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Abstract: Investigating the role of complex dynamical components of a global climate model (GCM)
in improving near-surface wind speed (WS) simulation is vital for the climate community in building
reliable future WS projections. The relative skill of GCMs in representing WS at diverse climate
variable scales (daily, monthly, seasonal, and annual) over land and ocean areas of the South Asian
domain is not clear yet. With this in mind, this paper evaluated the skill of 28 Coupled Model
Intercomparison Project phase five GCMs in reproducing the WS using a devised relative score
approach. 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 wind-wave climate and offshore wind energy
potential. The inter-comparison of GCMs shows that the GCM with high or low atmospheric
resolution does not necessarily exhibit the best or worst performance, respectively, whereas the
dynamic components in the model configuration play the major role, especially the atmosphere
component relative to other dynamical components. The strengthening of annual and seasonal mean
WS is observed over coastal plains of the United Republic of Tanzania, Oman, eastern Thailand,
eastern Gulf of Thailand and Sumatra, and weakening over the central northern equatorial region of
the Indian Ocean in the 21st century for RCP4.5 and RCP8.5 emission scenarios.
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1. Introduction

Climate change due to an increase in greenhouse gases has a direct impact on at-
mospheric circulation, where the wind is one of the important atmospheric variables
that can significantly affect evapotranspiration, wind energy, and wind-generated ocean
waves [1]. The changes in wave climate make coasts vulnerable to erosion/accretion.
The present wave climate is already affected by climate change; it is expected that by
the end of 2060, sixty percent of the global ocean will be affected by climate change [2].
Developing nations are most vulnerable to damage caused by climate-induced disasters,
as per Wallemacq et al. [3]; climate-related and geophysical disasters killed 1.3 million
people and left a further 4.4 billion injured, homeless, displaced, or in need of emergency
assistance. The development of the renewable energy sector and novel approaches to
adaptation and mitigation strategies over a vulnerable region to counteract climate change
require a proper understanding of future climate change.

Historical and future wind projections are available from several numerical climate
models, which are mathematical representations of the earth’s climate system and helps
us to study how this earth’s climate system as a whole is likely to respond to future
changes in energy flows. The global climate models (GCMs) represent the climate system
on a global scale, and the regional-scale climate variable statistics derived from outputs
of GCMs may or not be the same as predicted statistics at a global level. The climate
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variable data for regional level impact studies can be derived by dynamical downscal-
ing [4-6] and statistical downscaling [7-9]. Although several climate model outputs are
available to the research community, the incomplete knowledge of the climate physics,
simplification/approximation of various numerical schemes, and parameterization of
climate processes that exist at finer spatial resolution lead to inevitable bias and model
uncertainty [10,11]. A recent study by Morim et al. [12] highlights that the uncertainty
in inter-model GCMs surface winds is significant and cannot be neglected. Researchers
have used bias correction techniques to minimize the climate model systematic bias, and to
reduce model uncertainty it is recommended to run an ensemble of models to summarize
the multiple climate projections from different models with the same scenario [10,13-15].
Most of the studies [15-22] investigated the wind climate and wind-generated ocean wave
climate variability using an ensemble of climate models, with or without evaluation of
available all individual models’ competence. Few studies [21,22] reported that an ensem-
ble of the best-performing models outperformed an ensemble of all models. However,
they failed to address the quantitative criteria for selecting climate models as part of an
ensemble. A brief review of skill indicators used for assessing the skill of climate models are
well presented by Raju and Kumar [23]. They observed that most studies failed to report
the basis of selecting a particular indicator, simple methodology to collate the different
skill indicator metrics to a single score to rank GCMs, and technique to select the subset
of GCMs as part of the ensemble. Further studies [24,25] show that constructed best per-
forming GCM is sensitive to the chosen decision technique, the number of skill indicators
considered, and the variable of interest. In the light of the above literature, the current
study devised a comprehensive score-based method for constructing the best-performing
climate model in simulating wind speed.

The skill of CMIP5 GCMs in simulating rainfall [26,27], temperature [28,29], and sea
level pressure [30] has been widely examined. Notable studies [15,21,22,31-33] have
investigated the skill of GCMs in representing near-surface wind speed over the ocean areas
of the South Asia (SA) domain, but the skill of GCMs over land of the SA domain needs to be
investigated further. The skill of GCMs over land may differ from the ocean due to complex
and different topography over continents. The onshore wind farm locations and layout will
depend on the available wind potential and its possible changes in future. This requires
assessing the skill of climate models over land. A study by Mohan and Bhaskaran [21]
evaluated the performance of CMIP5 climate models relative to satellite altimetry data in
representing monthly mean wind speed for a period from 2006 to 2016 over the Indian
Ocean (IO) using Taylor’s skill score and selected the 10 best performing models. It was
found that the model constructed from an ensemble mean of top ten performing models
performed better than an individual model. In general, GCMs are good at representing
long temporal scale mean climate compared to shorter temporal scales, and most structural
designs and climatic change studies require approximately 30 years of data [7]. Further,
Morim et al. [12] show that inter-model uncertainty is two to four times greater than the
uncertainty associated with model internal variability, and assessing the skill of particular
aspects of wind climatology might mislead the performance of GCM. Therefore, Mohan and
Bhaskaran [21] study results can be improved by evaluating the GCMs’ skill over different
climate variable scales (daily, seasonal, and annual) and by increasing the study period to
approximately 30 years. Krishnan and Bhaskaran [22] evaluated the skill of CMIP5 and
CMIP6 GCMs in simulating near-surface wind speed; however, their study was limited
to the Bay of Bengal (BoB). Kulkarni et al. [15] evaluated the skill of 10 CMIP5 GCMs
along with a multi-model ensemble mean of 10 GCMs (MME) and found that the MME
based results on wind extremes and wind potential at the Indian offshore region were more
consistent with Climate Forecast System Reanalysis (CFSR) data than individual GCMs for
the period 1979-2005. The above study results are based on a small number of GCMs and
are confined to the Indian offshore region; nevertheless, there is a potential that including
GCMs and assessing over the entire Indian Ocean offshore regions can reduce model-based
uncertainty. Barthelmie and Pryor [34] show that it is possible to limit the greenhouse gas
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emissions to avoid the 2 °C warming threshold by increasing the potential contribution
of wind energy in supplying 10-31% of electricity worldwide by 2050. Renewable energy
sources, particularly wind energy, are abundant in the South Asian area. As of September
2018, 34,605 MW capacity wind power facilities had been installed in India, making it
the second-largest wind market in Asia after China [35]. The Somali waters, Arabian Sea,
and southern part of North Indian Ocean were identified as the most energy-rich areas
(wind energy density 350-650 W/m?, wave energy density 9-24 KW /m) by analyzing wind
and wave climate for the period 2008-2017 [36]. With proper planning, we can use these
natural resources to close the energy gap and avert a future energy crisis [37]. A reliable
and best way to study the future wave climate is by using future wind as a driving force
in numerical wave models to simulate future ocean waves [5-7]. This requires a reliable
wind speed projection to develop the wind energy sector as climate change mitigation.
Hence, in this study, the skill of CMIP5 GCMs in reproducing the near-surface wind
speed (WS) over ocean and land are assessed separately. The Indian Ocean has a unique
weather system with three different monsoon seasons: pre-monsoon (February-May),
monsoon (June-September), and post-monsoon (October—January). The wind climate over
the Arabian Sea (AS) is dynamic throughout the year with southwest monsoon, northeast
monsoon, and shamal winds [38-41], and resulted in stronger wind and wave climate
over the AS compared to BoB and equatorial region of North Indian Ocean (NIO) [39].
The monsoon winds account for most of the variance in wind field over 1O [41]. During
monsoon, 30% of the wind speed over AS is greater than 10 m/s and whereas it accounts for
just 14% in the BoB [40]. Kumar et al. [42] observed that, the average trend of annual mean
wind speed in shelf seas around India is positive (~1.67 cm/s/yr for western shelf seas
and ~0.93 cm/s/yr for eastern shelf seas); however, a negative trend is observed at some
locations based on ERA-I data from 1998 to 2012. Globally, the maximum rate of increase
in near-surface wind speed is observed between 1991 and 2007 compared to the rate of
increase for the period 1988-2011 [43]. El Nino-Southern Oscillation (ENSO) has significant
impacts on the global climate and it accounts for the major skill source of seasonal-to-
inter-annual climate prediction [44]. As the global climate warms up, the ENSO and sea
surface temperature (SST) exhibit different characteristics. The changes in wind speed
climate over the Indian Ocean region are greatly influenced by local SST and remote ENSO
indices [45]. Under the context of global climate change, it is important to investigate the
possible changes in future wind speed over the ocean and land of the South Asian domain.

It is observed from the literature that accurate wind speed is significant for assess-
ing future changes in wind speed and is a vital driving component in the wave model,
hydrological model, and ocean model. A detailed study over the South Asian domain
considering all available CMIP5 GCMs, assessing their skill in different climate variable
scales (daily, monthly, seasonal, and annual scale) over a longer (approximately 30 years)
study period is essential to reduce the model uncertainty. It is imperative for end-users
of the climate community to have information about the performance of climate models
to estimate the impact of climate change on wind-driven processes. At the same time,
it is crucial to acknowledge the benefits of increasing the complexity of a climate model
by including additional dynamical components (atmosphere, land, ocean, sea-ice, carbon-
cycle, and biogeochemistry) in improving the wind speed simulations. Thus, the current
study compared climate models from the same family that differed in their dynamical
components to better understand the role of different dynamical components in enhancing
wind speed modelling. As noted earlier, different evaluation methods have been used to
evaluate the climate model’s skill. However, a comprehensive evaluation method is still
absent to assess and suggest the best suitable climate model/ensemble of climate models
in reproducing wind speed over diverse climate variable scales. Hence, a new score-based
approach is presented. Further, we also examined the possible future changes in the annual
and seasonal mean wind speed from top-performing climate models under the RCP4.5 and
RCP8.5 scenarios.
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2. Materials and Methods

This study evaluates the ability of available GCMs of the CMIP5 project to simulate
the near-surface wind speed (WS) over the South Asian domain (11° S to 30° N and 26° E
to 107° E, shown in Figure 1). The overall confidence in GCMs’ future projections depends
on their skill in representing the historical climate [46]. In order to understand how the
CMIP5 GCMs represent historical and present wind climate, we used a common historical
period from 1979 to 2005 and a near-present time period ranging from 2006 to 2019. These
periods are selected based on GCMs and ERAS5 wind field data availability.
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Figure 1. Study domain considered for evaluation of CMIP5 GCM'’s skill in representing near-surface
wind speed.

2.1. Datasets
2.1.1. Model Data (CMIP5)

The GCMs of CMIP5 project simulated the WS for historical as well as for the 21st
century by assuming certain scenarios called representative concentration pathways (RCPs).
The daily mean zonal and meridional components of WS for twenty-eight GCMs (tabulated
in Table 1 Model Id 1 to 28) were downloaded from Earth System Grid Federation (ESGF)
portal (https://esgf-node.llnl.gov /search/cmip5/; accessed on 11 January 2021) for the
historical and present time slice. Similar results are expected for all four scenarios (RCP2.6,
RCP4.5, RCP6, and RCP8.5) because of similar radiative forcing in the present time slice [21],
hence for this study, the moderate emission scenario RCP4.5 is considered. We considered
the CMIP5 GCMs data from one realization, initial condition and model physics (rlilpl)
ensemble to study the inter-model variability.
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Table 1. Attributes of CMIP5 GCMs and ERAS5.

Atmospheric Spatial

I\III(]))del Model Acronym Model Institution Resolution (Latitude ° x
Longitude °)
0 ERA5 Fifth-generation European Research Agency 0.25 x 0.25
Australian Community Climate Commonwealth Scientific and Industrial
1 ACCESS1.0 nd Earth Svstem Sir}; lator Research Organisation (CSIRO), Australia, 1.25 x 1.875
a a yste wato and Bureau of Meteorology (BOM), Australia
Australian Community Climate Commonwealth Scientific and Industrial
2 ACCESS1.3 and Earth Svstem Sitrynulator Research Organisation (CSIRO), Australia, 1.25 x 1.875
y and Bureau of Meteorology (BOM), Australia
Beijing Climate Center Climate . .
3 BCC-CSM1.1 -M System Model with Beljing Climate Center, China 11215 x 1125
. Meteorological Administration
Moderate resolution
. Beijing Normal University Earth College of Global Change and Earth System
4 BNU-ESM System Model Science (GCESS), Beijing Normal University 2.7906 x 2.8125
Canadian Coupled Global Canadian Centre for Climate Modelling and
5 CanCM#4 Climate Model Analysis (CCCma) 28125 x 2.8125
6 CanESM2 Canadian Earth System Model ~ Cnadian Centre for Climate Modelling and 2.8125 x 2.8125
Analysis (CCCma)
. Centro Euro-Mediterraneo sui Cambiamenti
7 CMCC-CM CMCC Climate Model Climatici (CMCC) 0.7484 x 0.75
CMCC Climate Model with a Centro Euro-Mediterraneo sui Cambiamenti
8 CMCC-CMS resolved Stratosphere Climatici (CMCC) 1.8653 x 1.875
Centre National de Recherches
CNRM coupled global Meteorologiques and Centre Europeen de
? CNRM-CM5 climate model Recherche et Formation Avancees en Calcul 14008 > 140625
Scientifique (CNRM-CERFACS)
Commonwealth Scientific and Industrial
10 CSIRO-MK3.6.0 CSIRO Mark 3.6.0 model Research Organisation in collaboration with 1875 x 1.875
o - the Queensland Climate Change Centre of ’ ’
Excellence (CSIRO-QCCCE)
Laboratory of
Flexible Global Numerical Modeling for Atmospheric
11 FGOALS-s2 Ocean-Atmosphere-Land System Sciences and Geophysical Fluid Dynamics, 1.6590 x 2.8125
model, Spectral Version 2 Institute of Atmospheric Physics, Chinese
Academy of Sciences (LASG-IAP)
. Geophysical Fluid Dynamics
12 GFDL-CM3 GFDL Coupled Model version 3 Laboratory (GFDL) 2.0 x 2.5
GFDL Earth System Model, an
R isopycnal model using the Geophysical Fluid Dynamics
13 GFDL-ESM2G Generalized Ocean Layer Laboratory (GFDL) 20225 x 25
Dynamics (GOLD) code base
B GDFL Earth System Model with Geophysical Fluid Dynamics
14 GFDL-ESM2M Modular Ocean Model 4 Laboratory (GFDL) 2:0225 2.5
Hadley Centre Global National Institute of Meteorological
15 HadGEM2-AO Environment Model 2 Research/Korea Meteorological 1.250 x 1.875
Atmosphere-Ocean Administration (NIMR/KMA)
Hadley Centre Global
16 HadGEM2-CC Environment Model 2 Met Office Hadley Centre 1.250 x 1.875
Carbon cycle
Hadley Centre Global
17 HadGEM2-ES Environment Model 2 Met Office Hadley Centre 1.250 x 1.875
Earth System
. Institute for Numerical Mathematics of the
18 INM-CM4 INM Climate Model 4 Russian Academy of Sciences (INM) 1.5 x 2.0
19 IPSL-CM5A-LR IPSL Coupled Model version Institut Pierre-Simon Laplace (IPSL) 1.875 x 3.750
5A-Low resolution
20 1PSL-CM5A-MR TS Coupled Model version 5A Institut Pierre-Simon Laplace (IPSL) 1.2676 x 2.500
Mid resolution
IPSL Coupled Model-version 5B
21 IPSL-CM5B-LR new atmospheric physics at Institut Pierre-Simon Laplace (IPSL) 1.875 x 3.750
low resolution
Model for Interdisciplinary p, TosPhere anc Ocean Research st
2 MIROC4h Research on Climate version 4 ¢ LTuversity of Joxyo), Naronal mstitute 0.5616 x 0.5625

with high resolution

for Environmental Studies, and Japan Agency
for Marine-Earth Science and Technology
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Table 1. Cont.

Atmospheric Spatial

I\III(]))del Model Acronym Model Institution Resolution (Latitude ° x
Longitude °)
Atmosphere and Ocean Research Institute
Model for Interdisciplinary (The University of Tokyo), National Institute
23 MIROCS Research on Climate 5 for Environmental Studies, and Japan Agency 1.4008 > 14063
for Marine-Earth Science and Technology
Atmosphere and Ocean Research Institute
24 MIROC-ESM MIROC Earth System Model (L1 University of Tokyo), National Institute 2.7906 x 2.8125
for Environmental Studies, and Japan Agency
for Marine-Earth Science and Technology
Atmosphere and Ocean Research Institute
MIROC-ESM- MIROC Earth.System.Model, (The University of Tokyo), National Institute
25 atmospheric chemistry . . 2.7906 x 2.8125
CHEM coupled version for Environmental Studies, and Japan Agency
P for Marine-Earth Science and Technology
MPI Earth System Model Max Planck Institute for
26 MPIESM-LR Low Resolution Meteorology (MPI-M) 1875 1875
. . MPI Earth System Model Mixed Max Planck Institute for Approximately
z MPI-ESM-MR Resolution Meteorology (MPI-M) 1.875 x 1.875
MRI Coupled Atmosphere-Ocean
28 MRI-CGCM3 General Circulation Model, Meteorological Research Institute (MRI) 1.12148 x 1.125
version 3
29 MME_CMIP5 Multi-Model Ensemble mean of all twenty-eight CMIP5 GCMs 0.25 x 0.25
MME-3_ (27, Multi-Model Ensemble mean of top 3 performed CMIP5 GCMs (Model with ID 27,
30 0.25 x 0.25
10 and 13) 10 and 13) over ocean
31 MME-3_ (1, Multi-Model Ensemble mean of top 3 performed CMIP5 GCMs (Model with ID 1, 025 % 0.25
27 and 15) 27 and 15) over land ' ’

2.1.2. Reference Data (ERAD)

Satellite data [47], ERA-Interim [1,19,48], ERA-40 [49], Climate Forecast System Re-
analysis (CFSR) [50], and ERA5 [12,51] are the commonly used standard reference data to
study and validate wind and wave climate. The in-situ observations and measurements
from buoys are confined to a particular region, whereas satellite measured datasets do not
have any spatial constraint, but they are not available over a long-term historical period.
Due to these constraints, the performance of CMIP5 GCMs is evaluated with reference
to reanalysis data. Kulkarni et al. [52] evaluated the CFSR, ERA-Interim, and NCEP WS
reanalysis data over the Indian offshore region and recommend ERA-Interim among the
three reanalysis datasets. In general, the choice of reference data to evaluate the model
performance will depend on the availability of long-term reliable and accurate data with
higher spatial and temporal resolution. In this study, the latest ERA5 wind data are used as
a reference dataset, which is an improved version of its predecessor ERA-Interim. The wind
data for the historical and present time slice were downloaded from the Copernicus Climate
Change Service (C3S) Climate Date Store (https://cds.climate.copernicus.eu/; accessed on
21 January 2020) at an hourly scale having a spatial resolution of 0.25° x 0.25°. The ERA5
is assigned a model id ‘0’ in the present study, as shown in Table 1.

2.2. Methodology

An error or bias is present in the climate model output because of incomplete knowl-
edge/representation of various geophysical sub-processes, numerical approximations,
parametrizations, and empirical formulae. A most popular method [53] and best in bias
reduction among other bias correction techniques [11] named quantile mapping developed
by Li et al. [54] is used for bias correction. In this method, to remove the bias we will match
the cumulative distribution function (CDF) of the climate model (CMIP5 GCM) with CDF
of reference (ERA5) data quantile by quantile. For doing bias correction the model WS
interpolated to reference data spatial resolution of 0.25° x 0.25° by bilinear interpolation.
Here, the historical reference and model data refer to a period of 27 years from 1979 to
2005. Although the reference data are available for the present time slice (2006-2019),
we consider it as a future time slice and applied the bias correction to test how close the
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model’s bias-corrected present projections are to reference data. In this study, the normal
distribution was fitted to the daily time series of both u and v components of WS as it
proved to be the best fit, and correcting the zonal and meridional components of WS will
automatically correct the wind direction. From now onward, the wind field dataset of
GCMs is by default the bias-corrected dataset.

2.2.1. Relative Score (RS)

The performance of models was assessed on daily, monthly, seasonal, and annual
scales using a developed relative score-based approach. The relative score was computed
for each assessment criteria statistic as per Equation (1), and RS varies between 0 to 1. If the
model simulates the observed conditions perfectly then RS will be 1, and it will be 0 for a
poorly simulated model. Table 2 lists the assessment criteria statistics (ACS) and related
weighting factors used to rank the models. The final rank is assigned to each model based
on total relative score (TRS), which is the summation of all individual assessment criterion
RS in both time slices.

Table 2. Summary of assessment criteria statistics used for model evaluation over different climate
variable scales.

Climate Variable Scale

Method/Statistic Assessment Criteria Statistic (ACS) W

Daily mean

Perkins Skill Score (PSS) Bias in PSS (Bpss) 0.5

Empirical Orthogonal Function (EOF) analysis Empirical Orthogonal Function (EOF) analysis

Spatiot | 1 EOF1 variance: . Absolute Bias (AB);

patio-tempora ’ 1 . 2. Mean Absolute Bias of EOF1 (M ABgor1) 1
variability 2. EOF1 spatla.l and PClmagnitude and PC1 magnitudes (MABpc, );
3. PC1 pattern; 3 Lr
Annual cycle Statistical significance of positive ‘r’ P, 1
Y g p
Annual mean ) ) ) . . . 0
Statistical significance of bias Percentage of statistically significant bias (P;)
Seasonal mean 1
Annual mean trend _ 1
Mann Kfendall (MK) test Mean Absolute Bias of trend (MABjend) _

Seasonal mean trend Theil-Sen slope 1

W = weighting factor; r = correlation coefficient; P;, = percentage of statistically insignificant positive correlation
coefficient.

ACSj ax — ACS;; "
ACS; uax — ACS; in

Relative Score (RS;;) =

n
Total Relative Score (TRS;) = Z RS;; W; 2)
j=1

where
RSj; = Relative Score of i'" model for j'" assessment criteria;
ACS;j = jt" assessment criteria statistic value between i*" model and reference data;
ACS;, jyay = maximum assessment criteria statistic value for the j th assessment criteria statistic;
ACS;, iy = minimum assessment criteria statistic value for the j th assessment criteria statistic;
W; = weighting factor;
n = number of assessment criteria.

The ability of the GCM in reproducing the frequency distribution of daily mean
WS is characterized by comparing the whole study domain probability distribution of
GCM with the ERAS5 dataset using Perkins Skill Score (PSS) [55]. The PSS is used to

measure the common area between two probability density functions. It ranges from 0
to 1, where 0 indicates that there is no overlap between distributions, and 1 indicates
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perfect overlap. The RS is computed for each model considering bias in PSS (Bpgs) as an
assessment criterion statistic, which is defined as one minus PSS.

PSS = bw i min(fmi,fn') (3)

i=1

where 7 is the number of bins, by, is the bin width, f,,; is the frequency density value of
the model in a given i bin, and f;; is the frequency density value of reference data in a
given i bin.

Empirical orthogonal analysis (EOA) is 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 a high fraction of total variance, and its corresponding
principal component (PC1), which explains how this EOF1 pattern oscillates over time,
are analyzed. EOF1 is obtained for each GCM and compared with ERA5. The ability of
GCM in reproducing the dominant mode of monthly mean WS climate is evaluated by
calculating absolute bias in the percentage of variance explained by EOF1, and to assess
GCM performance in representing spatial oscillating pattern, the whole domain mean
absolute bias (M ABgor1) is calculated as per Equation (4). The correlation coefficient and
mean absolute bias of PC1 (M ABpc1) between GCM and ERA5 are used as assessment
criteria statistics to calculate RS.

2?21 “bs(Emi - Eri)
g

MABgor = 4)

where 71, is the total number of grid cells, and E,;; and E,; are the EOF1 magnitude of model

and reference data at the i*’" grid, respectively.

MABpc; = Yo" abs(Pyi — Py;)

- ®)
where n,, is the total number of months, and P,,; and P,; are the PC1 magnitude of model
and reference data of the i month, respectively.

The correlation coefficient was used to evaluate the ability of the GCMs to reproduce
the annual cycle pattern as observed from reference data. Here the annual cycle represents
the long-term monthly mean with a sample size of 12. The long-term monthly mean is
calculated by averaging the monthly WS over the period of 27 years in case of the historical
time slice and 14 years for the present time slice. The statistically significant positive
correlation between the GCM and ERA5 was calculated using t-test at a significance level of
0.001. For each GCM, the percentage of statistically significant positive correlation (P;) was
calculated by taking the ratio of the number of statistically significant positive correlation
grid points to the total number of grid points in the study domain. Finally, the percentage
of statistically insignificant positive correlation coefficient (P;, = 1 — P;) is used as an ACS.

The annual mean and seasonal mean wind speeds are calculated for all GCMs and
ERADS at every spatial grid location of the study region. In general, the model bias is
defined as modelled dataset minus referenced dataset; from this bias statistic the deviation
of model dataset from reference dataset can be represented. To know whether this bias is
statistically significant, the t-test was used with a significance level of 0.001. The percentage
of statistically significant bias (P}, the ratio of the number of significant bias grid points to
the total number of grid points) is computed and used as an assessment criterion statistic.

The models’ ability to capture the observed trend computed from the ERA5 dataset
was tested. The Mann-Kendall (MK) non-parametric rank-based test [56,57] is used to
identify the monotonic trend, and the Theil-Sen slope [58] is used to estimate the magnitude
of the trend in annual mean and seasonal mean WS. These tests assume that the sample data
are serially independent. Kulkarni and von Storch [59] showed that the existence of serial
correlation led to fault trend detection using the MK test. The prewhitening technique is
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used to reduce the serial correlation of time series data by introducing serially independent
white noise to the original data. Yue and Wang [60] show that prewhitening can result
in the removal of a portion of the trend. Wang et al. [61] recommended increasing the
significance level and sample size/time series to improve the power of the MK test. Thus,
in this study, the significance level of 0.1 is used without applying prewhitening. The whole
domain mean absolute bias (M AB,,,,;) in trend magnitude is estimated as per Equation (6),
and M ABjy,,,, is used to calculate RS.

Y08, abs(Bui — Bri)

ng

MABtrend = (6)

where 7, is the total number of grid cells, and B,,; and B,; are the model and reference
trend magnitude at the i grid, respectively.

2.2.2. Percentage Change in Future Mean Wind Speed Projections

The 21st century is divided into three time slices to analyze changes in future mean
wind speed climate: near-term (2020-2049), mid-term (2050-2079), and long-term (2080-2100).
Although wind speed projections are available from all the GCMs for the 21st century,
the reliability of future projections depends on the performance of GCMs in simulating
present-day wind speed climate. As a result, the performance of all the GCMs was evaluated
using the methodology presented in Section 2.2.1. The future projections from GCM with
the highest TRS over ocean and land are used to investigate the changes in WS over the SA
domain. By assuming the statistical properties of the systematic bias as stationary, the bias
in future WS is corrected using the quantile mapping technique. The percentage change in
the future mean WS relative to historical mean WS is examined on annual and seasonal
scales over ocean and land for the RCP4.5 and RCP8.5 scenarios. The percentage change
(A, %) is defined as the ratio of climate change to the ERA5 historical mean WS multiplied
by 100, where climate change is the difference between GCM future and ERAD historical
mean WS.

A (0/0) _ qutbie - Yhistorical

x 100 )
Xhistorical

where X Future and Xpistorical are the mean wind speed corresponding to future and historical

time slices.

3. Results and Discussion

To reduce model uncertainty, Tebaldi and Knutti [10] recommended using a multi-
model ensemble. Therefore, along with each individual model, the ensemble mean of
twenty-eight CMIP5 GCMs (MME_CMIP5) and ensemble mean of 'n’ top-performing
models (MME-n) performance is examined, and the results are as follows.

3.1. Skill of CMIP5 GCMs in Reproducing Wind Speed Climate

The models’ skill at different climatic variable scales is addressed based on estimated
ACS for the ocean and land areas of the SA domain as well as the entire domain for both
study time slices. The smaller the ACS value, the better the model performance.

3.1.1. Daily Mean Wind Speed

All the individual models performed well over ocean and land with at least an overlap
of 92% (Figure 2). This is expected because the bias in the models was corrected quantile
by quantile. Hence, the weighting factor of 0.5 is used to compute the Total Relative Score.
The MME_CMIP5 has the highest ACS over ocean and land due to the average effect of
finding ensemble mean WS from all models.
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Figure 2. Assessment criteria statistic (ASC) of CMIP5 GCMs summary 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 (Bpgg)) on y-axis and Model ID on x-axis.

3.1.2. Spatio-Temporal Variability

We carried out the EOF analysis to evaluate the models’ ability in capturing the ob-
served spatio-temporal variability of monthly mean WS. The ERAS historical monthly mean
WS EOF1 accounts for 65.19% of the total variance and shows maximum variability in WS
along the flow of Somali Jet (Refer to Figure 3a). Therefore, the dominant mode of variabil-
ity over the IO is monsoon. A similar type of pattern was observed by Anoop et al. [41],
where the author carried EOF analysis on ERA-Interim monthly averaged WS from 1979
to 2012. The PC1 of ERAS represents seasonal variation (scaled to be between —1 to 1)
with an approximate time window of 4 months (Refer to Figure 3b). The monsoon scale
anomalies are greater than the remaining two seasons, and pre-monsoon scale anomalies
are more than for post-monsoon. The ACS summary of each GCM is shown in Figure 3c—f.
The model’s ACS is almost same in both time slices and it is less over land compared to
the ocean. Most of the models have absolute bias below 5% in representing the percentage
of variation, whereas model 5 has a maximum of 16.43% over ocean in the present time
slice. Overall, models 15 and 17 show higher skill in capturing spatio-temporal variability
of monthly WS over ocean and land. Even though MME_CMIP5 overestimates the EOF1
variance (9.59% and 10.62% in historical and present time slices, respectively), it is very
good at reproducing the EOF1 pattern, PC1 pattern, and magnitude when compared to all
individual models. Overall, the MME_CMIP5 performs well in capturing the spatial and
temporal variability of monthly mean WS near to top-performing model 15. The models
with id 11, 21, 2, 4, 24, 28, 5, 18, and 25 show very poor skill over the ocean, whereas
models 24, 5, and 25 show poor skill over land. Mohan and Bhaskaran [21] evaluated the
skill of CMIP5 GCMs in representing monthly mean WS climate over 10 using the Taylor
skill score and recommended the ten best performing models. Seven out of ten models
(Models 15,17, 27, 16, 8, 1, and 6) are in the top fifteen performing models in representing
spatio-temporal variability of monthly mean WS over ocean. Although models 24 and 28
are also identified as best performing models as per Mohan and Bhaskaran [21], they show
poor skill over ocean.
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(a) ERAS5 EOF1 Variance (65.19%) (b) ERAS5 PC1
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Figure 3. (a) The first mode of ERAS historical monthly mean wind speed EOF, (b) first principal
component (PC1) of ERAS historical monthly mean wind speed EOF1. (c—f) As in Figure 2, but rep-
resents Assessment Criterion Statistic (ASC) summary of all climate models in representing the
spatio-temporal variability of monthly mean wind speed; ACS (AB = absolute bias; MAB = mean
absolute bias, r = correlation coefficient) on y-axis and Model ID on x-axis.

3.1.3. Annual Cycle

The overall study domain correlation coefficient ranges from 0.65 to 0.9. All the models
show higher P;j; over the land compared to the ocean in capturing annual cycle variation
(as shown in Figure 4). The P}, is the same in both study time slices. Over 10, models 26
and 27 performed well with the lowest P;,. Over land, models 29 and 9 have higher skill in
capturing annual cycle variation. Models 24 and 25 show lower skill in capturing annual
cycle variation over both ocean and land.

SA domain_historical
------ SA domain_present
—#— Ocean_historical

Pir (%)

--©--- Ocean_present
—@— Land_historical
0 -=4---Land_present

- NN TN ONONNO = ANMOT D ONXOO
B I B B I B I B R B

Model ID

Figure 4. As in Figure 2, but summaries of the climate model’s skill in capturing annual cycle pattern;

the percentage of statistically insignificant positive correlation coefficient (Pj., %) is on the y-axis and
Model ID is on the x-axis.

3.1.4. Seasonal Mean Wind Speed

The ability of GCMs in reproducing the seasonal mean wind speed is evaluated and
discussed in this section. The reference ERA5 mean WS map for both study time slices,
the percentage change of present mean WS relative to historical mean WS, and the ACS
summary of each GCM are shown in Figure 5. A similar mean WS pattern is observed over
both time slices in three seasons. In all seasons, the mean WS is higher over 10 compared to
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land. Higher percentage of statistically significant bias (P},) is observed over land compared

to the ocean in all three seasons, and Py, is higher in the historical time slice.
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Figure 5. 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 (A, %).

(d) As in Figure 2, but summarizes the climate model’s skill in simulating pre-monsoon mean wind

speed; percentage of statistically significant bias (Py,, %) on y-axis and Model ID on x-axis. (e-h) As

in (a-d), but for monsoon season (June-September). (i-1) As in (a—d), but for post-monsoon season

(October-January).
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e  Pre-monsoon season (February-May)

The observed mean WS from ERAS is higher along coastal regions of eastern Africa,
the eastern and northwestern parts of India, and the Gulf of Mannar, as shown in Figure 5a,b.
The pre-monsoon mean WS climate in the present time slice strengthens over southern
IO, the African continent, most regions of the Arabian Peninsula, and the southern part of
India and Sumatra, and it weakens over AS, the northern part of BoB, and India (refer to
Figure 5c). Models 11, 3, 27, and 10 have the lowest P}, value over ocean, and over land
model 1 performed well (Figure 5d). Interestingly the models (e.g., model 11, model 1) with
higher skill over ocean have lower skill over land, and vice versa. Only model 27 performed
well reasonably over ocean and land. Models 24 and 25 consistently show higher P}, over
ocean and land in both time slices. The MME_CMIP5 shows moderate performance and
the Py, is almost equal over ocean and land.

e  Monsoon season (June-September)

The reference ERA5 monsoon mean WS map is shown in Figure 5e,f. The ERA5 accu-
rately captures the most well-known tropical low-level jet known as Somali Jet (Findlater
Jet). This jet is an intense cross-equatorial flow that comes from the Southern IO to the
central AS and later splits into two branches; one touches the west coast of the Indian
subcontinent and another weak branch enters into BoB during the monsoon. The monsoon
mean WS is maximum (>10 m/s) near the Somali coast, the northern part of Madagascar,
and the southwestern part of AS, and no significant percentage change is observed at the
aforementioned locations in the present time slice. The present time slice monsoon mean
WS is less (<average percentage change, —2.6%) than the historical time slice monsoon
mean WS over the north western region and northeast states of India, along the Great Rift
Valley of Africa, the northern tip of Nile River, Persian Gulf, South of AS, and the southwest-
ern region of Sri Lanka. Strengthening (>10%) of weaker monsoon mean WS (<3 m/s) is
observed near the Congo River basin of Africa and the western side of Sumatra (Figure 5g).
Over the SA domain, models 1 and 8 show higher skill in historical and present time
slices, respectively (Figure 5h). Model 23 performed well over ocean but it shows moderate
performance over land. Again, models 24 and 25 show poor performance in reproducing
the monsoon mean wind climate, whereas MME_CMIP5 shows moderate skill.

e  Post-Monsoon season (October—January)

The post-monsoon wind climate pattern is similar to pre-monsoon over IO with a
higher mean WS (refer to Figure 5i). The mean WS is higher at central AS and BoB in
addition to regions identified in pre-monsoon analysis, and the percentage change is higher
in post-monsoon season. In all seasonal scales, the mean WS is increased in the present
time slice along the coastal region of Kenya and Somalia and the western part of Sumatra,
and decreased in the present time slice over the north western BoB along the Indian coast.
Model 1 has higher skill over land and ocean in the historical time slice but it shows below
moderate performance in the present time slice (refer to Figure 51). Overall, models 23 and
22 consistently performed better in both time slices. Model 28 shows poor skill with higher
P}, value in both times slices.

MME_CMIP5 shows relatively poor performance in representing post-monsoon WS
relative to other seasons. Model 11 reproduces the mean WS climate well in pre-monsoon
and post-monsoon, but it is very poor at reproducing monsoon wind climate over ocean,
and it performs poorly over land in all three seasons. Likewise, Model 23 performed well
in monsoon and post-monsoon, but it shows moderate skill in pre-monsoon. Therefore,
the model that performs well in one particular season does not necessarily perform well in
another season. However, model 27 consistently performed near to highest skill model in
all three seasons over ocean. Over land, only model 1 shows the highest skill in all three
seasons. In all seasons, over ocean models 28, 25, 24, 2, and 21, and over land models 25 and
24 show very poor performance. As a result, these models are strongly not recommended
for inter-seasonal variation studies.
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3.1.5. Seasonal Mean Wind Speed Trend

The presence of a monotonic trend was identified through the Mann-Kendall (MK)
test, and trend magnitude was computed by the Theil-Sen slope. Because the sample
size 'n’ is greater than eight, the MK test statistic can be approximated as normally dis-
tributed [61]. The standardized MK test statistic Z and p-value are computed at each grid
cell of the domain, and the null hypothesis is rejected if the p-value is less than the assumed
significance level of 0.1. The grid cells where the trend is statistically significant (p < 0.1)
are marked with stippling.

e  Pre-monsoon seasonal trend

A significant increasing trend is observed over most parts of IO in the historical time
slice, whereas a decreasing trend is observed in the present time slice. This change in trend
is not captured well by most of the models (refer to Figure 6a—c). Not even a single model
performed well over ocean and land in both study time slices, whereas only MME_CMIP5
shows moderate skill consistently. Over the ocean, models 12 and 9 performed well, and
over land all models show similar skill and models 2, 3, 14, and 27 performed relatively
well. Models 25, 11, 24, and 23 show poor skill over both ocean and land.

(a) ERAS5: 1979-2005 (b) ERAS5: 2006-2019 (c) ACS Summary of CMIP5 GCMs Pre-monsoon mean wind speed trend
0 - . W e

PRE-MONSOON
Latitude
MAB yeng (cm s~ yr=1)
o R N WS WO

- AR =
% 40 5 60 70 8 %0 100 % 4 % e o 8 s 10
Longitude Longitude

(d) ERAS5: 1979-2005 (e) ERA5 2006-2019

Latitude

MONSOON
-1 -1
MAByreng (cms™" yr™7)
O R N WSSOV O

E _ T
% 4 5 6 70 8 % 100
Longitude

(g) ERAS: 19792005
o
.

(i

BT
58

Latitude

POST-MONSOON
Latitude

6
5
4
34
2
1 A
[}

MABienq (cm s~ yr™1)

<oy T . s
o % 10 % 4 s e 70 8 % 10
Longitude Longitude

[ T ohdomanmensl T 7 o e
<40 3 5 4 2 0 2 4 6 3 >0 == Ocean_historical = @= Ocean_present
wind speed trend cms™ yr? == Land_historical = &= Land_present

Figure 6. Pre-monsoon (February-May) mean wind speed trend spatial maps of ERA5 for the
(a) historical (1979-2005) and (b) present time slice (2006-2019). (c) As in Figure 2, but summarizes
the climate model’s skill in simulating pre-monsoon mean wind speed trend; mean absolute bias
(MAB, cm/s/yr) on y-axis and Model ID on x-axis. (d—f) As in (a—c), but for monsoon season
(June-September). (g—i) As in (a—c), but for post-monsoon season (October—January).

e  Monsoon seasonal trend

We know that the monsoon season is dominated with cross equatorial winds, known
as Somali Jet. A statistically significant increasing trend is observed along this jet, as shown
in Figure 6d. In the present time slice, the weakening of wind field is observed along most
regions of Somali jet, and it is higher over most regions of AS and BoB (refer to Figure 6d-f),
which indicates the weakening of south-west monsoon. Model 14 and MME_CMIP5
performed well over the ocean in both time slices. Model 24 shows very poor skill over
ocean and land in both time slices. The MME_CMIP5 shows the highest skill over land in
both time slices.
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e  Post-monsoon seasonal trend

The statistically significant increasing trend is observed in the historical time slice
of post-monsoon season over the south of equatorial region, the southern tip of India,
and central AS. In contrast, a decreasing trend is observed over the north of AS and along
the central west coast of India (Figure 6g). In the present time slice of the post-monsoon
season, a statistically significant increasing trend is observed over the north of BoB, and a
decreasing trend is seen over the coastal region of Somalia (Figure 6h). Again, MME
performed well over ocean and land in both time slices. Model 14, which performed well
at capturing the monsoon mean WS trend, shows poor skill in capturing the post-monsoon
WS trend. Model 5 shows very poor skill over ocean and land in both time slices.

The MME_CMIP5 captures the trend magnitude well over three seasons relative to
individual models. Most of the models” performance are relatively similar over land in
both time slices. In the present time slice over the ocean, higher variability in models’ skill
is observed, and it is higher in pre-monsoon and monsoon seasons. The decreasing trend
over the south of the equatorial region and central AS is observed in all seasons except in
post-monsoon. If the observed trend continues in the future, then the mean wind climate
will weaken over most parts of IO. Along the east coast of India, the increasing trend is
observed in the present time slice in pre-monsoon and post-monsoon, which indicates the
strengthening of mean WS climate during north-east monsoon.

3.1.6. Annual Mean Wind Speed

The annual mean WS map of the historical and present time slice is shown in Figure 7a,b.
The annual mean WS is higher (> 8 m/sec) off the northeast coast of Africa, southeast and
northwest part of Sri Lanka, and north of Madagascar. In the present time slice, a slight
increase in annual mean WS climate is observed over most regions of Africa, south of the
equator, and in the western Sumatra region. Over the Indian continent, a slight decrease in
mean WS is observed in the present time slice (Figure 7c). The ERA5 annual mean wind
speed pattern (Figure 7a,b) is similar to the monsoon mean wind speed pattern (Figure 6e,f)
with less intensity; thus, monsoon is the dominant pattern over NIO. Most of the bias-
corrected CMIP5 GCMs show less Py, in representing annual mean WS climate and more in
seasonal mean. The observed mean of all models” P}, (%) over ocean/land is 5.03/19.11,
29.91/40.19, 22.69/45.76, and 23.15/42.56 in representing annual, pre-monsoon, monsoon,
and post-monsoon mean WS, respectively. Most of the models perform similarly on the
10, whereas a few models (models 9,10, and 28) have a higher percentage of statistically
significant bias on land. The 27-year annual mean is same as the mean of all daily WS due
to bias correction with the quantile mapping technique. This technique ensures that all the
statistical properties of the model match well with reference data over the considered time
slice. However, the statistical properties of models and reference dataset might not match
well over the intermediate time slice, which leads to higher bias over the seasonal scale.
Thus, the model’s skill on the seasonal scale is evaluated considering the weighting factor
as one, and zero for the annual mean WS climate assessment.

3.1.7. Annual Mean Wind Speed Trend

Statistically significant increasing annual mean WS is observed over most parts of
IO in the historical time slice, and a decreasing trend is observed in the present time slice
(Figure 8a,b). In both time slices, the northern part of BoB has an increasing annual mean
WS trend. A statistically significant increasing trend was observed in most regions of the
South African continent in a historical time slice. The decreasing trend of 1-2 cm/s/year
is observed along the central east and west coast of India, and the same was reported by
Shanas and Sanil Kumar [39]. Most of the models show similar skill in reproducing the
observed annual mean WS trend, whereas model 11 shows poor skill with higher MAB over
ocean (Figure 8c). The annual and seasonal mean WS trend patterns show an increasing
trend over IO in the historical time slice and decreasing pattern over most parts of 1O in
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the present time slice. This change in pattern is not captured well by most of the GCMs,
which result in higher MAB in capturing the present time slice mean WS trend.
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Figure 7. As in Figure 5, but for annual mean wind speed.
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Figure 8. As in Figure 6, but for the annual mean wind speed trend.

3.2. Best Performing Models

The performance of all GCMs in simulating historical and present time slice WS over
the SA domain are ranked based on TRS. A summary of estimated TRS over ocean and
land is shown in Figures 9 and 10. Based on estimated TRS, the models are divided into the
optimum number of groups using k-mean clustering with silhouette score criterion.

Over the ocean, the CMIP5 GCMs are divided into twelve groups with an average
silhouette score of 0.8968, and model 27 shows very good skill in both time slices, followed
by group 2 models (10 and 13) (refer to Figure 9a). The two-sample t-test is used to test
whether model 27 is statistically significantly different from group 2 (model 10 and 13).
The result indicates that there is no statistically significant difference between groups 1
and 2 with a p-value of 0.0737. Because the ensemble mean of all models” (MME_CMIP5)
skill score is closer to the top two group models, the skill of ensemble mean of group 1
and 2 is evaluated, and greater improvement is observed in all climate variable scales,
with the exception of capturing frequency distribution of daily mean WS and EOF1 variance
(refer to Figure 9b radar plot). Therefore, the wind climate projections from MME_3_(27,
10, and 13) are recommended for future wave climate impact studies and offshore wind
analysis, whereas the individual models of MME_3_(27,10, and 13) can be used with
caution. The sensitivity of model rank with chosen assessment criteria statistic is explored
by comparing the rank awarded to a model without considering individual ACS as one
scenario. The rankings of the best (models 30 and 27) and worst (models 24 and 25)
performing models are found to be the least sensitive to the chosen ACS (Figure S1).
Models with TRS close to each other are found to be sensitive to the chosen assessment
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criteria. However, considering all ACS (the thick black line) reduces the uncertainty of
rank (Figure S1).

(a) Summary of climate model’s Total Relative Score (TRS) over Ocean
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Figure 9. (a) CMIP5 GCM’s total relative score (TRS) for historical and present time slice over ocean
areas of the South Asian domain. (b) Relative score (RS) of best performing GCMs over different
climate variable scales; here RS is the summation of RS obtained in both study time slices in Figure 6,
but for annual mean wind speed trend.

Over land, the CMIP5 GCMs are divided into seventeen groups with an average sil-
houette score of 0.9624; refer to Figure 10a. Not even a single model consistently performed
well in all climate variable scales. Models 1, 27, and 15 show relatively better skill in
some of the climate variable scales. Model 1 shows better performance than 27 and 15 in
reproducing seasonal mean WS, whereas the seasonal and annual mean WS trend is better
captured by models 27 and 15 than by model 1 (refer to Figure 10b). The two-sample t-test
is used to test whether models 1 and 27 are statistically significantly different from group 3
(models 15 and 29). It is found that there is no statistically significant difference between
model 27 and group 3 with a p-value of 0.1049, so model 27 can be added to group 3.
A statistically significant difference at a p-value of 0.042 is observed between model 1 and
new group 3 (27,15, and 29). As the p-value is close to 0.05 (assumed significant level) and
to get the added advantage of these models, the ensemble mean of all these three models’
(with Model ID 31) skill is also evaluated. The results are not as expected in reproducing
seasonal mean WS, but better improvement is observed in capturing annual and seasonal
mean WS trends.
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(a) Summary of climate model’s Total Relative Score (TRS) over land
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Figure 10. As in Figure 9, but the summary of climate model’s skill over land of the South Asian domain.

Only model 27 (MPI-ESM-MR) shows good skill over ocean and land in both time
slices. Models 24 (MIROC-ESM) and 25 (MIROC-ESM-CHEM) show the lowest skill
over both ocean and land, and these models are strongly not recommended to be used
in climate impact studies. The individual climate models are either overestimating or
underestimating the wind climate assessment criteria statistic, so the skill of MME_CMIP5
is assessed because it contains information from all the individual models. In this study,
the skill of MME_CMIP5 is moderate even though it contains information from all models.
This emphasizes that the ensemble of all models need not be always considered as a reliable
one. All these above results strongly highlight the importance of careful examination of
CMIP5 models before using them for wind potential and risk assessment applications.

We examined the skill of top-performing GCMs with and without bias correction to see
how bias correction affected the model’s skill. In comparison to GCMs with bias adjustment,
the best performing GCMs without bias correction have the lowest skill (Figures S2a and
S3a). The ensemble model constructed from top-performing models has a greater TRS
than individual top-performing models, regardless of whether bias correction is used
(Figures S2b and S3b). In comparison to GCMs without bias correction, bias-corrected
GCMs demonstrate a significant increase in skill across all climatic variable scales (except
in reproducing the annual and seasonal mean WS trend) (Figures S2c and S3c). The bias
correction of GCMs results in a 40% increase in TRS on average. Thus, bias correction has
a greater effect on reducing the model’s systematic bias, and the rank of a model is less
susceptible to bias correction.

The climate models have very low atmospheric spatial resolution relative to ERA5.
In general, there are two approaches to deal with low spatial resolution climate models:
either regrid the climate model data to the spatial resolution of the reference model or regrid
the reference model to the spatial resolution of the climate model dataset, and assess the
skill of the climate models. To check the reliability of both approaches, let us consider the
top three low-resolution climate models (BNU-ESM, CanCM4, and CanESM2) and estimate
the ACS value from both approaches (refer to Section 2.2 for more details on methodology).



Atmosphere 2022, 13, 864

19 of 30

Figure 54 shows a summary of the estimated ACS. In all climate variable scales, there is
not much significant difference between both approaches observed (Figure 54). In most of
the climate variable scales, the current study approach shows slightly lower ASC. Further,
it is important to rank climate models as per their performance. In general, we use a
suitable statistic (in our case ACS is a statistic) to summarize the skill of a climate model.
It is important that the sample size used to estimate the statistic should be same for each
model for the intercomparison of models. If we regrid the reference dataset to the climate
model grid resolution, the sample size used to compute the ACS will differ due to the
different spatial resolution (i.e, different number of grid points) of the climate models.
Therefore, utilizing the ACS obtained from the various sample sizes to estimate the relative
score and ranking of climate models is inappropriate and will lead to a wrong inference.
The current study approach can be used for evaluating the relative skill of low-resolution
climate models in representing wind speed climate over SA domain. However, this may
vary if different climate variables are considered.

3.3. Intercomparison of CMIP5 GCMs

As CMIP moves from one phase to another phase, it develops complex and sophis-
ticated earth system models (ESMs) by including more processes and models to fill the
scientific gaps identified in the earlier phase [62]. However, the added advantage of includ-
ing complex processes (like carbon-cycle dynamics) in reducing the bias in WS is not clear
yet. In general, as we move from atmosphere only GCMs (AGCMs), to coupled atmosphere-
ocean GCMs (AOGCMs) to fully coupled ESMs, the processes are better represented with
a possible reduction in systematic errors. However, in the current study, there are thir-
teen ESMs, two ChemESMs, and thirteen AOGCMs; and it is expected that ESMs should
perform well compared to AOGCMs as they consider a higher number of processes and
model components. In the current study, top-performing GCM in representing the WS
over ocean and land are ESM (MPI-ESM-MR) and AOGCM (ACCESS1.0), respectively.
At the same time, Model 24 (MIROC-ESM) is the worst-performing model, which is an
ESM. This highlights the need for understanding the contribution of different dynamical
components used in the particular model. To answer whether increasing the horizontal or
vertical resolution improves the model’s skill, and do the models from the same institute
show similar skills or not, we carried out the inter-model comparison of models’ skill based
on estimated TRS.

Over the ocean and land, MPI-ESM-MR TRS is 11.96% and 11.17% greater than MPI-
ESM-LR, respectively. This can be attributed to an increase in vertical levels (from 47
to 95) of the atmosphere component (ECHAMS6) and a finer horizontal grid resolution
of the ocean component (MPIOM) from 1.5° to 0.4° in MPI-ESM-MR compared to MPI-
ESM-LR. Miiller et al. [63] observed that increasing the atmospheric resolution of MPI-
ESM1.2-HR can reduce the biases of the upper-level zonal wind and atmospheric jet
stream position in the northern extratropics. MIROC5 and MIROC4h are AOGCMs with
similar model configurations, whereas MIROC4h has higher atmospheric grid resolution
(4 times). When we compared the skill of both models, the MIROC4h model has 7.17%
higher TRS over land, which highlights the benefit of using the higher atmospheric grid
resolution models over land. CMCC-CM and CMCC-CMS are AOGCMs with similar model
configurations, where CMCC-CM has a higher atmospheric horizontal resolution (2.5 times)
and CMCC-CMS has higher stratospheric vertical resolution (3 times). TRS of CMCC-CM
is 4.69% higher over ocean and 0.86% higher over land than the CMCC-CMS. These results
signify that atmospheric horizontal and vertical resolution has a moderate impact on near-
surface WS simulation the over SA domain. The MPI-ESM-MR is the best performing
model over the SA domain, even though it is not a high spatial resolution model. Moreover,
MPI-ESM-MR has TRS 34.31% and 11.76% higher than the high spatial resolution model
(MIROC4h, 0.56° x 0.56°) over ocean and land, respectively. Even though the CanESM2 is
the low spatial resolution (2.8125° x 2.8125°) model, CanESM2 has TRS 6.52% higher than
MIROC4h over the ocean, and both have similar skill over land. Despite having a similar
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spatial resolution, the skill of CanESM2 is 22.91% and 43.84% higher than CanCM4 over
ocean and land, respectively. Therefore, the model with high or low atmospheric spatial
resolution does not necessarily exhibit the best or worst skill, respectively, whereas the
dynamic components in the model configuration play a major role.

ACCESS1.0 and ACCESS1.3 have similar ocean components (NOAA /GFDL MOM4p1
model), sea-ice components (CICE), and atmospheric grid resolution, but they differ from
each other in atmospheric physics and land surface components. ACCESS1.0 uses UK Met
Office HadGEM2 (r1.1) atmospheric physics and MOSES2 land surface models, whereas
ACCESS1.3 uses UK Met Office Global Atmosphere 1.0 atmospheric physics and CABLE
land surface models [64,65]. ACCESS1.0 has TRS 46.12% and 27.33% higher than AC-
CESS1.3 over ocean and land, respectively. Even though both models have the same ocean
component, there is a significantly higher difference in models’ skill over ocean compared
to land. This highlights the contribution of atmospheric and land components over the
ocean component in simulating WS. Zha et al. [66] also found that ACCESS1.0 performs
better than ACCESS1.3 in capturing interannual variability of WS over eastern China.

CanESM2 differs from CanCM4 by adding vegetation (CTEM1) and carbon cycle
(CMOC1.2) components [67], and these added components could have increased the skill
of CanESM2 by 22.91% over the ocean and 43.84% over land in simulating WS over SA
domain. However, further detailed investigation is required to quantify the contribution of
each component.

HadGEM2-AO is an AOGCM, which has atmosphere (HadGAM), ocean (HadGOM2),
and sea-ice components. The addition of terrestrial carbon cycle (TRIFFID) and ocean bio-
geochemistry (diat-HadOCC) to HadGEM2-AO constitutes the HadGEM2-CC model [68].
The ecosystem components (TRIFFID and diat-HadOCC) of HadGEM2-CC, which models
the exchange of carbon dioxide between the atmosphere, terrestrial biosphere, and oceanic
biosphere, might have reduced the HadGEM2-CC skill by 26.82% over ocean and 29.52%
over land relative to HadGEM2-AO, respectively. Similarly, the skill of MIROC-ESM in rep-
resenting WS over SA domain has been reduced (75.77% over ocean and 249.53% over land)
due to additional ecosystem components (SEIB-DGVM and NPZD) and lower (five times)
atmospheric grid resolution of MIROC-ESM compared to MIROC4h. The higher reduction
in MIROC family GCMs’ skill relative to the HadGEM2 family GCMs can be attributed
to a higher reduction in atmospheric resolution. In a recent study, Morim et al. [12] high-
lighted that we can expect no major change in CMIP6 climate models (with carbon-cycle
component) wind simulation at decadal time slices.

The HadGEM2-ES has 7.9% higher skill over the ocean and 17.68% higher skill over
the land compared to HadGEM2-CC, where HadGEM2-ES has an atmospheric chemistry
component (UKCA tropospheric chemistry scheme) in addition to the HadGEM2-CC
model components. Similarly, due to the additional atmospheric chemistry component
(CHASER 4.1) of MIROC-ESM-CHEM relative to MIROC-ESM has improved the skill of the
former model in representing the WS over the SA domain (17.97% over ocean and 48.65%
over land). Watanabe et al. [69] show MIROC-ESM-CHEM has good skill in reproducing
earth system climate in the historical period (1850-2005) relative to MIROC-ESM.

Even though most sophisticated ChemESMs’ (HadGEM2-ES, MIROC-ESM-CHEM) skill
is higher than their respective ESMs (HadGEM2-CC, MIROC-ESM), the simple AOGCMs
(HadGEM2-AO, MIROC4h) have higher skill compared to ChemESMs (HadGEM2-ES, MIROC-
ESM-CHEM) in representing WS over the SA domain. HadGEM2-AO has 17.54% and
10.06% higher TRS than HadGEM2-ES over ocean and land, respectively. MIROC4h has
48.99% and 135.14% higher TRS than MIROC-ESM-CHEM over ocean and land, respectively.
The extra complexity in ESMs can lead to increased uncertainty in their prediction, and it
is important to observe that considering all dynamical components is not necessary for
all purposes [70].

GFDL-ESM2G and GFDL-ESM2M are ESMs with similar model configuration and res-
olution, but they differ in physical ocean component; GFDL-ESM2M uses Modular Ocean
Model version 4p1 (MOM4p1) with vertical pressure layers, whereas GFDL-ESM2G uses
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Generalized Ocean Layer Dynamics (GOLD) with a bulk mixed layer and interior isopycnal
layers [71]. Over the ocean and land, the GFDL-ESM2G and GFDL-ESM2M have 9.18% and
4.28% higher TRS than GFDL-ESM2M and GFDL-ESM2G, respectively. GFDL-CM3 and
GFDL-ESM2M show similar skills (with a difference of 0.74% in TRS) over the ocean with
similar ocean components, which is also observed by Dunne et al. [72]. IPSL-CM5A-LR
and IPSL-CM5A-MR models have the same model configurations [73], whereas the former
model has a low atmospheric resolution (~1.5 times), which could be the reason behind the
decrease in its TRS over the ocean and land by 15.13% and 23.44%, respectively, compared
to IPSL-CM5A-MR. IPSL-CM5A-LR has another version named IPSL-CM5B-LR, which
has all components and parameters similar to IPSL-CM5A-LR except for the atmosphere
component [74]. However, the change in the skill of IPSL family GCMs in simulating WS
over the SA domain due to a difference in atmosphere component (6.77% over ocean; 0.3%
over land) compared to the changes due to difference in atmospheric resolution. A recent
study by Morim et al. [12] found that improving the atmospheric component results in a
greater reduction in wind bias compared to land surface component, ocean component,
sea-ice component, land carbon, and ocean carbon component. Morim et al. [12] show inter-
model uncertainty is higher (~2—4 times) than GCM internal variability. The performance of
CMIP6 models relative to CMIP5 in representing the near-surface wind climate over the SA
domain is largely unknown, and it worth investigating the differences in near-surface wind
projections, if significant. Krishnan and Bhaskaran [22] performed the inter-comparison
of CMIP5 and CMIP6 models with reference to ERA-Interim and Scatterometer datasets
over the BoB and observed that a higher number of CMIP6 models captured the monthly
mean WS pattern with correlation range of 0.8-0.9 and with root mean square error (RMSE)
of 1-1.5 m/s. However, the CNRM-CM5 CMIP5 GCM captured the magnitude, variance,
and pattern of monthly mean WS near to reference datasets compared to all CMIP6 individ-
ual models. The Nash—-Sutcliff efficiency score for MME of best-performing models from
CMIP6 is 10.94% and 16.13% higher than MME of best-performing models from CMIP5
compared to ERA-Interim and Scatterometer datasets, respectively. A single model always
has its limitation in the application, which leads to the development of a new state of mod-
els by refining the processes in the model configuration that are essential to answer certain
scientific questions and to address different applications [68]. However, the quantification
of the significant improvement from next-generation GCMs in representing historical and
present wind climate is essential before using them in impact studies. Investigating the
mechanisms responsible for inter and intra model skill differences is beyond the scope of
this analysis.

3.4. Future Wind Speed Projections

The percentage change in the future mean WS relative to historical mean WS is
examined in annual and seasonal scales over the ocean (Figures 11 and 12) and land
(Figures 13 and 14) using WS projections from best-performing climate models (MME-
3_(27,10, and 13) for ocean and ACCESS1.0 for land parts of the SA domain).

In the near-term, minor (average 1.5%) strengthening of annual mean WS is observed
over most parts of AS, BoB, and the southern equatorial region, and it weakens over most
parts of IO in mid-term for in both scenarios (Figure 11). This weakening of annual mean
WS is enhanced further by the end of 21st century for the RCP8.5 scenario (Figure 11j-1)
over the SA domain. The weakening of annual mean WS is higher over the central northern
equatorial region and central AS compared to other regions of the SA domain, which is
corroborated by Mohan and Bhaskaran [21].

Strengthening of pre-monsoon mean wind speed is observed over the AS, northern
BoB, Gulf of Thailand, Strait of Malacca, and central southern equatorial region (lesser
strengthening), and weakening is observed over the Persian Gulf, Gulf of Oman, south-east
BoB, and western equatorial IO in the near-term (Figure 12I(a,g)). Irrespective of the RCP
scenario, the weakening of pre-monsoon WS is observed in future-term relative to near-
term over 88% of the SA domain (central AS, BoB, and southern equatorial region), and the
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magnitude of change in percentage change is higher for RCP8.5 scenario (Figure 12I(f,1)).
In the future-term, the weakening of pre-monsoon mean WS relative to historical mean
pre-monsoon WS is observed over 54.28% and 65.07% of the 1O for the RCP4.5 and RCP8.5
scenarios, respectively (Figure 12I(c,i)).

Near-term (2020-2049) Mid-term (2050-2079) Future-term (2080-2100)
()

.5 33 88

Figure 11. (a) For the RCP4.5 scenario, the percentage change in near-term annual mean wind speed
estimated from MME-3_(27,10, and 13) model projections relative to the ERA5 historical time slice
(1979-2005) over the ocean. (b) As in (a), but for the mid-term RCP4.5 scenario. (c) As in (a), but for
the future-term RCP4.5 scenario. The difference in percentage change in annual mean wind speed
from (d) near-term to mid-term, (e) mid-term to future-term, and (f) near-term to future-term, for the
RCP4.5 scenario. (g-1) As in (a—f), but for the RCP8.5 scenario. (m) The difference in percentage
change in near-term annual mean wind speed from the RCP4.5 to the RCP8.5 scenario. (n) As in (m),
but for the mid-term. (o) As in (m), but for the future-term.

Interestingly, over the near-equatorial region where weaker (<3 m/s) historical mon-
soon mean WS is observed (Figure 5e), it has strengthened by the end of 21st century,
and this strengthening is higher near the west coast of Sumatra (>15% for RCP4.5 and >22%
for RCP8.5) (Figure 121I(c,i)). Irrespective of the RCP scenario, higher weakening (<—6%
for RCP4.5 and <—10% for RCP8.5) of monsoon mean wind speed is observed over the
south of AS, north of BoB, and north of the equatorial region in the future-term relative
to historical term (Figure 12II(c,i)). Enhancement in percentage change of monsoon mean
WS is observed from near-term to mid-term in both scenarios (Figure 121I(d,j)), but this
enhancement continued from mid-term to future-term only for the RCP8.5 scenario over
most parts of the IO (Figure 121I(e k)).

The strengthening of post-monsoon mean WS is observed along most regions of Somali
jet, and weakening over northern AS, along the continental region of BoB, the central
equatorial region, and south of Sumatra. The strengthening of post-monsoon mean WS is
higher (>30%) along the southwest coast of India (Figure 121III). For the RCP8.5 scenario,
the weakening of post-monsoon mean WS is observed over eighty percent of IO (except
over the southern tip of India, south of BoB, and Gulf of Thailand, and west of the southern
equatorial region of 10) in future term relative to near-term WS (Figure 12111 1)). Along
the waters of the western coast of Sumatra, a decreasing percentage change is observed,
which is the opposite of the pattern observed in the present time slice (Figures 5k and 1211I).
Similarly, an increasing percentage change in pre-monsoon mean WS is observed over AS
and BoB in future-terms, but a decreasing percentage change is observed in the present
time slice (refer to Figures 5c and 12I). The highest percentage change (121.17% for RCP4.5,
114.52% for RCP8.5) in post-monsoon mean wind speed is observed near the southern tip
of India (latitude 8.25°, longitude 77°) in the near-term.
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Figure 12. As in Figure 11, but for (I) pre-monsoon (February-May), (II) monsoon (June-September),
and (IIT) post-monsoon (October-January).

The application of RCP4.5 in climate models is to study the response of long-term
climate systems to the scenario of stabilizing the anthropogenic components of radia-
tive forcing [75]. The radiative forcing increases by ~46% in the near-term (from 2.57
to 3.75 W/m?), by ~13% in the mid-term (from 3.76 to 4.25 W/m?2), and by ~1.41%
in the future-term (from 4.25 to 4.31) (data extracted from RCP database URL: http:
//tntcat.iasa.ac.at/RcpDb/download/R45_bulk.xls; accessed on 10 September 2021). Sim-
ilar to RCP4.5 radiative forcing change, the WS projections show higher percentage change
in the near-term, and lower percentage change from mid-term to future-term. More im-
portantly, for RCP4.5 mostly in all climate variable scales, the percentage change from
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mid-term to future-term is opposite of the percentage change observed from near-term
to mid-term, which results in stabilization of mean WS without much change from the
near-term. This indicates the importance of the stabilization of anthropogenic components
of radiative forcing. Unlike RCP4.5 for RCP8.5, whatever the percentage change in the
mean WS climate is observed from near term to mid-term continues to future-term. The
percentage change from near-term to future-term is higher for RCP8.5 compared to RCP4.5.
Overall, the weakening of mean WS near central-northern equatorial region is observed in
all climate variable scales. The magnitude of percentage change in mean WS over annual
scales is lesser than the seasonal scales.

Near-term (2020-2049] Mid-term (2050-2079) Future-term (2080-2100)

FAe \» '1:;\@ W PR
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Figure 13. As in Figure 11, but for annual mean wind speed over land region of South Asian domain,
and the percentage change is calculated based on projections of ACCESS1.0.

The annual mean WS is observed to strengthen over 64.14% of SA and weaken over
35.86% of SA subcontinent with an average percentage change of 4.78% and —3.33%,
respectively, by the future-term for the RCP4.5 scenario (Figure 13a—c). The percentage
change pattern is similar for both RCP scenarios, but the magnitude of percentage change
is higher for the RCP8.5 scenario (approximately 24.41% increase at the highest percentage
change point (latitude 18.75°, longitude 102.75°) than is observed for the RCP8.5 sce-
nario). The strengthening (>15%) of annual mean WS is observed over Thailand, Malaysia,
and Sumatra, and weakening (< —10%) of annual mean WS is observed over the coastal re-
gion of the Persian Gulf, the northern plain of India, and Himalaya range in the future-term
for the RCP8.5 scenario (Figure 13i).

In both RCP scenarios, the strengthening (>15%) of pre-monsoon mean WS is observed
over eastern Africa, the south-west coast of India, the north-east coast of India, north of
the Himalaya range, and Myanmar, Thailand, Malaysia, and Sumatra in the near term,
and this change strongly strengthens (with a maximum increase of 68.05% for RCP8.5 and
23.73% for RCP4.5) in the future-term (Figure 141). In the future-term, the highest increase
in the percentage change relative to historical mean WS is observed north of the Himalaya
range (latitude 29.75°, longitude 95°) with 104.6% and 114.28% for the RCP4.5 and RCP8.5
scenarios, respectively.

Over the northwestern part of India, the weakening of future WS is observed in pre
and post-monsoon season, whereas strengthening of future WS is observed in monsoon
season. Similarly, over Saudi Arabia, weakening of future WS in monsoon season and
strengthening in pre and post-monsoon seasons is observed (Figure 14). In both RCP
scenarios, the average increase in percentage change of future-term mean WS over land is
higher for monsoon season, followed by post-monsoon and pre-monsoon. The 203.69%
and 216.65% change in future-term monsoon mean WS relative to historical mean WS
is observed at the north of Ethiopia (latitude 14°, longitude 38°) for RCP4.5 and RCP8.5
scenarios, respectively. Unlike over the ocean, the enhancement in percentage change
is higher over land relative to the ocean. Significant changes in the 21st century annual
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and seasonal mean WS are observed, and it is expected that these changes in WS will
have a significant impact on wind-driven processes (like wind waves). This impact can be
quantified using the recommended best-performing climate model projections.

|. Pre-Monsoon mean wind speed
Near-term (2020-2049) Mid-term (2050-2079) Future-term (2080-2100)

1. Monsoon mean wind speed
Near-term (2020-2049) Mid-term (2050-2079) Future-term (2080-2100)
P ) B () o5

11l. Post-monsoon mean wind speed

Near-term (2020-2049) Mid-term (2050-2079) Future-term (2080-2100)

(a)
NS TR

Figure 14. As in Figure 11, but for (I) pre-monsoon (February-May), (II) monsoon (June-September),
and (III) post-monsoon (October-January) mean wind speed over land region of South Asian domain,
and the percentage change is calculated based on projections of ACCESS1.0.
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4. Conclusions

The current study evaluated the performance of twenty-eight available CMIP5 GCMs
in representing near-surface wind speed relative to reanalysis ERA5 data over the South
Asian (SA) domain. A new relative score-based approach has been used to assess the ability
of each GCM to represent frequency density of daily mean wind speed, long-term monthly
mean wind speed variation (annual cycle), mean and trend of annual and seasonal wind
speed, and spatio-temporal variability of monthly mean wind speed. Upon inspection of
a model’s skill over diverse climate variable scales, it is observed that judging a model’s
performance based on its competence on a certain climatic variable scale (e.g., monthly
mean or annual mean, etc.) is not advised.

The intercomparison of GCMs from the same family is performed using an estimated
total relative score to understand the role of different dynamic components and spatial
resolution (horizontal and vertical) in model skill. A significant benefit is observed in using
higher resolution models over land compared to the ocean. The intermodal comparison
of GCMs having a similar model configuration with the difference in spatial resolution
highlight that increasing horizontal and vertical resolution has a moderate impact on near-
surface wind speed simulation over the SA domain. However, when we compared the
GCMs having the lowest or highest spatial resolution with different model configurations,
we observed that the model with the highest or lowest spatial resolution did not necessarily
exhibit the best or worst performance, respectively, whereas the dynamic components
in the model configuration play the major role. The changes in sea-ice and ocean model
components have a lesser effect on wind speed simulation, whereas the atmosphere compo-
nent (with or without tropospheric chemistry) and land component have significant effects.
Although the current study evaluates the performance of all available CMIP5 GCMs, it is
expected that further investigation can be carried out to decode the model variability and
bias in GCMs.

Overall, the 27-MPI-ESM-MR, 10-CSIRO-Mk3.6.0, and 13-GFDL-ESM2G are the top-
performing individual GCMs over the ocean. The ensemble of these three models’ (MME-
3_(27, 10, and 13)) skill is higher and demonstrates greater improvement at all climate
variable scales, except in representing frequency distribution of daily mean wind speed
and EOF1 variance. Over the land, 1-ACCESS1.0, 27-MPI-ESM-MR and 15-HadGEM2-AO
show higher skills in most of the assessment criteria. In conclusion, the wind climate
from MME-3_(27, 10, and 13) is recommended for future wave climate impact studies and
offshore wind analysis. Over the land, MME-3_(1, 27, and 15) model wind projections are
recommended for mean wind speed trend analysis and 1-ACCESS1.3 for mean wind speed
analysis. It is strongly not recommended to use the MIROC-ESM and MIROC-ESM-CHEM
models in wind-driven climate change impact studies.

This study also investigated the percentage change in annual and seasonal mean wind
speed for the near-term (2020-2049), mid-term (2050-2079), and future-term (2080-2100)
relative to historical (1979-2005) time slice from the best-performing models over ocean and
land for the RCP4.5 and RCP8.5 scenarios. The future projected changes in near-surface
wind speed are found to be significant for RCP4.5, with even greater changes observed
for the RCP8.5 scenario because RCP8.5 replicates the scenario of the largest increase in
greenhouse gas concentration level by the end of 2100 [76]. In the future-term, strengthening
and weakening of mean wind speed is observed over most regions of SA land and ocean,
respectively. The magnitude of overall domain average percentage change is higher over
land compared to the ocean. The annual mean wind speed percentage change is lesser
compared to seasonal scale change. In all climate variable scales, the weakening of wind
speed from near-term to future-term is observed over the southern Arabian Sea and central
northern equatorial region of the Indian Ocean. Over the land, the strengthening of mean
wind speed is observed on the coastal plain of the United Republic of Tanzania, Oman
coast, Thailand, and Sumatra, and weakening is observed over the central northern plains
of India on both annual and seasonal scales. The mechanisms responsible for changes in
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future wind projections can be studied by examining the variability in sea level pressure,
sea surface temperature, and surface air temperature.

Supplementary Materials: The following are available online at https:/ /www.mdpi.com/article/
10.3390/atmos13060864/s1, Figure S1: Sensitivity of climate model’s rank with chosen assessment
criteria over ocean areas 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 empirical orthogonal function (EOF) analysis,
cross sign markers for without evaluating annual mean wind speed trend, and plus sign markers
for without evaluating seasonal mean wind speed trend. The bubble size indicates total how many
cases (out of seven) have given a particular rank to a climate model. For example, Model 30 and
Model 27 have secured the first rank in all seven cases. The thick black line is the result case obtained
by considering all the assessment criteria, and it passes through the largest bubble at most of the
ranks. The interchange of a particular rank is observed between the climate models whose total
relative score is near to each other, Figure S2: Summary of GCMs skill over ocean areas of the South
Asian domain. (a) Total relative score (TRS) of bias-corrected GCMs vs. top-performing GCMs
without bias correction. Summary of best performing GCMs with and without bias correction (b)
TRS, and (c) relative score over multiple climate variable scales; the model ID with an asterisk (*)
represents the GCM without bias correction, Figure S3: As in Figure S2, but represents a summary of
GCMs skill over land areas of the South Asian domain, Figure S4. Assessment criterion statistic (ACS)
summary of the top three low-resolution climate models (BNU-ESM, CanCM4, and CanESM2) over
the entire South Asian domain in representing (a) daily mean wind speed, (b) annual and seasonal
mean wind speed, (c) long-term monthly mean (annual cycle), (d) annual and seasonal mean wind
speed trend, (e-h) spatio-temporal variability of monthly mean wind speed. The x-axis represents
the model acronym and the y-axis represents ACS. The model acronym with an asterisk (*) is the
result case where the reference dataset is regridded to the spatial resolution of climate models and
applied the suitable statistical metric to assess the skill of the climate model relative to the reference
dataset. The model acronym without an asterisk (*) is the result case where the climate model dataset
is regridded to the spatial resolution of the reference dataset and applied the suitable statistical metric
to assess the skill of the climate model relative to the reference dataset.
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