ability of individual CMIP6 models in simulating the interannual variability 380 

In this study, the interannual variability is measured by the interannual SD of 381 

meteorological variables calculated over the period 1979–2014, which describes the 382 

amplitude of the interannual variation and to a certain extent is related to climate 383 

extremes. The interannual variability of TCs simulated by models is likely affected by 384 

their ability to simulate the interannual variability of the large-scale environmental 385 

fields. When selecting GCMs for dynamical downscaling–based simulation, we 386 

expect them to perform well not only with respect to the climatology, but also the 387 

interannual variability. Similar to Fig. 3, Fig. 6 shows the statistics of seven TC 388 



environmental variables for the 33 CMIP6 models, but for the spatial field of the 389 

interannual SD over the Northwest Pacific region.  390 

The CMIP6 models show diverse performance in reproducing the spatial patterns 391 

of the interannual variability of the different variables (Fig. 6). For example, the 392 

CORRs of 200-hPa temperature variability range from −0.73 and 0.86, while the 393 

CORRs of 850-hPa vector wind and 600-hPa specific humidity variability range from 394 

0.01 to 0.93. The spatial patterns of SST (except in MCM-UA-1-0), SLP, 200-hPa 395 

vector wind (except in MCM-UA-1-0) and 850-hPa temperature variabilities are 396 

relatively better than for other variables, ranging from 0.6 and 0.98. Compared to the 397 

climatological mean, the CMIP6 models show relatively poor ability in simulating the 398 

spatial pattern of the interannual variability of large-scale environmental fields (Figs. 399 

3, 6).  400 

Most of the CMIP6 models overestimate the interannual variability of the 401 

large-scale environmental fields. For example, more than 30 of the models show 402 

positive biases in the amplitude of the interannual variability of 200-hPa air 403 

temperature. Other variables, e.g., SST, 850-hPa and 200-hPa vector winds, and 404 

600-hPa specific humidity, also show similar positive biases. NorESM2-MM 405 

overestimates the amplitude of the interannual variability of SST (200-hPa air 406 

temperature) by 1.2 (4.6) times. Moreover, the same series of models show similar 407 

biases. For example, in terms of amplitude of the interannual variability, the 408 

BCC-CSM2-MR and BCC-BCC-ESM1 models show relatively small biases for all 409 



variables evaluated. Similarly, CESM2 and CESM2-FV2 as well as NorESM2-LM 410 

and NorESM2-MM show relatively greater positive biases.  411 

The CMIP6 models show better skill with respect to the interannual variability in 412 

the southern Indian Ocean relative to the other ocean areas, as characterized by 413 

smaller MIEI values (Fig. 7). The models with high resolution also have certain 414 

advantages in their simulation of interannual variability, which is similar to what was 415 

found from the evaluation of climatological mean states in section 3.3.2. Among the 416 

top 10 CMIP6 models, there are 6–7 models with higher resolution. Similarly, among 417 

the bottom 10 models, there are 7–8 models with lower resolution. We do, however, 418 

find a few opposite results. For example, the low-resolution models of 419 

MPI-ESM1-2-LR and BCC-ESM1 rank higher than their corresponding 420 

high-resolution models (Fig. 7). Similar to Fig. 5, Fig. 8 ranks the 33 CMIP6 models 421 

by their MIEI values in five ocean regions, separately. The models that perform well 422 

in four ocean regions include MPI-ESM1-2-LR, MRI-ESM2-0, E3SM-1-0, and 423 

CAMS-CSM1-0. The models that perform well in three ocean regions are 424 

BCC-ESM1, CIESM, FGOALS-g3, FIO-ESM-2-0, KACE-1-0-G and 425 

MPI-ESM1-2-HR. Comparing Figs. 5 and 8, it can be seen that the NorESM-LM and 426 

NorESM-MM models perform well in terms of the climatology, but not so well in 427 

terms of the interannual variability; while BCC-ESM1 and CAMS-CSM1-0 show 428 

moderate performance in their simulation of the climatology, but good ability to 429 

simulate the interannual variability. According to the evaluation results of the 33 430 

CMIP6 models, MPI-ESM1-2-LR, MPI-ESM1-2-HR and FIO-ESM-2-0 show 431 



relatively good performance in simulating both the climatology and interannual 432 

variability of TC environmental fields. 433 

 

Fig. 6. Same as in Fig.3, except for the interannual variability of multiple variables. The interannual 

variability is measured by the temporal standard deviation 

 434 

 

Fig. 7. MIEI values for 33 CMIP6 models in five ocean regions for the interannual variability. Red boxes on the 

abscissa indicate the high-resolution models (resolution less than 1°); the orange boxes indicate the 



medium-resolution models (resolution of ~1°); and the rest are coarse-resolution models. 

 

 

Fig. 8. Ranking of 33 CMIP6 models based on their MIEI values in five ocean regions for the inter-annual 

variability. The top 10 models are marked in blue. 

4. Discussion and conclusion 435 

In this paper, we have evaluated the abilities of 33 CMIP6 models to simulate TC 436 

environmental fields i.e., SST, SLP, high- and low-level wind speed, mid-level 437 

humidity, and high- and low-level temperature fields. These seven variables are 438 

closely related to the genesis and development of TCs; plus, they are also used as 439 

boundary conditions in RCMs to carry out dynamical downscaling–based simulations. 440 

Therefore, the performance of CMIP6 models in simulating these TC environmental 441 

variable fields can directly affect the implementation of dynamic downscaling 442 

(Holland et al., 2010; Bruyère et al., 2014). 443 



Our results show that the MME of CMIP6 models shows a wet bias in the 444 

600-hPa humidity relative to reanalysis data (JRA-55 and ERA5) in the tropical 445 

region from the equator to 15° in the Northern and Southern Hemisphere. Similar 446 

results were also noted by Camargo et al. (2007) and Tian et al. (2013) in CMIP5 447 

models. However, they also pointed out that the excessive moisture of the assimilating 448 

numerical model may not indicate the real model biases for observations because the 449 

reference reanalysis data are themselves a product of the assimilating numerical 450 

model. Nevertheless, the humidity bias associated with a double-ITCZ in CMIP6 451 

models is consistent with that in CMIP5 models (Lin, 2007; Liu et al., 2012). There is 452 

a cold bias in the upper troposphere for most CMIP5 models (Tian et al., 2013). From 453 

the results of CMIP6 models, the cold bias problem in the upper troposphere has 454 

changed in some models (36% of them) which show a warm bias in the Northwest 455 

Pacific Ocean. 456 

The wind shear field simulated in the Southern Hemisphere is closer to the value 457 

of the reanalysis data than in the Northern Hemisphere. In the Northeast Pacific and 458 

North Atlantic, the vertical wind shear is generally larger than the value of the 459 

reanalysis data. To examine the impact of horizontal resolution on model performance, 460 

the 33 CMIP6 models are divided into three categories according to their resolution: 461 

high-resolution models (resolution less than 1°), medium-resolution models 462 

(resolution of ~1°), and coarse-resolution models (resolution of ~1.8°). In general, the 463 

high-resolution models perform relatively better than the low-resolution models, 464 

which indicates that an increase in resolution helps to improve model performance. 465 



The model skill varies depending on the variable and region being evaluated. For 466 

example, BCC-CSM2-MR performs well in the climatology and interannual 467 

variability in the Northwest Pacific, but shows a moderate performance in other ocean 468 

regions. CMIP6 models generally show better skill in the South Indian Ocean than in 469 

other ocean regions. In terms of simulation of the climatology and interannual 470 

variability, the MPI-ESM1-2-LR, MPI-ESM1-2-HR and FIO-ESM-2-0 models show 471 

relatively high simulation skill in the global ocean areas. Furthermore, KACE-1-0-G 472 

and E3SM-1-0 perform well in all oceans. 473 

As we know, the genesis and intensity of TCs are significantly affected by the 474 

environmental wind shear. A weak environmental wind shear is conducive to the 475 

generation and development of TCs. On the contrary, a stronger vertical wind shear 476 

tends to suppress the genesis of TCs. Previous studies (Camargo, 2013; Holland et al., 477 

2010) have pointed out that CMIP5 models generate fewer TCs in the Northeast 478 

Pacific and North Atlantic Ocean in their simulations. According to the evaluation 479 

results of this study, the horizontal wind shear of the Northeast Pacific and North 480 

Atlantic is larger than that of the reanalysis data, which is probably an important 481 

reason why models underestimate the number of TCs in these two regions. 482 

In addition, the mid-level humidity fields simulated by most of the 33 CMIP6 483 

models are wetter than in the reanalysis data. A humid middle atmosphere is 484 

conducive to the genesis and development of TCs in tropical oceans. However, the 485 

overestimated vertical wind shear tends to suppress TC genesis. If one evaluates 486 

model performance simply based on a composite index, e.g., the GPI, one may obtain 487 



misleading results owing to the cancellation between positive and negative biases. In 488 

the present study, we employ the MVIE method; and based on this method, we are 489 

able to rank GCMs based on their overall performances in simulating multiple 490 

variables such as temperature, pressure, humidity, and wind. We hope that our 491 

evaluation can provide guidance regarding the selection of GCMs for dynamical 492 

downscaling–based simulations of TCs. 493 
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