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Abstract: Global Climate Models (GCMs) and Regional Climate Models (RCMs) have been widely
used in understanding the impact of climate change on wind-driven processes without explicit
evaluation of their skill. This study is oriented towards assessing the skill of 28 GCMs and 16 RCMs,
and more importantly to assess the ability of RCMs relative to parent GCMs in simulating near-
surface wind speed (WS) in diverse climate variable scales (daily, monthly, seasonal and annual)
over the ocean and land region of the South Asian (SA) domain (11◦ S–30◦ N and 26◦ E–107◦ E).
Our results reveal that the climate models’ competence varies among climate variable scales and
regions. However, after rigorous examination of all climate models’ skill, it is recommended to use
the mean ensemble of MPI-ESM-MR, CSIRO-Mk3.6.0 and GFDL-ESM2G GCMs for understanding
future changes in wave climate, coastal sediment transport and offshore wind energy potential,
and REMO2009 RCM driven by MPI-M-MPI-ESM-LR for future onshore wind energy potential
assessment and air pollution modelling. All parent GCMs outperform the RCMs (except CCCma-
CanESM2(RCA4)) over the ocean. In contrast, most RCMs show significant added value over the
land region of the SA domain. Further, it is strongly discouraged to use the RCM WS simulations in
modelling wind-driven processes based on their parent GCM’s skill over the ocean.

Keywords: wind speed; CMIP5 GCM; CORDEX RCM; relative score; South Asian domain

1. Introduction

Global warming has a direct impact on atmosphere circulation, where the wind is
one of the important atmospheric variables. Changes in the magnitude and pattern of
wind have a significant effect on evapotranspiration [1], air pollution modelling [2,3], wind
energy [4,5], design of tall structures, wind-generated ocean waves [6–8], wave energy
extraction [9], understanding coastal sediment transport [10,11] and ocean mixing [12]. The
wind-driven processes, like wind-wave modelling, are very sensitive to the accuracy of the
input wind climate [13]. Further, Macias et al. [14] identified wind speed as an important
variable to correct bias in the sea surface temperature. Indeed, using the accurate wind
speed not only improves the understanding of its variability due to climate change but also
improves the wind-driven model simulations and wind-dependent climate variables.

Numerical climate models are primary and robust tools for understanding how the
Earth’s climate system as a whole is likely to respond to future changes in energetics. The
Global Climate Models (GCMs) collated under the World Climate Research Program’s
(WCRP) Coupled Model Intercomparison Projects (CMIP3, CMIP5 and CMIP6) have been
widely used in climate change impact studies [8,15–19]. Although GCMs have shown
good skill in capturing climate variability at global scales, they fail to address the same
at a regional or local scale; which is partially attributed to their coarser resolution [20,21].
Since climate change is having a significant impact on both global and regional scale
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processes [22], downscaling approaches, such as statistical [23–25] and dynamical down-
scaling [8,26,27], have been widely employed to overcome the shortcomings of GCMs and
create region-specific climate data. WCRP’s Coordinated Regional Downscaling Experi-
ment (CORDEX) started with a focus on providing the regional climate simulations for
various adaptation and impact assessment studies using Regional Climate Models (RCMs).
RCM outputs are also widely used in climate applications, like understanding extreme
precipitation events over southern Africa [28,29], precipitation patterns of summer mon-
soon over India [30], precipitation and temperature over West Africa [31], meteorological
drought at a global scale [32], capturing the circulation pattern of Etesian over eastern
Mediterranean [33], extreme winds over Germany [34] and Europe [35] and reproducing
features of tropical cyclones around Japan [36]. It is expected that RCMs should accurately
represent the regional processes because of their finer resolution and region-specific param-
eterization. However, it is found that RCMs are underestimating the intense wind speeds
over Europe [34,35], and overestimating the wind speed over the Arabian Sea (AS) and
Bay of Bengal (BoB) [37]. Winterfeldt and Weisse [38] found that RCMs show good skill in
representing wind speed over coastal areas and poor skill over the open ocean. This indi-
cates RCMs’ skill is region-specific and they do have a systematic bias inherited from the
parent GCM and self-induced bias. In the South Asian (SA) region, the skill of all available
CORDEX RCMs in representing the near-surface wind speed (WS) is not addressed yet.
Notable studies [39–43] have investigated the skill of GCMs over the ocean part of the SA
domain, but the skill of GCMs over the land part of the SA domain needs to be investigated
further. Moreover, the added value of RCMs relative to their corresponding parent GCMs
in representing WS over the SA domain is still unknown. Torma et al. [44] found the added
value of using high-resolution RCMs than the corresponding driving GCMs in representing
precipitation over complex topographic features of the Alpine region. On the contrary,
Singh et al. [45] found no consistent added value by RCMs relative to corresponding parent
GCMs in representing Indian summer monsoon rainfall characteristics. Kulkarni et al. [46]
evaluated three RCMs and their parent GCMs in simulating the offshore WS along the
Indian coast and found no significant added value by RCMs. This highlights that the added
value of RCMs is regional and variable-specific and needs to be evaluated before using
them in regional climate impact studies.

A brief review on indicators (mostly used are Skill Score, Taylor diagram, correlation
coefficient, root mean square error and absolute error) used in the selection of GCMs to
represent precipitation, temperature (mean, maximum and minimum) and monsoon (East
Asian, Indian summer, Australian, West African summer) characteristics over different
regions of the world are well presented by Raju and Kumar [47]. They observed that most
studies failed to report the basis of selecting a particular indicator, simple methodology to
collate the different unit metrics to a single score to rank GCMs and technique to select the
subset of GCMs as part of the ensemble. Further studies showed that the constructed best-
performing GCM is sensitive to the chosen decision technique, the number of indicators
considered and the variable of interest [48,49]. Mohan and Bhaskaran [40] evaluated
the skill of 35 CMIP5 GCMs using the Taylor skill score and recommended the model
constructed from the mean ensemble of the top ten GCMs in representing monthly mean
WS qualitatively, but no quantitative logic behind the selection of the ten GCMs is presented.
Furthermore, while the identified top GCMs did a good job of portraying the monthly mean
WS, we cannot assume the same level of performance when it comes to representing diverse
climatic variable scales (daily, seasonal and annual). As a result, to rank climate models, a
composite metric (including all climatic variable scales) with suitable assessment statistics
and weights is required. Even though Kulkarni et al. [46] assessed the performance of only
three RCMs and GCMs, the study region was restricted to the offshore region along the
Indian coast. A recent study by Morim et al. [50] shows that inter-model uncertainty is
two to four times greater than the uncertainty associated with model internal variability.
This emphasizes the need for evaluating a greater number of climate models over diverse
climate variable scales to reduce the model-based uncertainty.
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With the backdrop of the above discussion, this study aims at evaluating the skill of
all available individual CMIP5 GCMs and CORDEX RCMs in representing near-surface
wind speed (WS) on diverse climate variable scales (daily, monthly, seasonal and annual
scales) over the ocean and land parts of the South Asian (SA) domain. Furthermore, we
investigated the added/detriment of RCMs’ skill in simulating WS over the ocean and
land of the SA domain relative to the corresponding parent GCMs. Since a comprehensive
evaluation method is still absent to assess and construct the best suitable model/ensemble
of models in reproducing the annual, seasonal, monthly and daily mean WS climate, a new
approach called Relative Score is devised and presented.

2. Materials and Methods
2.1. Climate Models and Reference Data

This study evaluated the performance of climate models (sixteen CORDEX RCMs and
twenty-eight CMIP5 GCMs, listed in Tables 1 and 2) in simulating the near-surface wind
speed (WS) over the South Asian (SA) domain (11◦ S to 30◦ N and 26◦ E to 107◦ E, refer to
Figure 1). The extent of the SA domain is bound by the joint availability of wind data from
all CORDEX RCMs. Based on the availability of wind field data from climate models and
the Fifth Generation European Research Agency (ERA5), a common time slice of 27 years
from 1979 to 2005 and a present time slice of 14 years from 2006 to 2019 were considered to
assess climate models. Even though the present time slice of WS projections was available
from four different RCP scenarios (RCP2.6, RCP 4.5, RCP6 and RCP8.5), due to similar
radiative forcing not much difference in the skill of climate models was expected for all four
scenarios [40]. As a result, the moderate RCP scenario (RCP 4.5) was considered. The daily
mean WS zonal and meridional components were downloaded from the Earth System Grid
Federation portal (https://esg-dn1.nsc.liu.se/search/cordex/, accessed on 1 January 2020
and https://esgf-node.llnl.gov/search/cmip5/, accessed on 11 January 2021). To examine
inter-model variability, we analyzed climate model WS data from one realization, initial
conditions and model physics (r1i1p1) ensemble.

Table 1. Attributes of CMIP5 GCMs and ERA5.

Model
ID Model Acronym Model Institution

Atmospheric Spatial
Resolution

(latitude ◦× longitude ◦)

0 ERA5 Fifth-Generation European Research Agency 0.25 × 0.25

1 ACCESS1.0
Australian Community
Climate and Earth
System Simulator

Commonwealth Scientific and
Industrial Research Organisation
(CSIRO), Australia, and Bureau of
Meteorology (BOM), Australia

1.25 × 1.875

2 ACCESS1.3
Australian Community
Climate and Earth
System Simulator

Commonwealth Scientific and
Industrial Research Organisation
(CSIRO), Australia, and Bureau of
Meteorology (BOM), Australia

1.25 × 1.875

3 BCC-CSM1.1 -M
Beijing Climate Center
Climate System Model
with Moderate Resolution

Beijing Climate Center, China
Meteorological Administration 1.1215 × 1.125

4 BNU-ESM Beijing Normal University
Earth System Model

College of Global Change and Earth
System Science (GCESS), Beijing
Normal University

2.7906 × 2.8125

5 CanCM4 Canadian Coupled Global
Climate Model

Canadian Centre for Climate
Modelling and Analysis (CCCma) 2.8125 × 2.8125

6 CanESM2 Canadian Earth
System Model

Canadian Centre for Climate
Modelling and Analysis (CCCma) 2.8125 × 2.8125

7 CMCC-CM CMCC Climate Model Centro Euro-Mediterraneo sui
Cambiamenti Climatici (CMCC) 0.7484 × 0.75

https://esg-dn1.nsc.liu.se/search/cordex/
https://esgf-node.llnl.gov/search/cmip5/
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Table 1. Cont.

Model
ID Model Acronym Model Institution

Atmospheric Spatial
Resolution

(latitude ◦× longitude ◦)

8 CMCC-CMS CMCC Climate Model with
a Resolved Stratosphere

Centro Euro-Mediterraneo sui
Cambiamenti Climatici (CMCC) 1.8653 × 1.875

9 CNRM-CM5 CNRM Coupled Global
Climate Model

Centre National de Recherches
Meteorologiques and Centre
Europeen de Recherche et
Formation Avancees en Calcul
Scientifique (CNRM-CERFACS)

1.4008 × 1.40625

10 CSIRO-Mk3.6.0 CSIRO Mark 3.6.0 Model

Commonwealth Scientific and
Industrial Research Organisation in
collaboration with the Queensland
Climate Change Centre of
Excellence (CSIRO-QCCCE)

1.875 × 1.875

11 FGOALS-s2

Flexible Global
Ocean-Atmosphere-Land
System model, Spectral
Version 2

Laboratory of
Numerical Modeling for
Atmospheric Sciences and
Geophysical Fluid Dynamics,
Institute of Atmospheric Physics,
Chinese Academy of Sciences
(LASG-IAP)

1.6590 × 2.8125

12 GFDL-CM3 GFDL Coupled Model
version 3

Geophysical Fluid Dynamics
Laboratory (GFDL) 2.0 × 2.5

13 GFDL-ESM2G

GFDL Earth System Model,
an isopycnal model using
the Generalized Ocean
Layer Dynamics (GOLD)
code base

Geophysical Fluid Dynamics
Laboratory (GFDL) 2.0225 × 2.5

14 GFDL-ESM2M
GDFL Earth System Model
with Modular Ocean
Model 4

Geophysical Fluid Dynamics
Laboratory (GFDL) 2.0225 × 2.5

15 HadGEM2-AO
Hadley Centre Global
Environment Model 2
Atmosphere-Ocean

National Institute of Meteorological
Research/Korea Meteorological
Administration (NIMR/KMA)

1.250 × 1.875

16 HadGEM2-CC
Hadley Centre Global
Environment Model 2
Carbon cycle

Met Office Hadley Centre 1.250 × 1.875

17 HadGEM2-ES
Hadley Centre Global
Environment Model 2
Earth System

Met Office Hadley Centre 1.250 × 1.875

18 INM-CM4 INM Climate Model 4
Institute for Numerical Mathematics
of the Russian Academy of Sciences
(INM)

1.5 × 2.0

19 IPSL-CM5A-LR IPSL Coupled Model
version 5A Low Resolution Institut Pierre-Simon Laplace (IPSL) 1.875 × 3.750

20 IPSL-CM5A-MR IPSL Coupled Model
version 5A Mid Resolution Institut Pierre-Simon Laplace (IPSL) 1.2676 × 2.500

21 IPSL-CM5B-LR

IPSL Coupled Model
version 5B New
Atmospheric Physics at
Low Resolution

Institut Pierre-Simon Laplace (IPSL) 1.875 × 3.750

22 MIROC4h

Model for Interdisciplinary
Research on Climate
version 4 with
High Resolution

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

0.5616 × 0.5625
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Table 1. Cont.

Model
ID Model Acronym Model Institution

Atmospheric Spatial
Resolution

(latitude ◦× longitude ◦)

23 MIROC5 Model for Interdisciplinary
Research on Climate 5

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

1.4008 × 1.4063

24 MIROC-ESM MIROC Earth System
Model

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

2.7906 × 2.8125

25 MIROC-ESM-
CHEM

MIROC Earth System
Model, Atmospheric
Chemistry Coupled
Version

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

2.7906 × 2.8125

26 MPI-ESM-LR MPI Earth System Model
Low Resolution

Max Planck Institute for
Meteorology (MPI-M) 1.875 × 1.875

27 MPI-ESM-MR MPI Earth System Model
Mixed Resolution

Max Planck Institute for
Meteorology (MPI-M)

Approximately
1.875 × 1.875

28 MRI-CGCM3

MRI Coupled
Atmosphere-Ocean
General Circulation Model,
version 3

Meteorological Research
Institute (MRI) 1.12148 × 1.125

29 MME_CMIP5 Multi-Model Ensemble mean of all twenty-eight CMIP5 GCMs 0.25 × 0.25

30 MME-3_ (27, 10
and 13)

Multi-Model Ensemble mean of top 3 performed CMIP5 GCMs
(Model with ID 27, 10 and 13) over ocean 0.25 × 0.25

34 MME-3_ (1, 27
and 15)

Multi-Model Ensemble mean of top 3 performed CMIP5 GCMs
(Model with ID 1, 27 and 15) over land 0.25 × 0.25

Table 2. Attributes of CORDEX RCMs.

Model ID Model Acronym: Driving Model (RCM Model) Institute ID

6_RCA CCCma-CanESM2(RCA4) SMHI
6_RegCM CCCma-CanESM2(RegCM4-4) IITM
9_RCA CNRM-CERFACS-CNRM-CM5(RCA4) SMHI
9_RegCM CNRM-CERFACS-CNRM-CM5(RegCM4-4) IITM
10_RCA CSIRO-QCCCE-CSIRO-Mk3-6-0(RCA4) SMHI
10_RegCM CSIRO-QCCCE-CSIRO-Mk3-6-0(RegCM4-4) IITM
19_RegCM IPSL-IPSL-CM5A-LR(RegCM4-4) IITM
20_RCA IPSL-IPSL-CM5A-MR(RCA4) SMHI
23_RCA MIROC-MIROC5(RCA4) SMHI
17_RCA MOHC-HadGEM2-ES(RCA4) SMHI
26_RCA MPI-M-MPI-ESM-LR(RCA4) SMHI
26_REMO MPI-M-MPI-ESM-LR(REMO2009) MPI-CSC
27_RegCM MPI-M-MPI-ESM-MR(RegCM4-4) IITM
31_RCA NCC-NorESM1-M(RCA4) SMHI
14_RCA NOAA-GFDL-GFDL-ESM2M(RCA4) SMHI
14_RegCM NOAA-GFDL-GFDL-ESM2M(RegCM4-4) IITM
32 Ensemble of all CORDEX RCMs (MME_CORDEX) -
33 Ensemble of top five performing CORDEX RCMs (MME-5) -

SMHI: Swedish Meteorological and Hydrological Institute, Rossby Centre; IITM: Indian Institute of Tropical Meteo-
rology; MPI-CSC: Helmholtz-Zentrum Geesthacht, Climate Service Center, Max Planck Institute for Meteorology.
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Figure 1. Study domain considered for evaluation of CMIP5 GCMs’ and CORDEX RCMs’ skill in
representing near-surface wind speed.

Diverse reference datasets were available and used in understanding wind climate
studies: satellite data [40], ERA-Interim [51–55], ERA-40 [56], Climate Forecast System
Reanalysis (CFSR) [46] and ERA5 [50,57–61]. Kulkarni et al. [46] evaluated the CFSR, ERA-
Interim and NCEP WS reanalysis data over the Indian offshore region and recommended
ERA-Interim among the three reanalysis datasets. Krishnan and Bhaskaran [41] found
that ERA-Interim is better than CFSR in representing wind climate over BoB. In general,
the availability of long-term reliable and precise data with a higher spatial and temporal
resolution will influence the usage of reference data to evaluate climate model perfor-
mance. In-situ observations and measurements from buoys are limited to specific locations,
whereas satellite-based measurements are not limited in space but are not available over
a long period of time. Due to these constraints, the performance of climate models was
evaluated with reference to reanalysis data in lieu of observational data. A recent study
by Molina et al. [62] found a significant correlation (0.9–0.95) between ERA5 daily WS
and HadISD stations data, and concluded that the ERA5 can be used for validation of
a climate model simulation. Morim et al. [50] considered the atmospheric reanalyses as
powerful tools for modelling and analysis of climate models over spatio-temporal scales,
and used the ERA-Interim and ERA5 for the inter-comparison of AGCM, AOGCM and
ESM in simulating the surface wind fields globally. Further, for the development of offshore
wind farms [60,63,64] and investigation of the climate change impact on offshore wind
energy [59], the ERA5 dataset is used. Over the IO region of the SA domain, Naseef and
Kumar (2020) [58] studied the wind and wind-generated wave climatology using an ERA5
dataset. Hence, the latest ERA5 wind data was used as a reference dataset, which is an
improved version of its predecessor ERA-Interim [65–67]. The reference wind datasets
(ERA5) were downloaded from Copernicus Climate Change Service Climate Date Store
(https://cds.climate.copernicus.eu/, accessed on 1 January 2020) at an hourly scale, having
a spatial resolution of 0.25◦ × 0.25◦.

2.2. Methodology

A most popular method [68], and the best in bias reduction among other bias correction
techniques [69], named quantile mapping developed by Li et al. [70] was used for bias
correction. The climate variables (u and v components of near-surface wind speed) from
all the climate models are available at different horizontal grid resolutions (0.44◦ × 0.44◦

for CORDEX RCMs, and for CMIP5 GCMs refer to Table 1). To remove the bias using
the quantile mapping technique and to evaluate the models’ skill, all the models and
reference datasets should be at the same spatial resolution. Hence, each model output
was interpolated to a common horizontal grid resolution of 0.25◦ × 0.25◦ by using the
Climate Data Operator remapbil function [71]. For a detailed description of the bilinear
interpolation method used in the remapbil function, refer to the user guide of the Spherical

https://cds.climate.copernicus.eu/
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Coordinate Remapping and Interpolation Package (SCRIP) [72]. Although the reference
data for the present time slice (2006–2019) are available, we treated it as a future time slice
and bias-corrected to examine the accuracy of bias-corrected present time slice climate
model projections. The normal distribution was fitted to the daily time series of both zonal
and meridional components of WS as it proved to be the best fit, and further correcting
WS components will automatically correct the wind direction. Note that, hereafter, the WS
dataset of climate models is, by default, the bias-corrected dataset.

A devised Relative Score (RS) approach was used to evaluate the performance of
climate models on a daily, monthly, seasonal and annual scale. The RS was calculated using
Equation (1) for each assessment criteria statistic, and it ranged from 0 to 1. RS will be 1 if
the climate model perfectly simulates the observed conditions, and it will be 0 if the model
is poorly simulated. Table 3 lists the Assessment Criteria Statistics (ACS) and weighting
factors used to assess the skill of models, which will be detailed in the following section.
The final rank is assigned to each model based on the Total Relative Score (TRS), which is
the summation of all individual assessment criterion RS in both the time slices.

Relative Score
(

RSij
)
=

ACSj,max − ACSij

ACSj,max − ACSj,min
(1)

Total Relative Score (TRSi) =
n

∑
j=1

RSij Wj (2)

where
RSij = Relative Score of ith model for jth assessment criteria;
ACSij = jth assessment criteria statistic value between ith model and reference data;
ACSj, max = maximum assessment criteria statistic value for the jth assessment criteria

statistic;
ACSj, min = minimum assessment criteria statistic value for the jth assessment criteria

statistic;
Wj = weighting factor;
n= number of assessment criteria.
The climate model’s ability to reproduce the frequency distribution of daily mean

WS was assessed by comparing the climate model’s whole study domain probability
distribution to the ERA5 dataset using the Perkins Skill Score (PSS) [73]. The PSS is a tool
for calculating the area shared by two probability density functions. It has a range of 0 to 1,
with 0 indicating no overlap and 1 indicating perfect overlap. For each climate model, the
RS is calculated using the bias in PSS (BPSS) as an ACS, which is defined as one minus PSS.

PSS = bw

n

∑
i=1

min( fmi, fri) (3)

where n is the number of bins, bw is the bin width, fmi is the frequency density value of the
model in a given ith bin and fri is the frequency density value of reference data in a given
ith bin.

An Empirical Orthogonal Analysis (EOA) was carried out to characterize the spatial
and temporal variability of monthly mean WS over the study domain. In this study, the first
mode of EOF (EOF1), which explains more fractions of total variance, and its corresponding
principal component (PC1), which explains how this EOF1 pattern oscillates over time,
were analyzed. EOF1 was obtained for each GCM and compared with ERA5. The ability of
GCM in reproducing the dominant mode of monthly mean WS climate was evaluated by
calculating the absolute bias in the percentage of variance explained by EOF1, and to assess
GCM performance in representing the spatial oscillating pattern, the whole domain mean
absolute bias (MABEOF1) was calculated as per Equation (4). The correlation coefficient and
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mean absolute bias of PC1 (MABPC1) between GCM and ERA5 were used as assessment
criteria statistics to calculate RS.

MABEOF1 =
∑

ng
i=1 abs(Emi − Eri)

ng
(4)

where ng is the total number of grid cells, and Emi and Eri are the EOF1 magnitude of model
and reference data at ith grid, respectively.

MABPC1 =
∑nm

i=1 abs(Pmi − Pri)

nm
(5)

where nm is the total number of months, and Pmi and Pri are the PC1 magnitude of model
and reference data of the ith month, respectively.

Table 3. Summary of assessment criteria statistics used to evaluate models at various climatic variable scales.

Climate Variable Scale Method/Statistic Assessment Criteria Statistic (ACS) W

Daily mean Perkins Skill Score (PSS) Bias in PSS (BPSS ) 0.5

Spatio-temporal variability

Empirical Orthogonal Function
(EOF) analysis

1. EOF1 variance;
2. EOF1 spatial and PC1 magnitude
3. PC1 pattern

Empirical Orthogonal Function
(EOF) analysis

1. Absolute Bias (AB);
2. Mean Absolute Bias of

EOF1(MABEOF1) and PC1
magnitudes (MABPC1);

3. 1 − r

1

Annual cycle Statistical significance of positive ‘r’ Pir 1

Annual mean
Statistical significance of bias Percentage of statistically significant

bias (Pb)

0

Seasonal mean 1

Annual mean trend Mann–Kendall (MK) test
Theil-Sen slope

Mean Absolute Bias of trend
(MABtrend)

1

Seasonal mean trend 1

W= weighting factor
r = correlation coefficient

Pir= percentage of statistically insignificant positive correlation coefficient

The ability of the climate model to reproduce the annual cycle pattern as observed
by ERA5 was assessed using the correlation coefficient. The long-term monthly mean
was determined by averaging the monthly WS across a 27-year period for the historical
time slice and 14-year period for the present time slice (with a sample size of 12). The
t-test at a significance threshold of 0.001 was used to calculate the statistically significant
positive correlation between the climate model and ERA5. For each GCM, the percentage
of statistically significant positive correlation (Pr) was calculated by taking the ratio of
the number of significant grid points to the total number of grid points in the study
domain. Finally, the percentage of statistically insignificant positive correlation coefficient
(Pir = 1 − Pr) was used as ACS.

The annual and seasonal mean wind speeds were calculated for all climate models
and ERA5 at every spatial grid location of the study region. In general, the model bias is
defined as the modelled dataset minus the referenced dataset, that represents the deviation
of the model dataset from the reference dataset. To evaluate the statistical significance of
this bias, a t-test was used with a significance level of 0.001. The percentage of statistically
significant bias (Pb, ratio of the number of significant bias grid points to the total number of
grid points) is computed and used as ACS to calculate RS.
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The models’ ability to capture the observed trend was tested. The Mann–Kendall (MK)
non-parametric rank-based test [74,75] was used to identify the monotonic trend and the
Theil-Sen slope [76] was used to estimate the magnitude of the trend in annual mean and
seasonal mean WS. Wang et al. [77] recommended to increase the significance level and
sample size/time series to improve the power of the MK test. As a result, in this study the
significance level of 0.1 was used. The whole domain mean absolute bias (MABtrend) in
trend magnitude was estimated using Equation (6) and used to calculate RS.

MABtrend =
∑

ng
i=1 abs(βmi − βri)

ng
(6)

where ng is the total number of grid cells, and βmi and βri are the model and reference
trend magnitude at ith grid, respectively.

3. Results and Discussion

The literature [40,78–81] suggests that an ensemble of multiple climate models per-
forms better compared to individual models. As a result, the skills of the mean ensemble
of all climate models, as well as the top-performing climate models, were evaluated. Due
to the complex topography over continents, the performance of climate models over the
ocean and land may differ, so the skill of climate models in reproducing the WS over ocean
and land was assessed separately in this study.

3.1. Skill of Climate Models in Reproducing WS Climate over Diverse Climate Variable Scales
3.1.1. Daily Mean Wind Speed

The entire SA domain frequency distribution of daily mean WS was captured well by
all the individual GCMs and RCMs with a minimum PSS of 0.9545 and 0.9449, respectively.
Over both regions of the SA domain, a similar PSS was observed in both time slices. In the
case of RCMs driven by the same GCMs, RegCM type RCMs had a higher ACS (i.e., lower
skill) compared to RCA type RCMs over the SA domain ocean (Figure 2). The frequency
distribution differed greatly (resulted in higher PSS) for MMEs (models 29 and 32) due
to averaging while determining the ensemble mean WS from the corresponding models.
Table S1 tabulates the computed RS (sum of RS acquired for each time slice) of each climate
model over the SA ocean and land.

Climate 2022, 10, × FOR PEER REVIEW 9 of 27 
 

 

statistically significant bias (𝑃 , ratio of the number of significant bias grid points to the 
total number of grid points) is computed and used as ACS to calculate RS. 

The models’ ability to capture the observed trend was tested. The Mann–Kendall 
(MK) non-parametric rank-based test [74,75] was used to identify the monotonic trend 
and the Theil-Sen slope [76] was used to estimate the magnitude of the trend in annual 
mean and seasonal mean WS. Wang et al. [77] recommended to increase the significance 
level and sample size/time series to improve the power of the MK test. As a result, in this 
study the significance level of 0.1 was used. The whole domain mean absolute bias 
(𝑀𝐴𝐵 ) in trend magnitude was estimated using Equation (6) and used to calculate RS. 

𝑀𝐴𝐵 =  ∑ 𝑎𝑏𝑠(𝛽 − 𝛽 )𝑛  (6) 

where 𝑛  is the total number of grid cells, and 𝛽  and 𝛽  are the model and reference 
trend magnitude at ith grid, respectively. 

3. Results and Discussion 
The literature [40,78–81] suggests that an ensemble of multiple climate models per-

forms better compared to individual models. As a result, the skills of the mean ensemble 
of all climate models, as well as the top-performing climate models, were evaluated. Due 
to the complex topography over continents, the performance of climate models over the 
ocean and land may differ, so the skill of climate models in reproducing the WS over ocean 
and land was assessed separately in this study. 

3.1. Skill of Climate Models in Reproducing WS Climate over Diverse Climate Variable Scales 
3.1.1. Daily Mean Wind Speed 

The entire SA domain frequency distribution of daily mean WS was captured well 
by all the individual GCMs and RCMs with a minimum PSS of 0.9545 and 0.9449, respec-
tively. Over both regions of the SA domain, a similar PSS was observed in both time slices. 
In the case of RCMs driven by the same GCMs, RegCM type RCMs had a higher ACS (i.e., 
lower skill) compared to RCA type RCMs over the SA domain ocean (Figure 2). The fre-
quency distribution differed greatly (resulted in higher PSS) for MMEs (models 29 and 32) 
due to averaging while determining the ensemble mean WS from the corresponding mod-
els. Table S1 tabulates the computed RS (sum of RS acquired for each time slice) of each 
climate model over the SA ocean and land. 

 
Figure 2. Assessment Criteria Statistic (ASC) summary of CMIP5 GCMs and CORDEX RCMs in 
reproducing frequency distribution of daily mean wind speed over South Asian (SA) domain for 
historical period (1979−2005) (green solid line), over SA domain for present period (2006−2019) 
(green dashed line), over ocean for historical period (blue solid line with triangle markers), over 
ocean for present period (blue dashed line with circle markers), over land for the historical period 
(orange solid line with plus sign markers) and over land for present period (orange dash line with 
square markers); ASC (Bias in Perkins Skill Score (𝐵 )) on y-axis and Model ID on x-axis. 

  

Figure 2. Assessment Criteria Statistic (ASC) summary of CMIP5 GCMs and CORDEX RCMs in
reproducing frequency distribution of daily mean wind speed over South Asian (SA) domain for
historical period (1979–2005) (green solid line), over SA domain for present period (2006–2019) (green
dashed line), over ocean for historical period (blue solid line with triangle markers), over ocean for
present period (blue dashed line with circle markers), over land for the historical period (orange solid
line with plus sign markers) and over land for present period (orange dash line with square markers);
ASC (Bias in Perkins Skill Score (BPSS)) on y-axis and Model ID on x-axis.

3.1.2. Spatio-Temporal Variability of Monthly Mean Wind Speed

The ability of GCMs and RCMs in reproducing the magnitude and pattern of EOF1
and PC1 is discussed in this section. The ACS summary of each GCM and RCM is shown
in Figure 3c–f, and estimated RS is tabulated in Table S2. The climate models’ ACS was
almost same in both time slices, and it was lesser over SA land compared to the ocean.
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The ERA5 historical monthly mean WS EOF1 accounted for 67.71%, 56.14% and 65.19% of
the total variance over the ocean, land and entire SA domain, respectively. The maximum
WS variability was observed along the flow of Somali Jet (Figure 3a). Most of the climate
models had AB below 8% in representing the percentage of variation, whereas model 5 had
a maximum of 16.43% AB over SA ocean in the present time slice. Overall, the GCMs 15 and
17 (26_REMO) showed higher skill in capturing the spatio-temporal variability of monthly
mean WS over the SA ocean and SA land relative to all individual GCMs (RCMs) (Table S2).
All the parent GCMs outperformed RCMs over the ocean region of the SA domain, whereas
over the land region of the SA domain, RCMs (excluding RCMs driven by 14, 19 and 20)
showed higher skill relative to parent GCM. When the MMEs of CMIP5 and CORDEX were
compared over the SA domain, the MME_CMIP5 skill was found to be greater (11.66 %
over ocean and 5.83 % over land) than MME_CORDEX (Table S2). Even though MMEs
showed poor skill in estimating the EOF1 variance (AB > 8.5% over ocean and AB > 14%
over land), both MMEs showed greater skill in reproducing the EOF1 pattern, PC1 pattern
and PC1 magnitude compared to most individual climate models (Figure 3c–f). All climate
models showed higher skill over land relative to ocean because of less variability of the
monthly mean WS over land.Climate 2022, 10, × FOR PEER REVIEW 11 of 27 
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Figure 3. (a) The first empirical orthogonal function (EOF) of ERA5, and (b) first principal component
(PC1) of ERA5 EOF1 historical monthly mean near-surface wind speed (WS) over South Asian (SA)
domain. (c–f) Assessment Criteria Statistic (ASC) summary of CMIP5 GCMs and CORDEX RCMs in
representing the spatio-temporal variability of monthly mean WS over South Asian (SA) domain for
historical period (1979–2005) (green solid line), over SA domain for present period (2006–2019) (green
dashed line), over ocean for historical period (blue solid line with triangle markers), over ocean for
present period (blue dashed line with circle markers), over land for the historical period (orange solid
line with plus sign markers) and over land for present period (orange dash line with square markers);
ACS (AB = absolute bias; MAB = mean absolute bias, r = correlation coefficient) on y-axis and Model
ID on x-axis.
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3.1.3. Annual Cycle

The computed entire domain mean correlation coefficient ranged from 0.68 to 0.9 over
the SA domain. All the climate models showed higher Pir over the land compared to ocean
in capturing annual cycle variation over the SA domain (Figure 4). The Pir was the same in
both study time slices for most climate models over the SA domain. The climate models
were sorted in descending order of their skill, based on computed RS, tabulated in Table S3.
Over the SA ocean, models 26_REMO (MPI-M-MPI-ESM-LR(REMO2009)), 26 (MPI-ESM-
LR) and 27 (MPI-ESM-MR) performed well in both time slices with least Pir. The 26_REMO
not only performed well over the ocean but was also the top-performing model over land.
Over the SA land, the ensemble of twenty-eight GCMs (MME_CMIP5) had a higher skill
in capturing annual cycle variation relative to all individual GCMs. The MMEs showed
similar skill in capturing annual cycle patter; however, MME_CORDEX had a slightly
higher (4.62% over ocean and 8.68% over land) RS compared to MME_CMIP5 (Figure 4 and
Table S3). Models 24 and 25 showed lower skill over both ocean and land. The 27_RegCM
showed poor skill in capturing the annual cycle pattern over the SA domain, even though
its parent GCM MPI-ESM-MR showed moderate skill. Parent GCMs performed better
in capturing annual cycle variation than RegCM type RCMs, except for model 10. This
inference agrees with Herrmann et al. [82], who observed that parent GCMs show a higher
correlation than RCMs in capturing annual cycle variation over South East Asia.
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Figure 4. As in Figure 2, but this summarizes the climate model’s skill in capturing annual cycle
pattern; percentage of statistically insignificant positive correlation coefficient (Pir, %) on y-axis and
Model ID on x-axis.

3.1.4. Seasonal Mean Wind Speed

The current study domain has a distinct weather system with three different monsoons.
In all seasons, the mean WS was strengthening along the coastal region of Kenya and
Somalia, the western part of Sumatra, and weakening over the northwestern BoB along
the Indian coast (Figure S1). The ERA5 accurately captured the most well-known tropical
low-level jet known as the Somali Jet (Figure S1), which plays a major role in wave climate
over AS [83]. In all seasons, a higher percentage of statistically significant bias (Pb) was
observed over land compared to the ocean region of the SA domain, and Pb was higher in
the historical time slice (Figure 5a–c). Over the SA ocean, the pre-monsoon (February–May)
mean WS climate was well-captured by 26_REMO, 10_RCA, 11, 3, 27,6_RegCM and 10
climate models. Only 26_REMO performed well over the ocean and land regions of the SA
domain in all seasons. Among CMIP5 GCMs, after ACCESS1.0 (model 1), the MPI-ESM-MR
(model 27) showed a higher skill in capturing seasonal mean WS (Figure 5d). MPI-ESM-LR
(model 26) and MPI-ESM-MR have similar model dynamic components, whereas the
former had a higher skill because of its higher spatial resolution. Müller et al. [84] found a
reduction in biases of upper-level zonal wind and atmospheric jet stream position in the
northern extratropics by MPI-ESM1.2-HR, which is a successor to MPI-ESM1.2-LR with
a higher spatial resolution (~twice). A recent study by Desmet and Ngo-Duc [85] found
MPI-ESM1.2-HR as the best CMIP6 GCM in representing seasonal 850-hPa wind over South
East Asia for the historical period 1985–2014. Thus, findings from this study may help
the research community to directly choose the climate model with similar model dynamic
components from CMIP6 GCMs. Models 24 and 25 consistently showed poor skill with
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higher Pb over the SA domain in all seasons (Figure 5). These models are not recommended
in inter-seasonal variation studies.
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Figure 5. (a) Represents the Assessment Criterion Statistic (ACS) summary of climate models in
simulating pre-monsoon (February–May) mean wind speed over South Asian (SA) domain for
historical period (1979–2005) (green solid line), over SA domain for present period (2006–2019) (green
dashed line), over ocean for historical period (blue solid line with triangle markers), over ocean for
present period (blue dashed line with circle markers), over land for the historical period (orange solid
line with plus sign markers) and over land for present period (orange dash line with square markers);
percentage of statistically significant bias (Pb, %) on y-axis and Model ID on x-axis. (b) As in (a), but
for monsoon season (June–September). (c) As in (a), but for post-monsoon season (October–January).
(d) Relative Score (RS) (summation of relative score over both time slices) of each climate model in
simulating seasonal mean wind speed, over ocean (blue solid line) for pre-monsoon (circle markers),
monsoon (triangle markers), post-monsoon (diamond markers) and for all three seasons (thick solid
blue line with cross sign markers), and over land (orange dashed line) for pre-monsoon (filled square
markers), monsoon (plus sign square markers), post-monsoon (cross sign square markers) and for all
three seasons (thick solid orange line with square markers).

Model 1, which performed well over the SA land has shown moderate skill over
the SA ocean in all seasons. Further, model 23 performed well over the SA ocean, but
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it showed moderate performance over SA land in all seasons. Models 9_RegCM and
19_RegCM showed good skill in pre-monsoon and monsoon relative to post-monsoon over
the SA ocean (Figure 5d). Thus, the model that performs well in one particular season or
region does not necessarily perform well in another season or region. This emphasizes the
importance of assessing the climate model skill over different seasons and regions (land
and ocean).

The MME_CMIP5 (model 29) and MME_CORDEX (model 32) had similar skills
over the SA ocean in all seasons, except in monsoon season. Over the SA land, the
MME_CORDEX showed higher skill than MME_CMIP5 in representing all seasonal mean
WS. However, both MMEs showed moderate skill relative to the top-performing climate
model (Figure 5d). Thus, the ensemble of all climate models need not be considered as a
reliable one. In the top ten performing climate models over land, most of them were RCMs
rather than GCMs; however, over the ocean, most of GCMs were in the top-performing
climate models compared to RCMs (Table S4). Thus, RCMs’ WS projections can be used
over land in inter-seasonal studies, rather than GCMs.

3.1.5. Seasonal Mean Wind Speed Trend

The skill of the climate models to capture the seasonal mean WS trend was assessed
by calculating the mean absolute bias of trend magnitude. The statistically significant
increasing trend was observed along this Somali Jet as shown in Figure 6d. However,
in the present time slice, the decreasing monsoon WS trend was observed along most
regions of the Somali Jet and was higher over the south of the equatorial region, most
of AS and BoB (Figure 6e), which indicates the weakening of the south-west monsoon.
In all seasons, the MAB of the climate model in capturing the seasonal mean WS trend
was higher over the SA ocean than on land, and less variance in MAB was observed over
SA land (Figure 6c,f,i). This is because the WS trend varied less across the land. Tables
S5–S7 show the computed RS of each climate model for each season. Model 26_REMO
consistently showed better skill in capturing the seasonal mean WS (Figure 5), whereas
it failed to capture the seasonal mean WS trend over both ocean and land in all seasons
(Figure 6). The seasonal mean WS trend was reliably captured by none of the individual
climate models over the SA domain. Tian et al. [86] evaluated the skill of all CMIP5 GCMs
considered in this study (except models 5 and 9) in reproducing the WS trend relative to
observation data from the Integrated Surface Database, initiated by the National Centers
for Environmental Information for 1979–2005 over the Northern Hemisphere. They found
CMIP5 GCMs show poor skill in simulating the long-term temporal trends of surface winds.
However, the ensemble of all GCMs (MME_CMIP5; model 29) has consistently performed
well in capturing the seasonal mean WS trend over ocean and land (Figure 6). On the other
hand, MME_CMIP5 failed to capture the seasonal mean WS over both ocean and land
(Figure 5). Thus, climate models’ ability to capture the seasonal mean WS and its trend vary.
This emphasizes the need of assessing whether a climate model can reproduce a climatic
variable’s mean and trend. MME_CORDEX also showed a skill similar to MME_CMIP5
over land, but it showed moderate skill in capturing the seasonal mean WS trend over the
ocean (Table S8). We can ascribe the benefit/detriment of the MMEs to the compensation
of individual climate model biases during a mean arithmetic operation. However, selecting
the appropriate climate models as part of the ensemble member is critical. Model 24 showed
very poor skill in capturing seasonal mean WS trend, followed by 25 and 11.
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Figure 6. The ERA5 pre-monsoon mean wind speed trend maps with stippling for (a) historical
(1979–2005) and (b) present time slice (2006–2019), where the stippled grid cells indicate the location
where trend is statistically significant (p < 0.1). (c) As in Figure 2, but this figure represents mean
absolute bias (MAB, cm/s/yr) of climate models in reproducing the ERA5 pre-monsoon mean wind
speed trend; MAB on y-axis and Model ID on x-axis. (d–f) As in (a–c), but for monsoon season. (g–i)
As in (a–c), but for post-monsoon season.

3.1.6. Annual Mean Wind Speed and Its Trend

Over the ocean, most of the climate models showed less Pb (close to zero) in represent-
ing annual mean WS climate (Figure 7) and more (on average 8.7 times in the historical
period) in representing seasonal mean WS (Figure 5). The 27-years annual mean WS was
the same as the mean of all daily WS due to bias correction with the quantile mapping
technique. This technique ensured that all the statistical properties of the model matched
well with reference data over the considered time slice. However, the statistical properties
of models and the reference dataset might not match well over the intermediate time slice,
which led to higher bias over the seasonal scale. As a result, the climate models’ skill was
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evaluated as a seasonal scale considering the weighting factor as one, and zero for the
annual mean WS climate assessment. Increasing annual mean WS was observed over most
parts of the SA ocean in the historical time slice, whereas the decreasing trend was observed
in the present time slice (Figure 7e,f). The decreasing trend of 1–2 cm/s/yr was observed
along the central east and west coast of India, and the same was reported by Shanas and
Kumar [87]. Most of the models showed a similar skill in reproducing the observed annual
mean WS trend, whereas model 11 showed poor skill with higher MAB over the SA ocean
(Figure 7g). A statistically significant increasing trend was observed over most parts of the
SA ocean in the historical time slice, whilst the significant decreasing trend was observed in
the present time slice in all seasonal and annual scales (Figures 6 and 7). All of the models
failed to reflect this shift in trend pattern and magnitude, resulting in a larger MAB in the
present time slice. The estimated RS of each climate model in capturing the annual mean
WS trend is tabulated in Table S9.
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Figure 7. Annual mean wind speed (WS) spatial maps of ERA5 for the (a) historical (1979–2005) and
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mean WS (∆, %). (d) As in Figure 2, but this figure summarizes the climate model’s skill in simulating
annual mean WS; percentage of statistically significant bias (Pb, %) on y-axis and Model ID on x-axis.
(e,f) As in Figure 6, but for annual mean WS trend.
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3.2. Construction of Best-Performing Models

Even though the climate models’ skills were different over climate variable scales,
there were a few models that consistently performed well over most of the climate variable
scales. To identify those models, the computed Relative Score in each climate variable
scale was added together as per Equation (2) to obtain the Total Relative Score (TRS). The
estimated TRS of all CMIP5 GCMs and CORDEX RCMs is summarized in Figures 8 and 9.
In this study, an attempt was made to determine the number of climate models that should
be incorporated while building an ensemble model. The climate models were first separated
into the optimal number of groups based on the estimated TRS using the k-mean clustering
with silhouette score criterion. Further, the two-sample t-test was used to test whether the
groups were statistically significantly different from each other or not at a significant level of
5%. For example, the skill of CMIP5 GCMs was evaluated over the ocean and divided into
twelve groups with an average silhouette score of 0.90 (Figure 8a). Model 27 showed very
good skill, followed by group 2 models (model 10 and 13) (Figure 8a). The two-sample t-test
was used to test whether model 27 was statistically significantly different from group 2
(model 10 and 13) or not. The result indicates that there was no statistically significant
difference between group 1 and 2 with a p-value of 0.0737. Hence, the first two groups
of climate models were merged to form a new cluster (models 27, 10 and 13). Further, it
was found that the new cluster was statistically significantly different from group 3 with
a p-value of 0.0136. As suggested by several works of literature, multi-model ensemble
climate models performed better than individual climate models, the skill of the climate
model constructed from the mean ensemble of the top three CMIP5 GCMs (model 30) was
assessed and greater improvements were observed in all climate variable scales, except in
capturing the frequency distribution of the daily mean WS and EOF1 variance (Figure 8b).
The TRS of constructed climate model 30 was 4.2% higher than model 27 (Figure 8e). A
similar analysis as mentioned earlier was carried out for CORDEX RCMs and found that
the resultant cluster from the first five group models (group 1:10_RCA, group 2: 26_REMO
and 6_RCA, group 3: 32, group 4: 9_RCA and 10_RegCM, and group 5:14_RCA) was
statistically significantly different from group 6 with a p-value of 0.039. Since the 14_RCA
model has not performed well in the present time slice (Figure 7c), unlike other models,
the model 33 was constructed from the ensemble of five top-performing CORDEX RCMs
(10_RCA, 26_REMO, 6_RCA, 9_RCA and 10_RegCM) over the ocean in both time slices.
Model 33 performed well relative to all individual CORDEX RCMs over the ocean and had
a 10.54% higher TRS than 10_RCA (Figure 8d). No individual RCM or GCM was found
to perform well in capturing the mean WS trend, whereas the models constructed from
top-performing models (model 30 and model 33) showed considerable improvement in
capturing the observed mean WS trend over the ocean (Figure 8b,d).

Over land, the CMIP5 GCMs were divided into seventeen groups with an average
silhouette score of 0.96 (Figure 9a). Not even a single model consistently performed well
in all climate variable scales. Models 1, 27 and 15 showed relatively better skill in some
of the climate variable scales. Model 1 showed better performance than 27 and 15 in
reproducing seasonal mean WS, whilst the seasonal and annual mean WS trend was well
captured by models 27 and 15 compared to model 1 (Figure 9b). The two-sample t-test was
used to evaluate whether models 1 and 27 were statistically significantly different from
group 3 (models 15 and 29) or not. It was found that there was no statistically significant
difference between the model 27 and group 3 with a p-value of 0.1049, so the model 27
could be added to group 3. A statistically significant (p-value of 0.042) difference was
observed between model 1 and new group 3 (27, 15 and 29). Since the p-value was close
to 0.05 (assumed significant level), and to obtain an added advantage of these models,
the ensemble of all these three models’ (with Model ID 34) skill was also evaluated. The
results are not as expected in reproducing seasonal mean WS, but an improvement was
observed in capturing annual and seasonal mean WS trends. In the case of CORDEX
RCMs’ skill over land, 26_REMO was good at reproducing the wind climate well over
both the time slices compared to all individual CORDEX RCMs, and it was statistically
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significantly different from group 2 (26_RCA, 32, 14_RCA and 9_RCA) with a p-value of
0.0081 (Figure 9c). Moreover, the 26_REMO was the only individual RCM that showed
good skill over ocean and land.
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The estimated TRS of all climate models along with the best-performing models over
the SA domain are shown in Figure 10. It was observed that the ranking of climate models is
controlled by the assessment criteria chosen. So, by comparing the rank awarded to a model
without considering the individual assessment criteria as one scenario, the sensitivity of
the model rank with individual assessment criteria was explored. It was found that the
best-performing models’ (model 30 over ocean; 26_REMO over land) and worst-performing
models’ (27_RegCM over ocean; models 24 and 25 over land) ranks are the least sensitive
to the chosen assessment criteria (Figures S2 and S3).
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3.3. Inter-Comparison of CMIP5 GCMs and CORDEX RCMs

The best-performing climate models in simulating the WS climate over the SA domain
were constructed from CMIP5 GCMs and CORDEX RCMs. Now, to answer whether the
high-resolution CORDEX RCM performs better than low-resolution CMIP5 GCMs in simu-
lating the WS over the SA domain, we conducted the inter-comparison of climate models.
Over the ocean, all the parent GCMs showed higher skill compared to all RCMs, except
for 6_RCA (Figure 10a). Chowdhury and Behera [7] used the bias-corrected WS from four
CMIP5 GCMs and four CORDEX RCMs as a driving force to the numerical wave model to
hindcast the wave climate over the IO, and they also found that ensemble GCMs outper-
form ensemble RCMs. Therefore, presuming RCMs will simulate the regional climate better
than GCMs over the ocean and using them in an impact assessment without explicit evalu-
ation is strongly discouraged. However, over SA land, all the RCMs (except 27_RegCM and
17_RCA) showed higher skill compared to the parent GCMs (Figure 10b). This highlights
the added value of using higher spatial resolution RCMs over land. Feser et al. [88] showed
that the advantage of using dynamical downscaling regional models compared to driven
global climate models in simulating WS can be seen only over complex orographic and
coastal areas, unlike over the open ocean. A considerable improvement was observed
from the ensemble of best-performing models over the ocean, irrespective of the type of
climate model (GCM/RCM) used in the ensemble. Moreover, the best-performing models
(model 30 and model 33) over the ocean differed only by 2.1% in the TRS. However, over
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the land, no added value was observed from the ensemble of the best-performing model
(model 34), but it was close to the top-performing GCM (model 1). Thus, the meticulous
construction of an ensemble model after the rigorous analysis of individual model potential
is important rather than the type of climate model being used (whether it is GCM or RCM).

The selection of RCM based on the parent GCM’s performance for wind-driven
process modelling over the ocean is not recommended because most of the parent GCMs
outperform the RCMs over the ocean. For example, 27_RegCM is the worst-performing
RCM, which is driven by the best-performing GCM (model 27) (Figure 10a). Most of
the studies over the SA domain used the WS from climate models without explicitly
evaluating their skill in understanding the impact of climate change on the future wave
climate, shoreline evolution and assessment of future wind energy potential [89–93]. It is
recommended and worth reinvestigating the aforementioned studies using the identified
best-performing climate model from this study to reduce the model-based uncertainty.
Models 24 (MIROC-ESM) and 25 (MIROC-ESM-CHEM) showed very poor skill relative
to all climate models, and a similar skill of the aforementioned models was reported by
Tian et al. [86] over the Northern Hemisphere. Therefore, it is strongly recommended not
to use MIROC-ESM and MIROC-ESM-CHEM WS projections in climate change impact
studies over the SA domain.

In addition to quantifying the skill of climate models, it is important to understand
and investigate the root causes behind the difference in skill of climate models. For ex-
ample, Kunz et al. [34] analyzed the WS from two RCMs and found that the Consortium
for Small-Scale Modelling Climate Local Model (COSMO CCLM) is underestimating the
intense wind (>8 Bft) due to the lack of physics-based gust parameterization compared to
the Regional Model (REMO). Kulkarni et al. [46] assessed the performance of three RCMs
and their driving GCMs in simulating offshore wind climate along the Indian coast and
attributed the inability of CORDEX RCMs to the lack of land-atmosphere-sea coupling
compared to the parent GCMs. Even though the Roosby Centre Regional Atmospheric
(RCA) and Regional Climatic Model (RegCM) type RCMs had a similar spatial resolution,
the RCA type RCMs performed better in simulating WS than the RegCM type RCMs
over both the ocean and land of the SA domain, and this can be attributed to the dif-
ference in model configuration (Figure 10). The details about RCA and RegCM models
are presented in Samuelsson et al. [94] and Giorgi et al. [95], respectively. Even when
simulating precipitation, four RCMs differed in skill, despite being forced with the same
lateral boundary conditions [37]. Thus, the model configuration could play a more major
role than the spatial resolution itself. In the current study, we assessed the skill of thirteen
Earth System Models (ESMs), two ChemESMs and thirteen Atmospheric-Ocean GCMs
(AOGCMs); it was expected that ESMs should perform well compared to AOGCMs as it
considered the higher number of processes and more dynamical components. Interestingly,
the top-performing individual GCMs in representing the WS over the SA ocean and land
were ESM (27-MPI-ESM-MR) and AOGCM (1-ACCESS1.0), respectively. On the other hand,
the worst-performing model was ESM (model 24). Desmet and Ngo-Duc [85] evaluated
the skill of CMIP6 GCMs, and it was observed that ACCESS-CM2 (AOGCM) had a higher
skill score than ACCESS-ESM1 (ESM) in representing precipitation and 850 hPa wind over
South East Asia. This led to the question of what specifically in the model configuration
attributed to the skill of GCMs in representing WS. A recent study by Morim et al. [50]
found that improving the atmospheric component results in a greater reduction in WS
bias compared to the land surface component, ocean component, sea-ice component, land-
carbon and ocean-carbon components of the particular GCM. Since the added advantage
of the carbon-cycle component is not reflected in the simulation of WS, Morim et al. [50]
expected no major change in the WS simulation of CMIP6 GCMs (with the carbon-cycle
component) at decadal time slices. In contrast, Krishnan and Bhaskaran [43] found a signif-
icant improvement in CMIP6 GCMs’ WS simulation over BoB compared to CMIP5 GCMs.
This indeed requires more attention for analyzing each climate model’s configuration using
the estimated skill to answer the contribution of each dynamical component in representing
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WS. In this study, the relative skill of CMIP5 GCMs and CORDEX RCMs in representing
WS over the SA domain is presented. However, analyzing the skill of climate models by
generating spatial bias maps in each climate variable scale will aid in identifying where the
particular climate model shows significant bias. Then, the mechanisms responsible for bias
over a region can be studied by examining the spatial variability maps of sea level pressure,
sea surface temperature and surface air temperature [37,82,96].

4. Conclusions

This paper assessed the skill of all available sixteen CORDEX RCMs and twenty-eight
CMIP5 GCMs in simulating near-surface wind speed (WS) over the South Asian (SA)
domain using the developed Total Relative Score method. Further, to answer whether
the RCMs showed any benefit in simulating WS rather than their parent GCMs, the inter-
comparison between RCMs and GCMs was carried out. The ability of the climate model’s
performance was assessed relative to ERA5 in representing the entire domain frequency
density of daily mean WS, capturing the annual cycle WS pattern, reproducing the mean
and trend of annual and seasonal mean WS and finally in reproducing the dominant
variation pattern of monthly mean WS using suitable assessment criteria. The following
conclusions are drawn from this study:

• Over the SA domain, model 30 (constructed from mean ensemble of MPI-ESM-MR,
CSIRO-Mk3.6.0 and GFDL-ESM2G GCMs) and REMO2009 RCM driven by MPI-M-
MPI-ESM-LR GCM perform well over ocean and land, respectively.

• It is recommended to use the WS projections constructed from the mean ensemble
of MPI-ESM-MR, CSIRO-Mk3.6.0 and GFDL-ESM2G GCMs for understanding the
impact of climate change on future wave climate, coastal sediment transport and
offshore wind energy potential over the SA ocean region. However, the individual
GCMs can also be used with caution.

• Over the SA land region, the REMO2009 RCM driven by MPI-M-MPI-ESM-LR GCM
WS projections can be used for assessing climate change impact studies on evapotran-
spiration, onshore wind energy potential and air pollution modelling.

• MIROC-ESM and MIROC-ESM-CHEM GCMs show very poor skill in representing
WS over SA ocean and land regions, and these GCMs are strongly not recommended
in understanding the wind-driven processes.

• All the parent GCMs show higher skill compared to all RCMs, except for 6_RCA,
over the SA ocean region. Conversely, over the SA land region, all the RCMs (except
27_RegCM and 17_RCA) show higher skill compared to the parent GCMs. This
concludes that the RCMs show significant added value over land, unlike over the
open ocean.

• Most of the parent GCMs outperform the RCMs over the SA ocean region. Using
the RCM WS projections based on the corresponding parent GCM performance
in wind-driven models for climate change impact and policymaking is strongly
not recommended.

• The ensemble of all climate models need not be always considered as reliable. However,
the meticulous construction of the ensemble model after the rigorous analysis of
individual model potential is important, rather than the type of climate model being
used (whether it is GCM or RCM).

• It is observed that improving spatial resolution itself does not improve the climate
model skill, whereas model configuration plays a key role. Further, in addition to
quantifying GCM competence, it is critical to comprehend the benefit/disadvantage
added by integrating more dynamical processes (such as carbon cycle dynamics and
bio-geochemical processes) in WS simulation.

A detailed study on understanding the WS spatial bias pattern, investigating the
contribution of different dynamical components in representing accurate WS and analyzing
the future changes in WS pattern over the SA domain will be addressed separately for
CORDEX RCMs and CMIP5 GCMs in a future study.
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Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/cli10060085/s1, Table S1: The Relative Score (RS) of each climate
model (in descending order) in representing the frequency distribution of daily mean near-surface
wind speed over the South Asian Ocean and Land (Note: Here RS is out of 1, which is the summation
of historical time slice RS and present time slice RS); Table S2: The Relative Score (RS) of each climate
model (in descending order) in representing spatio-temporal variability of the monthly mean near-
surface wind speed over the South Asian Ocean and Land (Note: Here RS is out of 8, which is the
summation of climate model RS in representing EOF1 variance and pattern, and PC1 magnitude
and pattern for both study time slices); Table S3: The Relative Score (RS) of each climate model (in
descending order) in capturing the annual cycle variation over the South Asian Ocean and Land
(Note: Here RS is out of 2, which is the summation of historical time slice RS and present time slice
RS); Table S4: The Relative Score (RS) of each climate model (in descending order) in reproducing the
seasonal mean wind speed over the South Asian Ocean and Land (Note: Here RS is out of 6, which
is the summation of RS of a climate model in pre-monsoon, monsoon and post-monsoon seasons
for both study time slices); Table S5: The Relative Score (RS) of each climate model (in descending
order) in reproducing the pre-monsoon mean wind speed trend over the South Asian Ocean and
Land (Note: Here RS is out of 2, which is the summation of the historical time slice RS and present
time slice RS); Table S6: The Relative Score (RS) of each climate model (in descending order) in
reproducing the monsoon mean wind speed trend over the South Asian Ocean and Land (Note:
Here RS is out of 2, which is the summation of historical time slice RS and present time slice RS);
Table S7: The Relative Score (RS) of each climate model (in descending order) in reproducing the
post-monsoon mean wind speed trend over the South Asian Ocean and Land (Note: Here RS is
out of 2, which is the summation of the historical time slice RS and present time slice RS); Table S8:
The Relative Score (RS) of each climate model (in descending order) in reproducing the seasonal
mean wind speed trend over the South Asian Ocean and Land (Note: Here RS is out of 6, which
is the summation of RS of a climate model in pre-monsoon, monsoon and post-monsoon seasons
for both study time slices); Table S9: The Relative Score (RS) of each climate model (in descending
order) in reproducing the annual mean wind speed trend over the South Asian Ocean and Land
(Note: Here RS is out of 2, which is the summation of the historical time slice RS and present time
slice RS). Figure S1: Pre-monsoon (February–May) mean wind speed spatial maps of ERA5 for the
(a) historical (1979–2005) and (b) present time slice (2006–2019). (c) Percentage change of present
time slice pre-monsoon mean wind speed relative to historical time slice pre-monsoon mean wind
speed (∆, %). (d–f) As in (a–c), but for the monsoon season (June–September). (g–i) As in (a–c), but
for the post-monsoon season (October–January); Figure S2: Sensitivity of climate model’s rank with
chosen assessment criteria over ocean part of South Asian domain. Climate model rank obtained by
removing a specific assessment criterion are marked with right pointed triangle markers for without
evaluating daily mean wind speed, square markers for without evaluating the seasonal mean wind
speed, diamond markers for without evaluating the long-term monthly mean wind speed pattern
(annual cycle), left pointed triangle markers for without consideration of the Empirical Orthogonal
Function (EOF) analysis, cross sign markers for without evaluating the annual mean wind speed
trend and plus sign markers for without evaluating seasonal mean wind speed trend. The bubble
size indicates the total of how many cases (out of 7) have given a particular rank to the climate model.
For example, model 30 has secured the first rank in 6 cases (except without the seasonal mean trend
case). The thick black line is the result case obtained by considering all the assessment criteria and it
passes through the largest bubble for 36 ranks out of 48. The interchange of rank is observed between
the climate models whose Total Relative Score is near to each other. Figure S3: As in Figure S2, but
for over the land part of the South Asian domain. For example, model 26_REMO has secured the first
rank in 6 cases (except without the seasonal mean case). However, models 24 and 25 have secured 47
and 46, respectively in all 7 cases.
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