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We but mirror the world. All the tendencies present in the outer world are to be found in the
world of our body. If we could change ourselves, the tendencies in the world would also change.
As a man changes his own nature, so does the attitude of the world change towards him. This is

the divine mystery supreme. A wonderful thing it is and the source of our happiness. We need
not wait to see what others do.

—
Mahatma Gandhi

A la mémoire de mes grands-parents . . .
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Abstract

Climate change is one of the biggest threats to humanity and is tightly linked to the rising
population and increased energy consumption derived from fossil fuels. Available wind and solar
resources in India may be subject to significant changes in the future due to global warming. The
contributions to the electricity supply from wind and solar are sensitive to climate perturbations,
and monsoon variability under future warmer climate conditions could present unprecedented
challenges to the energy industry and therefore warrants further investigation.

The ultimate goals of this thesis are to address the impact of climate change on the electricity
production of wind and solar energy, and explore tools to render potential investments more
robust to the uncertainty of future climate trends.

The approach adopted in this thesis is based on statistical methods to characterize past and
future climate trends extracted from high-resolution climate models to understand the long-term
characteristics and uncertainty of the climate variables impacting wind and solar production in
India. Climate models are combined with reanalysis datasets, local measurements, and real wind
and solar farm data of CLP Group assets in India. Climate data, energy estimation, and portfolio
methods are applied to build a framework assessing how the combination of wind and solar could
strengthen the resilience of the energy system, in particular on the supply side. In addition, a
deep-learning model, Wind-Topo, designed to estimate wind flows is tested to investigate its
applicability in regions where access to data remains a challenge.

The first part of the thesis analyzes future trends in wind availability in the Indian sub-continent.
An additional contribution of this investigation is the suggestion of a decision-making tool
enabling the quantification of the spatio-temporal consistency of wind trends using a structure-
function. The second part of the thesis considers the impact of climate on the joint exploitation of
wind and solar energy resources. It demonstrates that the uncertainty about the energy production
of a mixed portfolio can be reduced by optimizing the combination of wind and solar assets
in a producer portfolio, thus mitigating the economic impact of climate change. The last part
of the thesis investigates the results of machine learning methods to estimate wind flows in an
India domain using Wind-Topo, a deep learning model designed to downscale wind in regions
with complex topographies. Wind-Topo is trained with a reanalysis dataset and calibrated with
meteorological stations in Switzerland.
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Abstract

In the first part of this thesis, the comparison of two families of CORDEX regional climate
simulations suggests improved performance of the latest version in reproducing the local climate.
The results indicate increasing future trends for annual wind speeds in the north-west (0.04 m/s
per decade (±8%)), the center (0.03 m/s per decade (±11%)) and the east (0.02 m/s per decade
(±19%)) of the Indian sub-continent under the representative concentration pathway scenario
RCP 8.5 at the end of the century, with changes occurring more substantially during the last 30
years of the period. Furthermore, future projections also display seasonal wind perturbations
occurring during the pre-monsoon, and trends with the highest magnitude concentrating during
the monsoon. When combining wind and solar assets in a portfolio, we find that the climate-
change induced variability on the energy production ranges from 33% to 50% when compared to
the pure wind-only portfolios and from 30% to 96% when compared to pure solar assets. The
analysis undertaken in the last part of the thesis demonstrates that the new Wind-Topo improves
the estimation at stations located in the Himalayan mountains. Overall, the mean bias error of
Wind-Topo output with local data is reduced and the correlation of Wind-Topo output with local
data is increased compared to the values obtained with ERA5.

Key words Climate change, CORDEX, renewable energy, wind energy, solar energy, solar PV,
future trends, energy portfolio, portfolio analysis, Spatio-temporal complementarity, seasonality,
India, monsoon, Wind-Topo, machine learning, wind forecasting
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Résumé

Le changement climatique représente l’une des principales menaces pour l’humanité. Les pertur-
bations climatiques sont étroitement liées à la croissance démographique et à l’augmentation de
la consommation d’énergie produite à partir de combustibles fossiles. Les ressources éoliennes et
solaires disponibles en Inde pourraient subir d’importants changements à l’avenir en raison du
réchauffement climatique. Les contributions de l’énergie éolienne et solaire à l’approvisionne-
ment en électricité sont sensibles aux perturbations climatiques, et la variabilité de la mousson
dans des conditions climatiques plus chaudes pourrait présenter des défis sans précédent pour
l’industrie de l’énergie. Il convient de poursuivre l’étude des effets de cette variabilité.

Les objectifs de cette thèse sont l’étude de l’impact du changement climatique sur la production
d’électricité des énergies éolienne et solaire, et l’exploration d’outils permettant de rendre les
investissements dans ces énergies plus robustes face à l’incertitude des tendances climatiques
futures.

L’approche adoptée dans la présente thèse est fondée sur des méthodes statistiques de caracté-
risation des tendances climatiques passées et futures.Ces tendances sont extraites de modèles
climatiques à haute résolution afin de comprendre les caractéristiques à long terme et analyser
l’incertitude des variables climatiques ayant un impact sur la production éolienne et solaire en
Inde. Les modèles climatiques sont combinés avec des mesures météorologiques et des données
réelles sur les parcs éoliens et solaires appartenant aux actifs du Groupe CLP en Inde. Les données
climatiques, l’estimation énergétique et les méthodes d’analyse du portfolio sont appliquées pour
construire un cadre évaluant comment la combinaison de l’éolien et du solaire pourrait réduire
l’incertitude des tendances futures. En outre, un modèle de machine learning, Wind-Topo, conçu
pour estimer les flux de vent, est testé pour étudier son applicabilité dans les régions où l’accès
aux données demeure un obstacle.

La première partie de la thèse analyse les perspectives d’avenir des ressources éoliennes du
sous-continent indien. Une autre contribution de cette étude est la proposition d’un outil d’aide à
la décision afin de quantifier la cohérence spatio-temporelle des tendances éoliennes à l’aide d’une
fonction structurale. Le deuxième volet de la thèse examine l’impact du climat sur l’exploitation
conjointe des ressources éoliennes et solaires. On y démontre que l’incertitude sur la production
d’énergie d’un portefeuille mixte peut être réduite en optimisant la combinaison des actifs éoliens
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Résumé

et solaires dans un portefeuille producteur, atténuant ainsi l’impact économique du changement
climatique. La dernière partie de la thèse étudie les résultats des méthodes d’apprentissage
automatique pour estimer les flux de vent dans un domaine indien en utilisant Wind-Topo, un
modèle d’apprentissage profond conçu pour réduire l’éolien dans les régions à topographie
complexe. Wind-Topo est entraîné avec un jeu de données de réanalyse et calibré avec des
stations météorologiques en Suisse.

Dans la première partie de cette thèse, la comparaison de deux familles CORDEX donne à penser
que la dernière version reproduit mieux le climat local. Les résultats indiquent des tendances
futures croissantes pour les vitesses annuelles du vent dans le nord-ouest (0,04 m/s par décennie
(±8%)), le centre (0,03 m/s par décennie (±11%)) et l’est (0,02 m/s par décennie (±19%)) du
sous-continent indien sous le scénario RCP 8.5 à la fin du siècle, les changements se produisant de
manière plus importante au cours des 30 dernières années de la période. En outre, les projections
futures montrent également des perturbations saisonnières du vent qui se produisent avant la
mousson, et des tendances dont l’ampleur la plus élevée se concentre pendant la mousson. En
combinant des actifs éoliens et solaires dans un portefeuille, nous constatons que le niveau de
réduction de l’incertitude sur la production d’énergie varie de 33 % à 50 % par rapport aux
portefeuilles purement éoliens et de 30 % à 96 % par rapport aux actifs purement solaires.
L’analyse entreprise dans la dernière partie de la thèse démontre que le nouveau Wind-Topo
améliore l’estimation aux stations situées dans les montagnes de l’Himalaya. Globalement,
l’erreur moyenne de biais est réduite et la corrélation augmentée.

Mots clés Changement climatique, CORDEX, énergies renouvelables, énergie éolienne, énergie
solaire, solaire photovoltaïque, tendances futures, portefeuille énergétique, analyse de portefeuille,
Complémentarité spatio-temporelle, saisonnalité, Inde, mousson, Wind-Topo, apprentissage
automatique, prédiction du vent
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Introduction

This introductory chapter sets the background for investigating the risk of climate change on
wind and solar energy production. It highlights the state of the art and research gaps that warrant
additional examination. The chapter begins with an overview of the state of climate change,
the need to shift to renewable energy to achieve the energy transition and the advancements
in wind and solar deployment worldwide. After arguing that understanding the importance of
the impacts of climate change on renewable energy sources is necessary to build a foundation
for developing resilient future energy infrastructures and achieving the decarbonization targets
set by policy-makers, I present monsoon-related impacts of climate change on wind and solar
infrastructures in India. An overview of climate change impacts on the future availability of
wind and sunshine is summarized, followed by a highlight of the central role of climate models
in advancing the fight against global warming. The repercussions climate change can have on
wind and solar, and my findings regarding their future trends are illustrated. In this context,
I propose an overview of the methods proposed by the scientists for energy stakeholders to
take climate model information into accounting for decision-making. The issues related to the
tools available for successful long-term planning of wind and solar deployment with portfolio
methods are also discussed. Finally, I investigate a different perspective of wind assessment
using machine learning methods to wind forecasting in complex terrains. In this context, the
importance of adopting innovative tools in order to achieve the decarbonization of the power
sector is highlighted, specifically in planning new wind installations. Relevant research gaps
are identified and summarized in this chapter. The remainder of this thesis will be written in a
scientific style with the use of "we" rather than "I".

The state of the climate crisis and the energy transition

The world faces a climate crisis with rising temperatures and the effects of greenhouse gas
(GHG) emissions [1]–[3]. Scientists determined that human-induced climate change was causing
perturbations to the earth’s system and proved that dioxide carbon concentrations affect the GHG
effect [4], [5]. The science is well established, as recognized by recent Nobel prize awards on the
subject won by Dr. Manabe and Dr. Hasselmann for creating climate models that linked weather
and climate while demonstrating how increased carbon dioxide levels warmed the earth’s surface,
and Dr. Parisi for his discoveries leading to understanding complex systems [6]. Climate change
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Introduction

affects every region globally, with human influence contributing to many observed changes in
weather and climate extremes. The World Meteorological Organization and the United Nations
formed the Intergovernmental Panel on Climate Change (IPCC) to examine the latest climate
science every few years and support governments worldwide in understanding climate change
impacts and measures to adapt and mitigate [7]. The IPCC has a central role in the fight against the
climate crisis as the entity that keeps the scientific compass on climate issues. The Working Group
I contribution to the sixth assessment report on 6 August 2021 established on the "unequivocal"
human influence on the warming of the atmosphere, ocean, and land [8]. The report released on
February 2022 states that the warming rate in temperatures has been at unprecedented levels, with
land-regions warming substantially more than the global mean [9]. Increasing temperatures lead
to perturbations to the water cycle with increasing moisture content, more precipitations with
higher intensity, and more incidences of floods and droughts in the future [10]. The scientific
community assesses the state of the depletion of glaciers [11] and the tendency for rising sea
levels as already observed in many parts of the world [12]. The risk of compound events, impacts
of different types of events happening simultaneously, at the same or multiple locations, for
example, the concurrence of heatwaves and droughts that could emphasize the risk of fire hazard,
is also increasing [13], [14]. The emergency of the crisis lies in the fact that GHG emissions are
irreversible. Even if carbon emissions were to stop, the anomaly would stay because of the long
lifetime of carbon dioxide in the atmosphere. The warming could in principle be mitigated by
geoengineering technologies that would enhance outgoing longwave radiation and cool down the
Earth [15], [16].

The world has started broadly proclaiming its intent to act against the climate crisis in the past few
years. A push to accelerate renewable energy technologies adoption worldwide is critical together
with coordinated national policies and actions [17]. The European Union (EU) parliament pledged
for a 60% carbon dioxide reduction by 2030 and for net-zero by 2050 [18]. China also pledged
to reach carbon neutrality by 2060 [19]. The pledges are a big step in the face of the climate
emergency, but no concrete actions nor much progress did follow declarations since 2015. The
recent Glasgow climate conference (COP 26) recognizes that the world is not on track with a
large gap between 2030 commitments and Paris Agreements Goals, as we are now on a trajectory
towards 2.4°C. Efforts by the global scientific community to support technological innovation
and foster the green economy shall be encouraged and supported financially and strategically to
speed up the trend towards carbon neutrality [20].

The cause of human-induced global warming is the burning of fossil fuels and land use including
deforestation. For an energy mix coherent with the Paris Agreement, we must avoid, capture
or neutralize carbon emissions. The energy sector is central in the efforts to reduce carbon
dioxide emissions. If the usage of coal, oil and gas was to be replaced with renewable energy,
the reduction of current carbon dioxide emissions could reach a 90% cut below 1990 levels [21].
Replacing fossil fuels with renewables by the mid-century is only possible if aggressive action
is implemented and challenges related to intermittency, location, transportation bottlenecks,
environmental impacts, and land availability are tackled [22]. It involves changes in energy
supply and consumption and societal and geopolitical transformation across from individuals,
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Introduction

communities, and multinational organizations. Furthermore, a prosperous energy transition can
only happen if the trade-off between transition risks and the many physical, economic, and
societal risks related to climate change are resolved satisfactorily.

The challenge for society is to take long-term decisions and shift the paradigm by aligning
portfolios with climate goals and establishing more scientifically robust and realistic climate
goals. Climate change does not operate in isolation from other important crisis events in the
world and works in nexus with other crisis [23]. Recent circumstances in Ukraine should push
Europe and other nations to decrease their reliance on fossil fuels and turn the status of the
energy transition from impossible to inevitable as renewable offers a solution to the dependence
to Russian resources.

Research gap 1 The incorporation of climate models knowledge is missing as demonstrated by
the misalignment of climate goals with policy goals, and decision makers need tools to understand
and act on climate change.

Worldwide advancements of wind and solar energy

The economies of China, United States and India are at the core of environmental solutions
because of their maximum contribution to climate change [24]. The trends in carbon dioxide
emissions indicate a rise in the future, and curbing carbon dioxide emissions cannot be achieved
without a comprehensive shift from fossil to renewable resources in those countries. Renewable
supply represents 15% of the global primary energy with less than 2% of sources such as
photovoltaic (PV) and wind energy [25]. The recent years marked the reduction in the cost of PV
and wind power generation systems and improved efficiency. The global installed capacity of
wind turbines grew at about 14% annualized rate during the last two decades [26]. Wind turbines
provide 6-7% of the global electricity supply [27]. Scenarios by the World Energy Outlook
estimated that, by 2040, renewables might supply 20 to 30% of the world’s primary energy, and
studies suggest it is theoretically possible to move toward a completely renewable energy system
by 2050. The shift to a lower-carbon economy is also happening in Asia where investments in
setting up wind, solar and other renewable energy sources are flourishing [28].

In the case of India, energy demand has increased in recent years because of the need to meet the
industrialization and infrastructure development [29]. India is the third-largest emitter of carbon
dioxide in the world and coal-fired power plants in the country contribute approximately to half
of its carbon emissions [30], [31]. India has a great potential for renewables, especially solar and
wind, favored by a location in the solar belt and reception of large amounts of annual sunshine.
Renewable energy deployment can accomplish up to 63% of the carbon dioxide reduction in 2050
[30], [32]. Therefore, India should further enhance the use of low-carbon sources in the power
supply, limit the dependence on coal, and increase the penetration of renewables to mitigate the
climate crisis. The Indian government announced the goal of reaching 500 GW of renewable
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power capacity by 2030 to accelerate the clean energy transition [33], [34]. The energy transition
in the sub-continent is underway to reach its sustainability targets [35], [36]. Before the covid
outbreak, India ranked fourth in the cumulative wind capacity installed (after China, the US,
Germany, and before SpainI) with over 19 GW installed [37]. Wind energy accounts for 8.5% of
the total installed capacity in India [29]. India is also home to one of the most extensive solar
photovoltaic plant installation programs. After a large scale installation of ground-mounted solar
photovoltaic plants, India is moving towards rooftop installations to increase economic viability
[38].

Climate change and monsoon trends in India

India is characterized by the diversity of its socioeconomic conditions, geography, and climate,
which renders its study and the implementation of uniform policies a challenge [39]. Large-scale
weather regimes in India follow an evolution throughout the year dictated by the onset and retreat
of the Asian summer monsoon [40]. The monsoon pattern is such that during the northern
summer, strong climatological south-westerlies over the Arabian Sea provide moisture [41]. An
anomalous anticyclonic circulation influences the Indian monsoon during El Niño, weakening
the south-westerly circulation’s southern part [42], [43]. This pattern is usually predictable, but
the summer monsoon 2020 has been very erratic, with episodes of heavy and devastating rains,
landslides, and catastrophic winds over South Asia, and a delay of two weeks in the withdrawal of
the summer monsoon in India [44]. Lockdown activities to control the spread of COVID-19 led
to reduced aerosols impacting the strength of the incoming solar radiation and enhancing the heat,
causing heavy rains over West-Central India [44]. The events in 2020 are a glance of what could
happen in the future if the warming intensifies even with more efforts to mitigate air pollution.
What can we expect regarding future monsoon patterns? Future monsoon patterns project dryer
conditions in the Northeastern parts of India [45], [46]. CMIP5 GCMs indicate a consistent
increase in monsoon rainfall and its variability under global warming [47]. Simulations of the
Indian monsoon in the historical period by CMIP5 GCMs were not always accurate [48]. Recent
GCMs from the CMIP6 family are now available, and scientists are busy evaluating their ability
to simulate the Indian monsoon [49]. Climate sensitivity is higher on average in CMIP6 due
primarily to strengthened cloud feed-backs [50]. Gusain et al. use CMIP6 models to explore their
added skill in representing Indian monsoon characteristics and uncover their improved statistical
consistency with observational data compared to the previous CMIP3 and CMIP5. [51].

Review of how climate change impacts wind and solar energy generation

Climate processes fuel renewable power resources. Climate change can strongly affect green
energy by modifying future demand and generation [52], [53]. Climate change is expected to
influence the long-term mean and variability of the climate variables and alter extremes [54].
Wind and solar energy are inherently uncertain and sensitive to climate change because of the

Ihttps://gwec.net/global-wind-report-2022/, last accessed on 17/08/2022
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natural variability of near-surface wind speed and solar radiation. The demand in energy is
impacted by a high probability of lower heating and increased cooling [55]–[57]. In this thesis,
we focus solely on the impacts on the supply side. Climate change impacts on wind power are
expected to be more substantial than any other renewable technology [25]. Surface wind speeds
are sensitive to surface roughness and topography. A long-term reduction in near-surface wind
speed has been observed around the globe and described as the stilling effect [58]. With climate
change, the risk of extended periods of low winds might worsen in the future. Such changes
affect wind power density and impact the cost, planning, future investments, and contribution of
wind to the energy mix [59], [60].

Climate change-induced variations in PV-energy potential are linked to changes in temperature
and radiation [61]. PV power generation has an opposite relation to cell temperature and a
proportional response to total radiation [62]. Sunlight duration determines the amount of effective
radiation received by PV panels. Future changes in the cloud cover and air pollution can also
result in variations in power generation under changing climate. The cloud cover indirectly
impacts PV systems by causing radiation variations, leading to fluctuations in power generation.
The decrease in precipitation and cloudiness under climate change could positively impact
solar energy production [63]. Surface wind speed and atmospheric aerosol concentrations also
influence the efficiency of PV panels. Furthermore, PV modules are highly vulnerable to climate
extremes [64].

The central of role of climate models in advancing climate mitigation

State of the art studies on renewable energy production around the world rely on global climate
models (GCM) and regional climate models (RCM) with various adaptations. Climate models
are built to estimate trends rather than events [65]. The climate modeling community engaged
in massive efforts for GCMs and RCMs improvements [66]. Previous results are however not
obsolete, as most climate predictions proved accurate until now. Climate models published during
the past 50 years proved valid in predicting global warming in the years following publication,
mainly when differences between modeled and actual changes in atmospheric carbon dioxide
and other climate drivers were accounted for [67]. The demand for quantitative projections of
climate evolution [68] led to more research on the topic of uncertainty quantification in climate
science [69]. Uncertainties arise because of an incomplete understanding of climate change as
well as limitations in models and observations. Techniques for quantifying uncertainties of past
climate and future projections also enable to express uncertainties in terms of probabilities and are
described in the literature [68]. It is possible to produce quantitative projections of climate change,
combining models of varying complexity and observations that measure our current uncertainty
in those projections. Efforts to analyze whether the latest models, which presumably represent
the climate system better than their predecessors, enable to obtain a more realistic picture of the
evolution of climate. Better constraining processes affecting regional climate sensitivity could
strongly reduce the uncertainty in the projections of extremes and climate impacts, potentially
even more than further refinements of global climate sensitivity [70].
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Projections of wind and solar PV generation potential are tainted with uncertainties [52]. In the
next two paragraphs, we discuss the trends and findings on future changes in wind and solar
under changing climate.

Trends in wind and solar under changing climate

The complexity in understanding climate change stems from the spatial and temporal heteroge-
neousness of its impacts over the world. Most recent literature review on future wind projections
indicates a likely decline in the northern hemisphere and an increasing trend in the south [71].
The assessment of climate change impacts using RCMs in Ontario indicate that wind speed
trends are expected to decrease in the energy portfolio mix [63]. In West Africa, the analysis of
future change of wind using simulations from Coupled Model Inter-comparison Project version 6
(CMIP6) uncover an increase of 70% in wind power density over the Guinea coast sub-region
of West Africa, especially in June–July–August season under global warming [72]. In Greece,
projections of the future wind climatology in a changing climate using downscaled GCM with the
Weather Research and Forecasting (WRF) detect increases in mainland Greece and the northern
parts of Crete, and decreases in the southern part of the Crete [73]. In Russia, changes in wind
potential in the subarctic regions are foreseen to vary from −15 to −20% [74]. In the Gulf
of Oman, the evaluation of potential of wind energy offshore using the CORDEX wind speed
data simulations concludes on promising prospects for wind energy exploitation[75]. Studies
evaluating climate change impacts at the wind site level [76]–[78] are less abundant than those
at regional level. In summary, the disparity of the impacts described confirms the necessity of
conducting regional investigations to better understand local challenges and consequences.

Research gap 2 The consistency of future wind speed trends under changing climate is under-
explored. Its relevance is timely in regions where the climate is exacerbating.

Wild et al. pioneered the analysis of climate change impacts on PV trends with a global study
using CMIP5 GCMs [79]. This avant-garde study describes decreases in PV in large parts of the
world under RCP 8.5 scenarios for the first half of the twenty-first century and positive trends
in Europe, the South-east of North America, and southeast China. Since then, various analysis
using GCMs and RCMs followed [61]. The evaluation of climate change impacts on solar PV
with RCMs finds slight decreases in PV production by the end of the century unlikely to imperil
the European PV sector [80]. The examination of projected PV changes using GCMs indicates
increases in output in China from 2010 to 2080 and decreases in the US and Saudi Arabia [81].
Increasing temperatures in Africa could lead to reduced PV potential which calls for efforts to
reduce the dependency of the performance of PV cells on the ambient temperature [82], [83].
Climate change projections in Burundi predict a huge change in PV power potential by 2050
calling for more investments in energy from solar PV [84]. The estimation of future changes
in solar energy potential in Australia under climate change reveals that future changes in PV
potential are determined primarily by the increasing temperatures and reduction in radiation[85].

6



Introduction

In the case of India, studies on solar energy focus more on the policy perspective and the ambition
of India to expand its solar capacity to meet the ever-growing energy demand [86]–[90].

Research gap 3 The analysis of future wind and solar energy patterns under changing climate
in India with latest climate models is missing and requires further investigations.

Integrated responses for wind and solar planning

Early work of Archer et al. shows the benefits of interconnecting wind farms in the United States
as a way to decrease intermittency [91]. The co-deployment of wind and solar PV could balance
diurnal and seasonal variability locally [92]–[94]. Climate change can also exacerbate solar and
wind energy contingencies and extend the risk of long periods of wind and solar shortage which
could be detrimental in regions with high renewable energy penetration [59]. Low wind and solar
periods or high wind events may render a significant part of the capacity in a particular location
unproductive over a long period and impact the revenue streams of the projects [59], [95], [96].
Planning must ensure that the deployment of wind and solar accounts for the spatiotemporal
complementarity of all resources to offset the local variability and mitigate the effect of long-term
variability [97]. Researchers play an active role in evaluating solutions of hybrid power generation
with wind and solar [98].

Strategies and actions need to be pursued to move towards climate-resilient renewable energy
infrastructures. In some cases, diversification can be an essential element of such strategies.
Therefore, we need tools to plan effectively. Modern Portfolio Theory (MPT) is a financial theory
that helps to guide investment decision-making in assessing the trade-off between (expected)
financial return and risk (represented by the volatility of the return) [99]. It is used to obtain the
efficient frontier of portfolios of individual financial assets. From an investor’s point of view,
the optimal choice is maximizing returns for a given level of risk. DeLlano-Paz et al. provide
a review of energy and portfolio theory [100]. Return is usually represented as the (physical)
power output and risk as to the output volatility. MPT is recognized as an efficient planning tool
in supporting sustainable investment planning and decreasing the risk to environmental benefits
[101]. The application of portfolio theory to the investigation of climate change impacts enables
to account for evolving inter-dependencies regionally and across sectors, and facilitate strong and
early action on the climate-related effects [102]. The use of MPT to analyze the smoothing effect
for the future Chinese power system uncovers its effectiveness to develop mitigation strategies
reduce integration costs and disperse the deployment of wind and solar over a large area with
diverse weather patterns [103].

Research gap 4 The exploration of climate resilient portfolios in studies accounting for the
complementarity and balancing of wind and solar is missing in India.
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The need for higher resolution data in India

Recently, there has been a growing interest in using artificial intelligence methods, including
neural networks for both weather and climate predictions [104]–[106]. Machine learning algo-
rithms have a wide range of applications from wind prediction in complex topography to climate
[107]. Neural network can be used for the post-processing of RCMs to assess the impact of
climate on wind power resources [108], and the improvement of the predictions [109], [110]. The
improvement of long-term wind predictions in regions threatened by climate change offers an
additional incentive for wind energy developers to invest in assets. The ability of state-of-the-art
climate models to represent mean winds and their seasonality in areas with a complex topography
is limited and wind speed biases are persistent over mountainous terrain [111]. With the growing
interest in assessing wind energy potential in complex terrains [112], machine learning techniques
can play a significant role in improving wind speed predictions. Mortezazadeh et al. use an
approach combining computational fluid dynamics and random forest to predict wind potential for
a long-term period in a urban area [113]. Biswas et al. investigate the accuracy of the prediction
for two types of deep learning methods with daily wind from low resolution reanalysis datasets at
the Bay of Bengal and Arabian Sea as inputs [114]. In Wind-Topo, the universal wind-topography
interactions discovered by the model were successfully applied at the validation stations and to a
high-resolution grid that exhibited most of the expected orographic effects [115].

Research gap 5 Studies on wind energy using machine learning methods in India are character-
ized by their scarcity, and the research on its application to provide wind energy forecasts is also
rare.

Research goals

This thesis aims at understanding the state of climate change impact assessment studies, with a
focus on the wind and solar situation in India, scrutinize prospects of wind and solar energy under
climate change, and gather insights to enhance the achievement of resilient energy production
portfolio. To address the overall goal and fill the identified research gaps, three main objectives
are articulated and tackled in three research modules.

The first objective is to work with Coordinated Regional Dynamical Experiment regional climate
models in South Asia under different climate change scenarios to investigate climate change
impact on future wind resources in India. We provide insights on the consistency of wind speed
trends and demonstrate that wind projections increase in India, triggering more enthusiasm for
wind development in the northwest. We also propose a decision-making tool in the form of a
structure-function to quantify the spatiotemporal consistency of wind trends. This objective is
formulated with two main research questions (RQ) addressed in Chapter 1:

• RQ 1.a. What are the patterns of future wind speed trends from climate models projections?
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• RQ 1.b. Can we formulate tools to quantify the spatio-temporal consistency of the climate
trends?

In the second part of the thesis, we assess the impact of climate change on wind and solar PV in
India based on climate models, evaluate the variability in models output, analyze the trends in
models’ predictions, and use portfolio methods to show how the combination of wind and solar
can limit the variability on future trends of expected returns from combined installations. This
objective is formulated with the following research question, addressed in Chapter 2:

• RQ 2. Can we use the anti-correlation of solar and wind resources to reduce uncertainty
in the estimation of future yield if the combined generation of solar and wind power is
considered?

The third objective is to focus on the high-resolution data to present a different perspective on
wind prediction. We work on the prediction of surface wind speed and direction while taking
into account terrain characteristics in the Indian sub-continent with a new version of a machine
learning based model (Wind-Topo). Another objective explored in this work is to provide a
scientific basis for the long-term planning of wind energy development and the availability of
more reliable and low-cost wind energy forecasts. This objective is formulated with following
research question, addressed in Chapter 3:

• RQ 3. Can we improve wind speeds estimation in areas with complex topography by
leveraging machine learning methods and available measurements?

Challenges

Predictions from climate models

The literature on climate models contains methods to improve the predictions from raw climate
models. There are four main methods; bias correction [116], downscaling to augment the spatial
and temporal resolution [117], models’ selection to shortlist the number of climate models in the
prediction [118], and machine learning techniques [110], [119]. In the preliminary steps of this
research, we applied quantile mapping to correct the bias of CORDEX models with the European
Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis datasets. We decided not to
use this method in this thesis because of the limited availability of "ground truth" observations in
the domain studied that would enable us to judge the added value of bias correction. We also tested
the "best models" approach selection on World Climate Research Program (WCRP) models from
the COordinated Regional Downscaling EXperiments (CORDEX) WAS-44. This approach uses
models with a higher ability to reproduce the local climate in the prediction. The rationale behind
this is that some models can have more "accurate" parametrization, initialization, more accurate
and complete external forcings [120] or can show better performances for a specific application
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or a particular variable demonstrated by [121]. In the application of this method, we picked
ERA-interim ([122]) as a reference. We defined key performance indicators (KPIs), including the
correlation, the difference in the average monthly wind speed, and other statistical metrics, to
rank the individual WAS-44 models based on their performance with reference to ERA-interim in
the historical period. The sensitivity analysis on the KPIs selected and ranking methods to choose
the best models did not lead to the distinction of any robust set. Therefore, we decided not to
adopt this approach. However, the pre-screening makes sense where the prediction applies to a
feature that has impactful socioeconomic relevance [121] and only models best performing in
reproducing the elements characteristic of the region would have to be included. We chose not to
select a subset of best models because the multi-model ensemble average approach considering
all models enables leverage on error cancellation and removes random errors between the models
[123]–[126]. Furthermore, we justify this choice by the fact that multi-model selection enables
us to represent better the full range of possibilities and ultimately, by incorporating information
from different models, improve the skill of the ensemble prediction [121], [127].

Reliability of existing local measurements in India

In this thesis, we use wind speed measurements at ten meters from the Integrated Surface Database
of NCEI NOAA (ISD). The standard resolution of ISD data is from three hours to daily, and
five hundred thirty-four stations are accessible across India. While ISD integrates data from
more than hundred original data sources for numerous parameters, including data that were
key-entered from paper forms, to the best of our knowledge, ISD data do not include metadata
on the maintenance or history of the stations. We found that wind speed data are sparse and
available only for short periods of time in many stations. Unfortunately, we could only rely on
the available information and exclude the data that did not pass the quality check developed by
the data provider.

Accomplishments

This thesis builds a collaboration between the climate research community and the renewable
energy industry. It contributes to increase the general understanding of the impact of climate
change on wind and solar energy and delivers a first-order estimate of the impacts in India. This
research provides insights to push the practical use of climate models in investment and planning
decisions and supports wind and solar energy stakeholders in anticipating the impact of climate
change on their assets. Given that both future investment and existing assets are subject to climate
risk, this work provides with a scientific basis to help industry actors prepare for climate change
with a risk assessment based on portfolio methods. This method can be applied to existing wind
and solar assets and to explore what happens if the climate variables trends are as predicted.

This work provides the climate and energy community with analytical methods and a framework
defining data requirements to assess climate change impacts on wind and solar installations in
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any region. The trends calculated for surface wind highlight the potential for increasing wind
capacity in the regions with promising wind prospects. In other words, resizing the capacity and
installing more efficient turbines in existing wind farms is an alternative to installing new farms.
In identifying optimal portfolios, we define the results in terms of the spatial distribution of
different assets without considering existing capacity. The formulation enables the incorporation
of existing capacities by framing them as constraints by the user. Furthermore, the demand profile
can be fed to the optimization model by setting a ceiling for the regional maximum installed
capacity to derive portfolios embedding characteristics closer to reality.

The methodological tools integrating climate change considerations are flexible and can be
applied to any region.

Structure of the thesis

Chapter 1 investigates CORDEX RCMs models and future wind speed projections in the India
subcontinent. Chapter 2 presents the assessment of climate change impacts for future wind
and solar energy installations in India. Chapter 3 explores the application of a new version of
Wind-topo to provide with high-resolution wind flows. The last part of the thesis includes the
conclusions and addresses open questions for future work.

This thesis is mainly based on two published and one non-submitted papers [128], [129]. Chapters
1 and 2 are based on published manuscripts. Further details are given as a preamble to each
chapter.

11





1 Future trends in wind resources and
their consistency

Background This chapter is adapted from a published manuscript.

Manuscript information

Title: Future trends in wind resources and their consistency in the Indian sub-continent.
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Data availability CORDEX model outputs are freely accessible on the Earth System Grid
Federation database (ESGF; http://esgf.llnl.gov/). The Modern-Era Retrospective analysis for
Research and Applications Version 2 (MERRA2) provides data since 1980 and runs until a
few weeks before real time, they are available at https://disc.sci.gsfc.nasa.gov/datasets, which is
managed by the NASA Goddard Earth Sciences (GES) Data and Information Services Center
(DISC). ERA5 data are available on the European Centre for Medium-Range Weather Forecasts
database (ECMWF; http://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5). NOAA
ISD station data are accessible from the NOAA FTP server (NOAA; ftp://ftp.ncdc.noaa.gov/
pub/data/noaa/).Unfortunately, it is not allowed to publicly share wind data measurements. The
source code developed for the analysis is available upon request.

13

http://esgf.llnl.gov/
https://disc.sci.gsfc.nasa.gov/datasets
http://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
ftp://ftp.ncdc.noaa.gov/pub/data/noaa/
ftp://ftp.ncdc.noaa.gov/pub/data/noaa/


Chapter 1. Future trends in wind resources and their consistency

1.1 Introduction

Regional climate change impacts average atmospheric conditions and affects various elements of
the energy system [130]. Wind energy, similarly to other renewable energy sources, is sensitive
to changes in climate [131], [132]. Thus, it is becoming increasingly important to assess how
climate change influences future wind resources, and future climate projections should inform
long-term planning decisions on wind energy projects to reduce risks and utilize opportunities.

India has been leading global wind energy deployment, investing billions in wind power with
the aggressive intention to double its wind power fleet in about five years since 2017 [133]. The
World Economic Forum Annual meeting in 2020 recognized India as one of the hot spots for
renewable energy investors and its emergence as home to one of the world’s most extensive
clean-energy expansion programs [134]. Energy access and security of supply are critical for
India’s fast-growing economy and demography and - at the same time - the nation is the third
biggest carbon emitter after the United States of America and China [135]. Pryor et al. pioneered
climate change impact studies on wind energy [136]. Since then, assessing likely future changes
in wind power resources across the globe has been an active research area. The alterations of
wind direction and velocity, as a direct or indirect effect of climate change, are limiting factors for
wind energy harvesting potential and affecting regional economic and social development [137],
[138]. Wind energy deployment is increasingly important in the context of rising global energy
demand. Global Climate Models (GCMs) are used to assess future change in wind energy and
found decreases near the end of the century across the northern mid-latitudes (independently from
the emission scenario) and increases across the tropics and southern hemisphere under the RCP
8.5 scenario [139]. RCP 8.5 is the high emission case scenario for long-term change [140]. The
substantial regional variations highlighted in [139] emphasize the relevance of geographically
focused assessments with higher resolution models to understand the impacts fully.

Climate change can also be beneficial for wind energy development. The analysis of wind
potential from CORDEX data in Europe indicates that climate change can lead to profitable
prospects for wind energy production in the Baltic Sea as projections show increasing annual
wind energy output combined with lower intra-annual variability [141]. This study also projects
raising challenges in western Europe in countries like France, some parts of Germany and Iberia
due to higher intra-annual fluctuations indicating larger spatiotemporal variations.

CMIP6 are used to investigate climate change impacts on wind resources in other parts of the
world. Martinez shows that on-shore wind energy densities in the US and Canada will decline.
He also finds robust increases for the long-term future in some focal regions including Central
America with up to 30% increase for example in southern and northern Mexico [60]. Furthermore,
the release of CMIP6 models enables the revise the findings extracted from CMIP5 models. The
analysis of the results have to be interpreted with care because CMIP5 and CMIP6 are not
formulated on the basis of the same scenarios; CMIP5 scenarios are formulated on the basis of
RCP 2.6, 4.5 and 8.5 which are now replaced with the Shared Socioeconomic Pathways (SSP)
scenarios for land-use and greenhouse gases emissions SSP2-4.5 and SSP5-8.5 (intensive GHG
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emissions) [142]. Therefore the change in the formulation of the scenarios does not enable to
directly compare the results. Carvalho et. al provide with projections of future wind energy
resources using climate models from CMIP5 data with the purpose of evaluating the prospects
of wind in coastal environments in the Black Sea and review the changes with CMIP6 [143],
[144]. The comparison of the two models highlights diverging results in Europe about the future
of wind energy resources; the increase in wind found in some regions from CMIP5 models is
contradicted by an opposite trend with CMIP6 models. CMIP6 results indicate a strong decline
in most of the continent by the end of the century whereas the results from CMIP5 indicate an
increase [144]. This difference in the results can be explained by stronger radiative forcing in
CMIP6 scenarios as opposed to their predecessors [144].

Assessment studies of past and future wind speed trends rely on various data, including climate
models, measurements, and reanalysis. Climate projections provide valuable data to evaluate
the future of wind resource availability in wind farms, and hind-cast simulations inform on their
past operations as few have operated consistently over the time scales associated with climate
change. Reanalysis products and climate models are particularly important because they enable
us to overcome the lack of available and regular measurements in some regions. Only a limited
number of studies including K. Kim et al. and Solaun et al. look at climate change impact on
future wind resources using climate projections embedded with real wind farm operation data
[145], [146].

The climate in India is characterized by its complex nature with monsoon and topography
variations across its domain. High-resolution regional climate models (RCMs) are required
for reproducing the climatic features and simulating future projections are essential for climate
change studies in such regions. CORDEX is an international initiative launched by the World
Climate Research Program (WCRP) to produce world-wide high-resolution regional climate
change projections. The results of CORDEX feed climate change impact and adaptation studies,
using forcing scenarios to produce projection experiments with boundary conditions provided
by different GCMs. Prior to the CORDEX-COmmon Regional Experiment (CORE) RCMs
(CORDEX core;[147]), the Indian Institute of Tropical Meteorology (IITM) and the Swedish
Meteorological and Hydrological Institute (SMHI) collaborated to produce CORDEX WAS-
44 models for the South Asian domain at 0.44◦ horizontal resolution (or 50 km). There are
notable enhancements in the performance of CORDEX WAS-44 models in reproducing monsoon
precipitation in India with respect to seasonal and annual cycle modeling as well as the mean
monsoon rainfall simulations [130]. Such improvements increase the confidence in the results of
the studies relying on those models. The analysis of CORDEX WAS-44 performance in simulating
offshore wind potential highlighted that there were remaining challenges for CORDEX WAS-44
in precipitation simulations over the homogeneous monsoon zones [148].

Giorgi et al provides with a comprehensive review of the progress done in RCMs in terms of
computing abilities and atmospheric processes representation [149]. Such progress was motivated
by their growing importance in the impact assessment community. The release of the latest
generation of CORDEX-core models marks the transition to convection-permitting RCMs. This
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was made possible by increasing available computing power and improvements in physical
parameterizations. The new generation of models with higher resolution is expected to provide
updated information on the impact of climate change on local winds and supplement previous
work of Kulkarni et al. in India [148], [150].

CORDEX core RCMs allow assessing the coherence of climate change signals and differences in
comparison with lower horizontal resolution versions. The increase of model spatial resolutions
is expected to enable a better understanding of regional climate change signals. However, this
result is nuanced by some exceptions and shall be verified; the study of Y. Shi et al on the role
of resolution in regional climate change projections in China concludes that downscaling to
finer resolutions does not necessarily imply greater confidence in the models [151]. Thus, it is
important to investigate this result.

The availability of wind farm data would enable their comparison with climate data. To the best
of our knowledge, CORDEX-core models outputs for surface wind speed for South Asia (noted
CORDEX WAS-22 or WAS-22 hereafter) have not been evaluated before and nor compared with
their lower resolution predecessor CORDEX WAS-44 models (noted WAS-44 hereafter). This
study complements others by using common climate models to study climate change impacts
on future wind speed trends and proposes a new method to investigate their consistency both in
space and time.

Acknowledging the significant uncertainties associated with future climate and repercussions on
wind energy development, the aim of this study is: first, to evaluate the reliability of monthly
surface wind speeds from WAS-22 RCMs and examine their performance at existing wind farms
locations and other local stations in India; second, to analyze future wind speed trends from
projections in the Indian sub-continent; and lastly, to suggest a decision-making tool that enables
to measure the spatio-temporal consistency of these trends using a method inspired from the
variogram formulation. The study is structured as the following: Section 1.2 outlines the general
approach, details the data used and introduces the methods, Section 1.3 outlines the results;
Section 1.4 summarizes the findings and their limits and finally Section 1.5 ends the manuscript
with a short conclusion.

1.2 Materials and methods

1.2.1 General approach

The general approach adopted in this study is to analyze long-term wind speed annual and seasonal
trends using CORDEX monthly simulations over the Indian sub-continent. The comparison
to validate climate models in existing wind sites with local data relies also on measurements
from the integrated surface database (ISD [152]) measurements and two reanalysis datasets to
verify if CORDEX data reproduce local wind patterns in locations for which the wind farm
operations’ data were available. Therefore, prior to this step, we compare the two reanalysis
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datasets considered with ISD measurements at various location in India and use the one with the
closest characteristics to local wind speeds as a reference. Furthermore, we compare WAS-22
monthly outputs with their predecessor WAS-44 produced at a lower spatial resolution, and
investigate the consistency of the trends from these models. We use the open source statistical
software R [153] to conduct the analysis.

1.2.2 Study area and wind farms location

In this research, we focus on the Indian sub-continent and define the study area as the domain
limited by latitudes from 6.7◦N to 35.6◦N and longitudes from 68.1◦E to 97.5◦E. The wind farms
were chosen from the wind portfolio of CLP Group in India for their technical features and data
availability. The wind farm measurements are available for the periods described in Table 1.1
(additional wind farms characteristics summarized in this table are referenced from the wind
power database. Tejuva is located in the state of Rajashtan and has the longest data history with
seven years of wind speed measurements. Jath is located in Maharashtra and has two years of
data available. Theni is located in Tamil Nadu, and three years of data are available for this wind
farm.

Table 1.1: Summary of the wind farm characteristics used in the analysis.
Wind farm Latitude Longitude hub height in meters (m) Data availability
Tejuva (Rajasthan) 27.02°N 74.23°E 90 m 2015-2017
Jath (Maharashtra) 19.75°N 75.71°E 90 m 2016-2018
Theni (Tamil Nadu) 11.13°N 78.66°E 78 m 2011-2018

1.2.3 Data used

CORDEX RCMs

CORDEX climate data are typically available from 1970 to 2100. The period extending from
1970 to 2005 is the so-called historical period, and climate projections period runs from 2006
to the end of the century. We construct the surface wind speed (10 m) using the module of
the meridional and zonal components at the surface (noted uas and vas in [m/s] respectively).
WAS-22 high-resolution models include two RCMs, the Abdus Salam International Centre for
Theoretical Physics (ICTP) Regional Climatic model V4 (RegCM4-7; http://gforge.ictp.it/gf/
project/regcm), and the CLMcom-ETH-COSMO-crCLIM-v1.1 model prepared by ETH Zurich
in collaboration with the Climate Limited-area Modelling Community (COSMO-crCLIM-v1-1;
http://cordex.clm-community.eu/). These two RCMs are used to downscale three CMIP5 GCMs:
MPI-M-MPI-ESM-MR, MIROC-MIROC5 and NCC-NorESM1-M for RCP 2.6 and RCP 8.5
scenarios; the fourth, GCM ICHEC-EC-EARTH, is downscaled for RCP 8.5 only. The list of the
WAS-22 scenario runs considered in this study with their RCM name, driving GCM model, and
RCP scenarios is given in Table 1.2. We convert COSMO models from polar rotated to regular
longitude-latitude coordinates to conform with the format of RegCM4-7 models.
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Table 1.2: WAS-22 models used in this study, with their RCM name, driving GCM, model acronym, and
IPCC scenarios.

RCM name Driving GCM Acronym IPCC scenarios

RegCM4-7
MPI-M-MPI-ESM-MR RegCM4-MPI RCP 2.6 & 8.5
NCC-NorESM1-M RegCM4-NCC RCP 2.6 & 8.5
MIROC-MIROC5 RegCM4-MIROC RCP 2.6 & 8.5

COSMO-crCLIM-
v1-1

MPI-M-MPI-ESM-LR COSMO-MPI RCP 2.6 & 8.5
NCC-NorESM1-M COSMO-NCC RCP 2.6 & 8.5
ICHEC-EC-EARTH COSMO-ICHEC RCP 8.5

The same approach is repeated to construct monthly surface winds for the lower resolution
WAS-44 models. The RCMs used in WAS-44 are two dynamically downscaled models forced
by different GCMs from the Coupled Model Inter-comparison Project Phase 5 (CMIP5 [154]);
the Regional Climatic Model version 4 (RegCM4-4 [155]) produced by the Indian Institute of
Tropical Meteorology, and the Rossby Centre regional atmospheric model version 4 (RCA4
[156]) prepared by the Swedish Meteorological and Hydrological Institute. WAS-44 scenario
runs and their details are summarized in Table 1.3.

Table 1.3: WAS-44 models used in this study, with their RCM name, driving GCM, model acronym, and
IPCC scenarios.

RCM name Driving GCM Acronym IPCC scenarios

IITM-RegCM4
MPI-M-MPI-ESM-MR IITM-MPI RCP 4.5 & 8.5
CSIRO-QCCCE-CSIRO-Mk3-6-0 IITM-CSIRO RCP 4.5 & 8.5
CCCma-CanESM2 IITM-CCCma RCP 4.5 & 8.5
NOAA-GFDL-GFDL-ESM2M IITM-NOAA RCP 4.5 & 8.5
CNRM-CERFACS-CNRM-CM5 IITM-CNRM RCP 4.5 & 8.5
IPSL-CM5A-LR IITM-IPSL RCP 4.5 & 8.5

SMHI-RCA4
NCC-NorESM1-M SMHI-NCC RCP 4.5 & 8.5
MIROC-MIROC5 SMHI-MIROC RCP 4.5 & 8.5
MPI-M-MPI-ESM-LR SMHI-MPI RCP 4.5 & 8.5
ICHEC-EC-EARTH SMHI-ICHEC RCP 4.5 & 8.5
MOHC-HadGEM2-ES SMHI-MOHC RCP 4.5 & 8.5
CCCma-CanESM2 SMHI-CCCma RCP 4.5 & 8.5
NOAA-GFDL-GFDL-ESM2M SMHI-NOAA RCP 4.5 & 8.5
CNRM-CERFACS-CNRM-CM5 SMHI-CNRM RCP 4.5 & 8.5
IPSL-IPSL-CM5A-MR SMHI-IPSL RCP 4.5 & 8.5
CSIRO-QCCCE-CSIRO-Mk3-6-0 SMHI-CSIRO RCP 4.5 & 8.5
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Reanalysis data

Reanalysis data are commonly used in wind resource assessment and provide valuable information
about the local climate. In this study, we use reanalysis datasets as a reference to get around
the lack of available reliable gridded historical surface wind speed data in the domain studied.
In addition to the Modern Era Retrospective-Analysis for Research and Applications dataset
(MERRA2 [157]), we include in the analysis the European Centre for Medium-Range Weather
Forecasts (ECMWF) most recent reanalysis datasets (ERA5 [158]). MERRA2 is also a widely
adopted reanalysis dataset in wind assessment. From these reanalysis datasets, we use surface
wind speed data at the monthly time resolution. ERA5 data coverage extends from 1979 to
present with a horizontal resolution of 0.281◦ × 0.281◦. The data coverage for MERRA2 extends
from 1980 to present with a horizontal resolution of 0.5◦ × 0.625◦. ERA5 has the highest
resolution among others reanalysis datasets. Ramon et al. recent research comparing various
global reanalysis products with observations concludes that ERA5 represents the best near-surface
winds and offers the closest values for the inter-annual variability [159]. This study also finds
that none of the reanalysis stood out regarding the seasonal average wind speeds. Therefore, we
compare ERA5 and MERRA2 with ISD data and pick the reanalysis used as a reference to assess
the ability of WAS-22 and WAS-44 models in reproducing regional wind speed properties for a
30-years period extending from 1980 to 2010.

Wind farms measurements

In this study, we use hub-height wind speed measurements from Tejuva, Jath and Theni wind
farms. The original 10 min average wind speed data collected by the Supervisory Control and
Data Acquisition (SCADA) system of the wind turbines are aggregated to monthly resolution
and then compared to WAS-22 models for the period for which they overlap.

Local wind measurements

We use wind speed measurements at 10 m from the Integrated Surface Database (ISD). The
standard resolution of ISD data is from 3 hours to daily, and 534 stations are accessible across
India. For each wind farm, we search for the ISD stations obtainable in its vicinity and extract
the nearest one. In addition to the stations close to the three main wind farm sites for which
wind farm data are at our disposal, we extend the comparison other 15 stations. We found that
wind speed data are sparse and only available for short periods of time in many stations and
only picked stations data available for at least three consecutive years. Table 1.4 summarizes the
characteristics of the stations considered in this study.
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Table 1.4: Summary of the specifications of ISD stations used as a reference for the wind farms considered,
distance to the wind farm sites, and period of availability for the data.

Station name Latitude Longitude Elevation Time availability
Jaisalmer 26.90◦N 70.90◦E 231 m 2006-2020
Anantapur 14.58◦N 77.60◦E 36.4 m 2006-2020
Coimbatore 11.00◦N 77.00◦E 404 m 2006-2020
Belgaum 15.90◦N 74.60◦E 75.8 m 2006-2018
Porbandar 21.60◦N 69.70◦E 5 m 2016-2020
Rajkot 22.30◦N 70.80◦E 13.4 m 2006-2020
Chamarajnagar 11.93◦N 76.90◦E 76 m 2015-2020
Bangaluru 13.20◦N 77.70◦E 91.5 m 2008-2020
Kolhapur 16.70◦N 74.30◦E 60.8 m 2006-2020
Bangalore 13.00◦N 77.60◦E 92.1 m 2006-2020
Thanjavur 10.80◦N 79.10◦E 6.8 m 2015-2020
Ahmadnagar 19.10◦N 74.80◦E 65.7 m 2015-2020
Udhagamandalam 11.40◦N 76.73◦E 224.9 m 2009-2020
Madurai 9.84◦N 78.10◦E 13.1 m 2011-2020
Coonoor 11.30◦N 76.80◦E 174.7 m 2015-2020
Palakkad 10.80◦N 76.70◦E 9.7 m 2015-2020
Davangere 14.50◦N 75.90◦E 620 m 2015-2020
Dharwad 15.50◦N 75.00◦E 678 m 2015-2020

1.2.4 Methods

Comparison of surface wind speeds from reanalysis data and local measurements

The performance of reanalysis data when compared to local observations can be highly specific.
Therefore, we compare ERA5 and MERRA2 datasets with local ISD wind speed measurements
in 18 stations to identify their shortcomings and pick the reanalysis dataset used as a reference to
analyze CORDEX models. The comparison is focused on the time period for which ISD data
are available and based on the fraction bias (fBias), the mean absolute error (MAE), Pearson
correlation coefficient (P.corr), and the coefficient of determination R2. Furthermore, before
comparing the various data sources, we re-gridded the data to a common 0.2◦ spatial resolution
using the climate data operator (cdo) through bilinear interpolation. We perform the exercise for
reanalysis and local stations data at the daily and monthly resolution. The results indicate higher
correlation at the monthly timescales on Table A.1, therefore we focus on data at the monthly
resolution.

Comparison of surface wind speeds from CORDEX and reanalysis data

We compare gridded data from WAS-22 and WAS-44 ensemble with the reference reanalysis
dataset based on the differences in annual and seasonal wind climatology, variability, and trends
for a 30 years extending from 1980 to 2010.
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WAS-22 outputs comparison with local observations

We evaluate the performance of monthly WAS-22 scenarios runs in reflecting local wind attributes
against four reference datasets, namely CLP wind farm measurements, reanalysis data (ERA5
and MERRA2), and ISD data for the period for which the data overlap. The period of evaluation
depends on the availability of the observations. We calculate the fBias, MAE, P.corr and R2

for WAS-22 multi-model ensembles (under each scenario) with ISD, reanalysis data, and CLP
measurements at each location investigated. In the comparison of climate simulations with wind
farm measurements, we project monthly simulations to hub-height using the wind profile power
law [160], [161]:

vH = vh (
H
h
)

α

, (1.1)

where vH is the extrapolated wind speed at hub height H in meters, h is equal to 10m, vh is the
surface wind speed at 10m, and the exponent factor α is equal to the standard value of 1/7 for
neutral stability conditions [162]. The second step in the validation of CORDEX models with
the local wind data consists of standardizing all monthly wind speeds (using the average and
standard deviation) at each location and decomposing the time series into seasonality, trends, and
fluctuation using the R package STL. The STL decomposition enables separating time series
into seasonal, trend, and irregular (randomness) signals using Loess method [163]. In the STL
framework, time series are de-trended before extracting the seasonal signal. Next, we can examine
the standardized wind speeds and their seasonal signals in the wind sites to assess CORDEX
models’ ability to recover local monthly trends and seasonality.

Trend analysis of CORDEX projections and uncertainty

We compute the annual and seasonal trends from WAS-22 projections (period extending from
2006 until the end of the century) and investigate if changing patterns could be detected and how
these trends could be related to yearly or seasonal climate patterns. We use the non-parametric
procedure developed by Sen [164] to calculate the magnitude of the trends. Non-parametric
methods are considered more robust than parametric methods against the outliers in a time series
and are more applicable for variables like wind speeds that do not fulfill the normality requirement
[165]. We consider a trend significant if the Mann-Kendall test yields a p-value of less than
0.05 for the null hypothesis of no trend (i.e, 95% confidence level). We express the inter-model
uncertainty of the trend using the relative standard deviation (RSD) which is the ratio between
the standard deviation and the mean expressed in percent.

A measure of wind trends spatio-temporal consistency

The analysis of WAS-44 models shows that significant spatial and temporal disparities characterize
wind speed trend projections. We find it difficult to make conclusions on the future trends. We
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define a tailored metric to measure the spatio-temporal consistency of the trends from climate
model projections. The method is in the form of a structure-function. Our main contribution
in this work is to use the annual wind speed trends at each cell of our domain as an input to
understand their variability in space and time. The spatio-temporal consistency C(∆x,∆t) is a
function of separation between the locations and times, and for all the cells in the study area, its
general equation is:

C(∆x,∆t) =
1

N(∆x) ∑
(i, j)∈N(∆x)i= j

[τ(xi,T )− τ(x j,T )]2

1
N

N

∑
i=1

K

∑
k=1

1
N(∆t)

[τ(xi,T )− τ(xi,Tk)]
2,

(1.2)

where xi and x j are cells separated by distance ∆x, ∆t is the sub-period considered, τ(xi,T ) is
the value of the trend at cell xi estimated for the full length T of climate models projections (i.e
from 2006 to 2100); N(∆x) is the number of pairs of cells in the domain located at a distance ∆x
from each other, N is the total number of cells in the domain analyzed, and N(∆t) is the number
of sub-periods of length Tk =

T
k where k ∈ 1,2,3, ...,K, where K is such as each sub-period

contains at least 10 years, and τ(xi,Tk) is the trend estimated for the kth sub-period of length
k. The shape of the 2D surface resulting from equation (1.2) characterizes the spatio-temporal
consistency of the wind speed trends data from these models, and more precisely how the trends
in two locations vary as a function of the distance between them while also accounting for the
temporal dimension. Therefore, when applied to a specific region, the measure suggested enables
to estimate the distance from a wind farm at which the trends remain unchanged, and help make
decisions on the installation of wind farms.
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1.3 Results

1.3.1 Comparison of reanalysis datasets with local data

We present the results of the comparison of reanalysis datasets with local data in Table 1.5.

Table 1.5: Comparison of the statistical metrics of MERRA2 and ERA5 with ISD stations.
RMSE MAE% fBias P.corr R2

Stations MERRA2 ERA5 MERRA2 ERA5 MERRA2 ERA5 MERRA2 ERA5 MERRA2 ERA5
Jaisalmer 2.79 0.87 1.44 0.34 2.44 1.00 0.89 0.90 0.79 0.81
Anantapur 4.21 1.00 2.61 0.53 3.61 1.37 0.89 0.84 0.80 0.70
Coimbatore 2.33 1.06 0.84 0.33 1.84 0.69 0.86 0.87 0.74 0.76
Belgaum 5.95 2.59 26.3 8.57 27.30 9.55 0.84 0.88 0.71 0.77
Porbandar 3.19 0.84 1.01 0.20 2.01 1.09 0.83 0.77 0.69 0.59
Rajkot 2.88 1.02 0.98 0.28 1.98 0.78 0.82 0.84 0.67 0.71
Charmarajnagar 3.60 0.98 3.53 0.78 4.53 1.61 0.77 0.72 0.59 0.52
Bangaluru 2.72 1.47 0.86 0.30 1.85 0.77 0.69 0.64 0.48 0.41
Kolhapur 4.13 1.22 1.81 0.48 2.81 0.97 0.66 0.54 0.43 0.29
Bangalore 4.40 1.46 3.07 0.80 4.07 1.69 0.55 0.55 0.30 0.31
Thanjavur 4.79 1.53 5.24 1.50 6.24 2.46 0.53 0.47 0.28 0.22
Ahmadnagar 5.33 2.07 40.6 11.8 41.6 12.8 0.45 0.41 0.20 0.17
Udhagamandalam 3.37 1.51 6.85 1.92 6.85 1.92 0.39 0.41 0.15 0.17
Madurai 4.35 1.17 6.48 1.58 7.48 2.50 0.20 0.06 0.04 0.00
Coonoor 4.00 0.89 5.11 0.92 6.11 1.77 0.21 0.20 0.04 0.04
Palakkad 3.66 1.33 3.69 1.27 4.69 1.90 -0.21 -0.08 0.04 0.01
Davangere 5.77 2.62 10.9 4.15 11.90 5.13 0.03 0.06 0.00 0.00
Dharwad 5.39 2.63 10.2 4.26 11.20 5.23 -0.03 -0.10 0.00 0.01

The RMSE values obtained with MERRA2 at the 18 ISD stations examined are higher than
those found for ERA5. This indicates that MERRA2 consistently overestimates local wind
speeds. For ERA5, RMSE values are close to or equal to 1 at five sites; Jaisalmer, Rajkot,
Anantapur, Coimbatore, and Chamarajnagar. The results of the fBias also demonstrate the
better estimation of wind speeds for ERA5 with values close to or equal to one at three sites;
Jaisalmer, Kolhapur, and Porbandar. The fbias for MERRA2 reaches values as high as 41.60
at Ahmadnagar. The coarsest spatial resolution may be a reason for the poor performance of
MERRA2 in reproducing local winds. Correlation values (between 0.69 and 0.90) for ERA5 and
MERRA2 are found in 8 out of the 18 sites, namely Jaisalmer, Anantapur, Coimbatore, Belgaum,
Porbandar, Rajkot, Chamarajnagar and Bengaluru. All these sites are located in the northwest or
southwest, with elevations ranging between 76m and 404m. At Kolhapur, Bangalore, Thanjavur,
and Ahmadnagar, the values of the Pearson coefficients are lower and range between 0.41 and
0.66. At Udhagamandalam, a station located at a high elevation, we find moderated correlation
values of about 0.40 for both reanalysis datasets. Low correlation values of about 0.20 are found
at the stations located in the mountainous region (Madurai and Coonoor) and elevations of 620 m
above ground (Davanger and Dharwad). These poor correlation values indicate that the replica
of local wind at high elevations remains a challenge for reanalysis datasets. This is probably
because most assimilated stations are at low elevations. Taszarek et al. discuss this challenge
when comparing ERA5 and MERRA2 over Europe and North America and infer on reanalysis
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limits in coastal zones and mountains [166]. A closer look at the surroundings of some stations
indicates that unsatisfactory results can be explained by the existence of trees obstructing their
surroundings.

We conclude that ERA5 is an improvement over MERRA2 with smaller biases in surface wind
speeds (e.g., average RMSE of 1.31 for ERA5 and 3.87 for MERRA2, an MAE of 2.02 for
ERA5 and 7.12 for MERRA2, and a fBias of 2.73 for ERA5 and 8.05 for MERRA2). This result
is confirmed by the study of Hofer et al., suggesting that recent reanalysis with higher spatial
resolutions and observation processing show notably better skill than previous reanalyses [167].
Other recent assessments infer the higher reliability of ERA5 for renewable energy analysis and
its outperformance in reproducing climate variables, including surface wind speeds, due to its
improved resolution [168]–[171]. Furthermore, the analysis of the statistical metrics values from
data at the daily and monthly resolution in the appendices (on Table A.1) demonstrates higher
correlation coefficients higher at the monthly than daily timescales (correlation coefficients of
0.62 for monthly ERA5 and 0.50 for daily ERA5). ERA5 dataset is used as a reference in Section
1.3.2 in the comparison of CORDEX WAS-22 and WAS-44 models.

1.3.2 Comparison of CORDEX WAS-22 and WAS-44 with reanalysis data

In this section, we analyze WAS-22 and WAS-44 multi-model ensembles and evaluate their
ability in reproducing surface wind speeds from ERA5. This ability is determined by examining
annual and seasonal surface wind characteristics in terms of the bias in annual and seasonal
climatology, variability and trends in the domain studied for the period extending from 1980 to
2010. We acknowledge that the analysis of the ensemble masks some substantial differences
among the individual model and therefore investigate individual models’ annual wind speed
trends consistency in Section 1.3.3. We compare the annual climatology of ERA5 with the
ensemble mean for WAS-22 and WAS-44 in Figure 1.1.a.
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Figure 1.1: Geographical distribution of annual wind speed climatology (a), annual climatology bias (b),
annual variability (c), and annual trends (d) for ERA5, WAS-22 and WAS-44 multi-model mean ensembles
(1980-2010).
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ERA5 annual wind climatology range from 0.2 to 6.8 m/s, WAS-22 from 0.5 m/s to 6.9 m/s, and
WAS-44 from 0.8 m/s to 7.8 m/s. The spatially averaged climatology for ERA5 equals 2.8 m/s.
The bias in annual climatology (Figure 1.1.b) for WAS-22 with ERA5 is 0.58 m/s and 1.2 m/s
for WAS-44, which is more than twice as large. The analysis of the annual variability for the 30
years analyzed in Figure 1.1.c shows that the spatial average of the annual variability for ERA5
is equal to 0.11 m/s. The values of the annual variability for WAS-22 are higher than the ones
reported by WAS-44 (0.14 m/s for WAS-22 and 0.09 m/s for WAS-44). The spatial variability in
WAS44 is smaller than in WAS22, which could be explained by the low spatial resolution that
does not enable resolving the local topographical complexity. The value of the spatially averaged
bias in the annual variability is −0.01 m/s for WAS-22 and −0.08 m/s for WAS-44. The spatial
pattern of the variability exhibits more regions where the bias with ERA5 is higher for WAS-44
than WAS-22.

We compare annual trends for ERA5, WAS-22, and WAS-44 in Figure 1.1.d. The spatial average
of the annual trends found for ERA5 (−0.01 m/s dec−1) during the 1980 to 2010 period supports
the stilling effect or decrease in land surface winds described in the literature (e.g.[172], [173]).
The trends obtained for WAS-22 and WAS-44 do not reflect the stilling effect described by
reanalysis datasets and in the literature. The spatial pattern of the trends from climate models’
ensembles fail at reproducing the spatial pattern of the trends by ERA5. Therefore, we investigate
the spatial pattern of the annual trends for ERA5 and MERRA2 with the ensemble mean and
individual models of WAS-22 and WAS-44 models (Figure 1.2 and Figure 1.3).

The comparison of ERA5 with the RegCM4 WAS-22 model (Figure 1.2) shows a high similarity
in the geographical distribution of the annual wind speed trend and magnitude. The results for
COSMO-ICHEC and COSMO-NCC suggest a similar geographical distribution of the pattern
in the western and southern parts of the country while differences emerge in the east. The
geographical distribution of the annual trends for ERA5, MERRA2 and WAS-44 individual
models from 1980 to 2010 is presented in Figure 1.3. The visual inspection of SMHI models
from the WAS-44 experiment in Figure 1.3 displays a larger differences in the pattern of the
annual trend among the models and also greater bias with ERA5.

The results of the seasonal wind characteristics for ERA5, WAS-22 and WAS-44 are presented in
Figure 1.4. The analysis of the geographical distribution of the seasonal winds in Figure 1.4.a
indicates that the highest wind values stretch along the northwestern coast. The comparison of
the seasonal climatology bias in Figure 1.4.b demonstrates that the bias in WAS-22 ensemble
seasonal climatology is lower than for the WAS-44 ensemble, WAS-22 experiment has a higher
ability in producing results more aligned with ERA5 in regions where the elevation is high and
topography is complex. Therefore, the reduction in bias found for the estimation of the annual
climatology from WAS-22 compared to WAS-44 is also valid for the seasonal climatology. The
seasonal bias values of WAS-44 and WAS-22 with ERA5 are about 3 and 3.6 times higher during
pre-monsoon and monsoon seasons. The bias of WAS-22 with ERA5 in the pre-monsoon is
−0.38 m/s for WAS-22 and −1.2 m/s for WAS44. The bias in the monsoon is −0.25 m/s for
WAS-22 and −0.9 m/s for WAS-44. The bias during the post-monsoon season is 1.75 times
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Figure 1.2: Geographical distribution of annual wind speed trends for ERA5, MERRA2, WAS-22 multi-
model mean ensemble and individual models (1980-2010).

higher for WAS-44 than WAS-22 (−0.86 m/s for WAS-22 and −1.5 m/s for WAS-44), 1.6 higher
during the winter season (−0.96 m/s for WAS-22 and −1.6 m/s for WAS-44). The bias in the
seasonal climatology indicates that WAS-22 results are closer to ERA5. The seasonal trends
found for ERA5 on (Figure 1.4.c) are underestimated by WAS-22 (Figure 1.4.d) and WAS-44
(Figure 1.4.e). We note that the magnitude of the trends during the 1980-2010 period is higher
than the future trends discussed later in this chapter. The seasonal trends bias of ERA5 with
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Figure 1.3: Geographical distribution of the annual wind speed trends for ERA5, MERRA2, WAS-44
multi-model mean ensemble and individual models (1980-2010).

WAS-22 is −0.18 m/s dec−1 for the pre-monsoon (MAM), −0.29 m/s dec−1 the monsoon (JJAS),
−0.34 m/s dec−1 for the post-monsoon (ON), and −0.09 m/s dec−1 for the winter season (DJF).
The bias in seasonal trends found for WAS-44 are the following −0.22 m/s dec−1 for MAM, 0
m/s dec−1 for JJAS, −0.51 m/s dec−1 for ON, and 0.07 m/s dec−1 for DJF. Therefore, WAS-22
outlines more differences with the trends reproduced by ERA5 than WAS-44 as illustrated by
the spatially averaged seasonal trends values. The analysis of the spatial pattern of the seasonal
trends shows WAS-22 improvements in simulating the seasonal pattern in the west coast during
the pre-monsoon season. WAS-44 ensemble estimates the changes occurring during the monsoon
season better than WAS-22 and displays a greater similarity with the trends found for ERA5
during the winter season compared to WAS-22.
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Figure 1.4: Geographical distribution of (a) seasonal wind speed for ERA5 (column 1), WAS-22 (column
2) and WAS-44 (column 3), seasonal climatology bias of WAS-22 with ERA5 (b), seasonal climatology
bias of WAS-44 with ERA5 (c), seasonal wind speed trends for ERA5 (d), WAS-22 (e) and WAS-44 (f)
(1980-2010).
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Despite having a larger trend bias, WAS-22 simulations add value to the representation of wind
speeds from 1980 to 2010 compared to their WAS-44 counterparts in the Indian sub-continent by:

1. Improving the estimation of the annual climatology (difference in long-term annual wind
with ERA5 equal to 0.71 m/s for WAS-22 as opposed to 1.40 m/s for WAS-44).

2. Outlining a spatial variability pattern closer to the reference dataset with a similar spatial
average.

3. Improving the seasonal mean spatial patterns of wind speeds in regions with complex
topography.

4. Simulating more realistically the geographical distribution of the annual wind speed trend
and magnitude.
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1.3.3 Evaluation of the consistency in the trends

The geographical distribution of wind speed trends from climate projections for RCP 8.5 scenario
from 2006 to 2100 is presented in Figure 1.5.

Figure 1.5: Geographical distribution of WAS-22 wind speed trends for climate scenario RCP 8.5 for the
period extending (1980-2010).

WAS-22 models shown in Figure 1.5 exhibit a higher agreement among individual models in the
projections of future wind speed trends compared to WAS-44 models for the same scenario (RCP
8.5) shown in Figure 1.6.

In what follows, we concentrate on WAS-44 individual models that use a common driving model
with WAS-22 experiment and RCP 8.5 scenario to enable a proper comparison. We analyze the
consistency of the trends in two selected regions of the domain for the two versions of CORDEX;
one sub-domain in the northeastern part of India and another one in central India where we apply
the consistency measure discussed in the methods selection to demonstrate its application.

The Northeastern region is characterized by a complex orography and a higher variability
compared to other regions in the study area. The central region is selected as another focus region
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Figure 1.6: Geographical distribution of WAS-44 wind speed trends from climate projections for RCP 8.5
scenario (2006-2100).
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and is characterized by a topography that is less complex and where the variability is moderate.
Similarly to the previous section, WAS-22 models are down-sampled and interpolated to the
same grid spacing of CORDEX WAS-44.

The results of the temporal part of Eq (1.2) for the two regions and the two families of models
show a similar parabolic shape of the curve, indicating that the shorter the time slices get, the
more considerable variability we find, and the analysis is inconclusive at this point because we
are unable to detect any distinctive pattern.

The visualization of the combination of results for both the temporal and spatial terms of Eq (1.2)
on a 3D plot is unsatisfactory because the temporal part dominates over the spatial dimension.

We proceed to a separate analysis of the spatial term of Eq. (1.2) and it leads to the unveiling
of spatial consistency characteristics as illustrated by the results in Figure 1.7. The spatial
consistency range defined in the methods is higher for WAS-22 than WAS-44 in the two regions.
COSMO-ICHEC displays the lowest values of C(δx,δ t = 0) among WAS-22 in the two regions,
while RegCM4-MPI has the highest values in the northeast and the center and is followed by
COSMO-MPI (with a common driving model) in the northeast and RegCM4-MIROC in the other
region.
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The consistency is interpreted not as a quality check for the models but as a way to measure how
trends change as the distance from a specific wind farm changes based on the spatial consistency
plot in a specific region.
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Figure 1.7: Spatial consistency of WAS-22 and WAS-44 individual models in the northeast (a and b) and
in the center (c and d).
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1.3.4 WAS-22 models comparison with local measurements

Table 1.6 summarizes the results of the correlation and bias analysis for WAS-22 multi-model
ensemble mean under RCP 2.6 and RCP 8.5 scenarios in Tejuva, Theni, and Jath with ISD, ERA5
and CLP data.

Table 1.6: Summary of the fraction bias (fBias) and Pearson correlation (P.corr) values of WAS-22 with
ISD, ERA5 and CLP data in Tejuva, Theni and Jath.

Reference datasets ISD ERA5 CLP
Metrics Sites RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5

fBias
Tejuva 1.25 1.37 1.93 2.05 0.70 0.74
Theni 3.83 4.96 2.94 3.68 0.71 0.91
Jath 1.28 1.36 1.80 2.00 0.73 0.75

P.Corr
Tejuva 0.63 0.65 0.64 0.66 0.53 0.60
Theni 0.22 0.23 0.58 0.60 0.55 0.53
Jath 0.34 0.42 0.68 0.68 0.59 0.63

The values obtained for RCP 2.6 and RCP 8.5 are close at the three wind farm sites. In Tejuva, the
values of the fraction bias of WAS22 models and ISD data are over 1 (1.25 for RCP 2.6 and 1.37
for RCP 8.5) and indicate that WAS-22 models tend to overestimate ISD data. The fraction bias
values found in comparing WAS-22 models in Tejuva with ERA5 highlight even higher values
(1.93 under RCP 2.6 and 2.05 under RCP 8.5). However, the fBias values obtained in comparing
WAS-22 values with CLP farm data show lower values (0.70 for RCP 2.6 and 0.74 for RCP 8.5)
and indicate an underestimation. The underestimation is challenging to explain but could be
due to the simple projection used to estimate wind speed at hub height. The Pearson correlation
coefficient of WAS-22 ensemble mean for RCP 2.6 and RCP 8.6 in Tejuva indicates values from
0.60 to 0.66 in comparing the ISD, ERA5, and CLP data. Therefore, WAS-22 data can acceptably
reproduce local wind characteristics in Tejuva (fraction bias not indicating significant differences
and good correlation coefficient with the other datasets).

The fraction bias values obtained for WAS-22 in Theni indicate poor scores with values nearly
equal to 4 when ISD data are taken as a reference, and one possible explanation for that is the
distance between the site and the station leading to significant differences in the wind values. The
fraction bias in Theni was obtained for 3.93 when ERA5 is taken as a reference. A bias score
lower than one is also found on this site compared to wind farm data. The inability to reproduce
local climate indicated by the high overestimation of the wind speeds shown by the results in
Theni for the fraction bias comes in line with the poor correlation coefficients found for ISD. The
correlation coefficients found for WAS-22 with ERA5 are moderate, with values between 0.59
and 0.60 and slightly lower for CLP data (0.53 and 0.55). The bias results found In Jath show
similar trends as Tejuva, with values between 1.28 (for RCP 2.6) and 1.36 (for RCP 8.5) when
ISD is taken as a reference, nearly equal to 2 when ERA5 is the reference, and between 0.73
and 0.75 when CLP data are the reference. Regarding the correlation coefficients, low values
are found when ISD is the reference (0.34 for RCP 2.6 and 0.42 for RCP 8.5). In Jath, we find
stronger values when ERA5 is the reference (0.68) and between 0.59 and 0.63 when CLP data is
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the reference. The quality of ISD data varies depending on the location, and further efforts are
needed to enhance it. At the three wind farm sites, WAS-22 models have an average correlation
of 0.64 with ERA5 and 0.57 with wind farm measurements. ISD measurements and WAS-22
ensemble in Theni and Jath have the lowest correlation. The low correlation coefficients with ISD
measurements obtained in Theni (0.22) and Jath (0.38) are attributed to the difference in the local
climate because of the considerable distance between wind installation sites and ISD stations (in
Table 1.4 the distance is 71 km for Theni and 36 km in Jath in contrast with Tejuva, where the
distance between the two is about 1.3 km). This observation emphasizes the limitations faced in
validating climate projections linked to the lack of reliable reference data in some locations to
evaluate the models. Furthermore, we extend the comparison to the other ISD sites in Table A.2
that shows a similar pattern with correlations averaging 0.36 with ISD measurements and 0.60
with ERA5. For the bias, when ISD data are compared to WAS-22, we found 8 sites where the
values do not exceed two and range between 1.08 in Bangaluru and 1.91 in Anantapur.

Figure 1.8 and Figure 1.9 represent standardized monthly wind speeds and the seasonality
components obtained with the STL method of WAS-22 (RCP 2.6 and RCP 8.5).

Figure 1.8: Comparison of standardised monthly wind speeds for ISD (dashed black line), ERA5 (brown
line) and WAS-22 (green line for the RCP 2.6 ensemble and red line for the RCP 8.5 ensemble) with CLP
measurements (dashed green) in Tejuva (top), Jath (middle), and Theni (bottom).

Figure 1.8 shows that the WAS-22 RCMs are not able to match exactly the measurements at
the three locations. The plots indicate that the RCMs follow closely ERA5 data. In Tejuva, the
pattern of ISD and CLP measurements overlaps with the two reanalysis datasets and WAS-22
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models. On the other hand, the overestimation of ISD and ERA5 by climate models indicated by
the fBias values is corroborated by the normalized wind speeds comparison in Theni and Jath
(Figure 1.8).

The seasonal cycle analysis demonstrates the WAS-22 performance in reproducing the seasonal
patterns at the three sites 1.9. Hence, the strong correlation values discussed earlier are attributed
to the seasonality. A close look at the results indicates a mismatch in the short and medium-term
time evolution of wind speeds reported by the local measurements and the simulations. This
discrepancy between observations and model projections is explained by low-frequency climate
modes playing a large role in the observations and not being well reflected in the climate models
[174]. In conclusion, WAS-22 models cannot exactly reproduce local observations and cannot
accurately predict the real climate variability for the period analyzed (the short-span of the
comparison period with the observations is one explanation of that). However, WAS-22 models
can be trusted with respect to their mean trend prediction, which will be looked at in the following
subsection.

Figure 1.9: Comparison of the seasonality signal of monthly winds for ISD (dashed black line), ERA5
(brown line) and WAS-22 (green line for the RCP 2.6 ensemble and red line for the RCP 8.5 ensemble)
with CLP measurements (dashed green) in Tejuva (top), Jath (middle), and Theni (bottom).
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1.3.5 WAS-22 projections annual trends in the Indian sub-continent

We divide the study area into five sub-domains and analyze the annual trends in each one of them
for the full length of the climate projections (2006-2100) for the two ensembles of RCP scenarios.
The latitude and longitude ranges of the five sub-domains are summarized in Table 1.7.

Table 1.7: Sub-domains definition.
Sub-domains Latitude range Longitude range
North-west (N-W) 23◦N to 30◦N 68◦E to 80◦E
Top-north (T-N) 30◦N to 36◦N 74◦E to 80◦E
Center 18◦N to 23◦N 73◦E 80◦E
East 18◦N to 26◦N 80◦E to 88◦E
South 8◦N to 18◦N 74◦E to 80◦E

From 2006 to 2100, we detect almost no change in annual trends in the five study regions for the
low-end scenario (see Table 1.8). For the other scenario, we find 0.04 m/s per decade (±8%) in
the north-west, 0.03 m/s per decade (±11%) in the center, 0.02 m/s per decade (±19%) in the
east, and the standard deviation is higher than the mean in the top-north which indicates that it is
not significant. The results remain valid by recalculating the trends in these three sub-domains for
two times periods; the period starting five years after 2006 and extending to 2100, and the period
starting in 2006 and ending five years before 2095 [175]. While the magnitude of the changes
seems low, it can have an impact on wind energy generation because of the cubic relationship
between wind speed and power production. The trends found in the top-north and south reflect a
high uncertainty ±44% in top-north and ±64% in the south due to the complexity of the climate
in those regions.

Table 1.8: WAS-22: Area-averaged mean annual trends and standard deviation (SD) for the period 2006-
2100 (∗indicates trends with a RSD value higher than 1).

Scenarios RCP 2.6 RCP 8.5
Regions Mean SD Mean SD
N-W 0.00∗ 0.00 0.04 0.00
T-N -0.01∗ 0.01 -0.02 0.01
Center 0.00∗ 3.10 ×10−3 0.03 3.10 ×10−3

East 0.00∗ 3.10 ×10−3 0.02 3.10 ×10−3

South 0.00∗ 5.30 ×10−3 0.01 5.30 ×10−3

The individual trends results for each model output (Table A.3 and Table A.4) show that the
uncertainty for RegCM4 models family under RCP 8.5 scenario is always smaller than for
COSMO ones.

Consistently with the analysis of the spatial average per region, the visual inspection of the
geographical distribution of the annual trends of RCP 2.6 scenario results as shown in Figure
1.10 shows almost no significant change. The results for RCP 8.5 scenario in Figure 1.10 indicate
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an increase in the western part of India, including some parts of the north. This result remains
valid after filtering out wind speeds lower than 2 m/s to verify that the areas of positive trends are
reflecting regions with exploitable wind resources.

Figure 1.10: Geographical distribution of WAS-22 ensemble annual trends for climate change scenario
RCP 2.6 (left) and RCP 8.5 (right) (in m/s per dec.) from 2006 to 2100.

Within each RCM family, RegCM4, on the one hand, and COSMO, on the other hand, we
notice that the magnitude of wind speeds reproduced by the models is proportional to parent
GCMs temperature sensitivity. In fact, the highest trends magnitude are found for the models
with parent GCMs with the highest temperature sensitivity (MIROC-MIROC 5 high sensitivity,
followed by MPI-ESM-MR and ICHEC-EC-Earth, medium sensitivity model, and finally, Nor-
ESM-NCC with the lowest sensitivity; https://cordex.org/experiment-guidelines/cordex-core/
cordex-core-simulation-framework/). The temperature sensitivity of the parent GCM impact on
the magnitude of wind speed trends was also discussed by [176]. In what follows, we assess the
evolution of the annual trends during two periods of 30 years between 2025 to 2055 and 2065 to
2095.
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The results of the spatial average for the five sub-domains defined earlier are presented in Table 1.9.
No trends are distinguished during the first period, and uncertainty values found exceed the value
of the mean for the two RCP scenarios. From 2065 to 2095 under RCP 8.5 scenario, we find an
increase of 0.05 m/s per decade (±48%) in the north-west, and 0.04 m/s per decade (±48%) in
the east. Uncertainty values found elsewhere exceed ±80% and are not discussed.

Table 1.9: WAS-22 ensemble: Area-averaged mean annual trends and standard deviation (SD) periods
2025-2055 and 2065-2095 (∗indicates trends with a RSD value higher than 1).

Periods 2025-2055 2065-2095
Scenario RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5
Regions Mean SD Mean SD Mean SD Mean SD
N-W -0.01∗ 0.02 -0.01∗ 0.02 -0.03 0.022 0.05 0.02
T-N -0.01∗ 0.04 -0.02∗ 0.037 0.00∗ 0.021 0.00∗ 0.021
Center -0.01∗ 0.01 0.00∗ 0.01 -0.02 0.01 0.00∗ 0.01
East -0.01∗ 0.03 -0.01∗ 0.03 -0.02∗ 0.02 0.04 0.02
South -0.01∗ 0.03 0.00∗ 0.03 -0.01∗ 0.02 -0.03 0.02

The visual inspection of the spatial distribution of the annual trends for the RCP 8.5 ensemble
during the first period displays increasing trends in the Andhra Pradesh, and Tamil Nadu states
close to Theni and almost no change in trends throughout the rest of the Indian territory. For
the long-term future, the same analysis reveals negative trends in some parts of Tamil Nadu in
the south, mild positive trends in the northeast (south of Odisha), and high positive trends in the
north toward the south of Nepal along a region extending from the south of Bihar, across Uttar
Pradesh reaching the south of Punjab.

1.3.6 Seasonal trends

Wind speed seasonality affect wind energy planning because of its impact on wind operations;
wind turbines schedule optimizes harvesting energy when winds are high and shutting them down
when they are not.
Well aware of the diversity of the impacts and their dependence on the local geographical
specificities, we discuss hereafter in more detail the geographical distribution of the seasonal
wind speed trends in the Indian subcontinent for the climate projections with a focus on the
RCP 8.5 scenario. To extract information useful for wind energy development, we look at the
significant seasonal trends for the full length of climate projections and focus on wind speeds
higher than 2 m/s. In Figure 1.11, we can see that significant positive trends of up to 0.15 m/s
per decade are expected throughout all parts of the Indian lands during the pre-monsoon season.
The monsoon winds are projected to increase in India’s Northwestern parts and the parts of the
east distant from the coast with a magnitude ranging from 0.025 to 0.075 m/s per decade. No
significant change in trends is found for the winter season. In a similar fashion to the future
annual trends, we analyze the spatial average of the seasonal trends for the full length of WAS-22
projections in five regions of the Indian sub-continent under both RCP scenarios in Table 1.10.
The results for RCP 2.6 scenario indicate no significant change in trends, except in the center,
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Figure 1.11: Geographical distribution of WAS-22 ensemble seasonal trends for climate change scenario
RCP 8.5 (2006-2100).

where there is a increase of 0.1 m/s yet the uncertainty is large (±62%). In the five sub-domains,
we find an increase in trends of 0.1 m/s per decade ±7% during the pre-monsoon season under
RCP 8.5 scenario. In the north-west, we find an increase in monsoon winds of 0.01 m/s per
decade (±23%). In the center, results indicate an increase equal to 0.04 m/s per decade ±20%
during the monsoon and the post-monsoon, and a decrease of −0.01 m/s per decade during the
winter season, but the uncertainty is large (±51%). In the east, the main change in trends occurs
during the monsoon season with a magnitude of 0.02 m/s per decade (±53%). The results also
indicate a decrease in monsoon wind in the top-north (−0.04 m/s), and similarly to the annual
trends, the uncertainty in this particular region is large (±48%). The trends discussed are robust
to the sensitivity analysis conducted by calculating the trends during the two periods (2011-2100)
and (2006-2095). Looking at the seasonal trends results of WAS-22 projections under RCP 8.5
scenario, we find that change in wind speeds occur mainly during the pre-monsoon, and the
highest trends occur during the monsoon period. Similarly to other regions in South Asia, India,
the monsoon season carries massive winds to the Indian subcontinent, and is intensely sensitive
to climate change [177].

41



Chapter 1. Future trends in wind resources and their consistency

Table 1.10: Area-averaged mean seasonal trends [m/s per decade] and standard deviation (SD) of 2006-
2100. MAM: months from March to May (pre-monsoon), JJAS: months from June to September
(monsoon), ON: months of October and November, DJF: months from December to February (win-
ter) (∗indicates trends with a RSD value lower than 1).

Seasons MAM JJAS ON DJF
Scenarios RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5
Regions Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
N-W 0.01∗ 0.01 0.10 0.01 -0.01∗ 0.10 0.01 0.10 0.01∗ 0.01 0.00∗ 0.01 0.00∗ 0.01 -0.01∗ 0.01
T-N 0.01∗ 0.01 0.10 0.02 -0.02∗ 0.02 -0.04 0.02 -0.01∗ 0.01 -0.02∗ 0.01 -0.01∗ 0.01 0.01∗ 0.01
Center 0.01∗ 0.01 0.10 0.01 0.01 0.01 0.04 0.01 0.01∗ 0.01 0.04 0.01 0.00∗ 0.00 -0.01∗ 0.00
East 0.01∗ 0.01 0.10 0.01 -0.01∗ 0.01 0.02 0.01 0.00∗ 0.01 0.00∗ 0.01 0.00∗ 0.00 0.00∗ 0.00
South 0.01∗ 0.01 0.10 0.01 0.02∗ 0.02 0.01∗ 0.02 0.01∗ 0.01 0.00∗ 0.01 0.00∗ 0.01 0.00∗ 0.01

We analyse the projections of the seasonal trends during the near-term future (2025-2055)
(Table 1.11) and the long-term future (2065-2055) (Table 1.12) to understand the evolution of
the seasonality throughout the century. Analogously to the results found for the full length of
climate models projections, wind speeds increase in all five sub-domains with a magnitude of
0.01 m/s per decade ±7% under RCP 8.5 scenario in the near and long-term future. In the near
future, we detect a decrease in monsoon winds in the north-west with a magnitude of nearly
−0.3 m/s per decade under both RCP scenarios, and in the center by the same magnitude under
RCP 8.5, although the standard deviation value is nearly 63% of the trend found. The results
for the 30 years between 2065 to 2095 indicate an increase during the pre-monsoon in all the
regions. Monsoon winds increase by 0.01 m/s per decade (30%) in the north-west and 0.2 m/s
per decade (±49%) in the center and by 0.5 m/s per decade (±31%) in the east. Although the
understanding of the interplay between climate change and monsoon patterns has not yet been
fully addressed ([178], [177]), analysis of future precipitation from CORDEX models indicated
that an intensification of the Indian Ocean Dipole in the future would enhance the monsoon
throughout India and the increase in wind speed as reflected by our results. [179] found that
RegCM4, even at a lower resolution in CORDEX WAS-44 at 50 km, was able to reproduce the
seasonal circulation pattern over South Asia, including the evolution of monsoonal pattern, which
increases confidence in WAS-22 models with their higher spatial resolution.

Table 1.11: Area-averaged mean seasonal trends [m/s per decade] and standard deviation (SD) of 2025-
2055 (∗indicates trends with a RSD value higher than 1).

Seasons MAM JJAS ON DJF
Scenarios RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5
Regions Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
N-W 0.01∗ 0.01 0.10 0.01 -0.30 0.10 -0.26 0.10 0.01∗ 0.12 0.09∗ 0.12 0.09∗ 0.15 0.06∗ 0.15
T-N 0.01∗ 0.01 0.10 0.15 -0.14∗ 0.15 -0.07∗ 0.15 0.09∗ 0.28∗ 0.05 0.28∗ -0.06 0.17∗ -0.11∗ 0.17
Center 0.01∗ 0.01 0.10 0.01 -0.08∗ 0.17 -0.27 0.17 -0.07∗ 0.16 -0.12∗ 0.16 -0.13∗ 0.15 0.10∗ 0.15
East 0.01∗ 0.01 0.10 0.01 -0.29∗ 0.31 -0.13∗ 0.31 0.00∗ 0.14 -0.09∗ 0.14 -0.08∗ 0.09 0.12∗ 0.09
South 0.01∗ 0.01 0.10 0.01 0.31∗ 0.25 0.12∗ 0.25 -0.30∗ 0.23 -0.50 0.23 -0.10∗ 0.15 0.24∗ 0.15
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Table 1.12: Are-averaged mean seasonal trends [m/s per decade] and standard deviation (SD) of 2065-2095
(∗indicates trends with a RSD value higher than 1).

Seasons MAM JJAS ON DJF
Scenarios RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5
Regions Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
N-W 0.01∗ 0.01 0.10 0.01 -0.01∗ 0.10 0.01 0.10 0.01∗ 0.13 0.17∗ 0.13 0.15∗ 0.14 0.01∗ 0.14
T-N 0.01∗ 0.01 0.10 0.21 0.06∗ 0.21 0.13∗ 0.21 0.15∗ 0.17 0.02∗ 0.17 -0.30∗ 0.39 -0.08∗ 0.39
Center 0.01∗ 0.01 0.10 0.01 -0.14∗ 0.12 0.24 0.12 -0.11∗ 0.11 0.15∗ 0.11 0.12∗ 0.10 0.06∗ 0.10
East 0.01∗ 0.01 0.10 0.01 -0.01∗ 0.14 0.46 0.14 -0.27∗ 0.28 0.23∗ 0.28 0.15∗ 0.21 -0.02∗ 0.21
South 0.01∗ 0.01 0.10 0.01 0.06∗ 0.17 -0.14∗ 0.17 -0.23∗ 0.27 0.00∗ 0.27 0.21∗ 0.24 0.17∗ 0.24

1.4 Discussion

The release of the latest version of the CORDEX experiment for South-Asia, WAS-22, provides
a valuable opportunity to investigate the future of wind speeds in the Indian subcontinent with
high-resolution RCM projections. While CORDEX WAS-22 high resolution shall represent better
the local physics and the spatial variability, various studies indicated that the ability to downscale
to higher resolution does not necessarily imply increased model accuracy or reduced model
bias 884073:20334651. Hence, we verify the improved performance of WAS-22 against the
previous WAS-44 version at a lower resolution and compare its consistency in two regions with
different spatial characteristics. We find that WAS-22 outperforms WAS-44 models by reducing
the bias in annual and seasonal climatology and simulating the seasonal pattern extracted from
reanalysis datasets for a reference period extending from 1980 to 2010. WAS-22 ensembles
are also characterized by a higher agreement in the projections among the individual RCMs
compared to WAS-44 projections. The use of a spatio-temporal consistency measure helped
compare WAS-22 and WAS-44 differences quantitatively. The analysis of the temporal part of
the equation was, in this case, inconclusive. Comparing the C(∆x,∆t = 0) values of the two
experiments in the two regions by quantifying the average range distance at which 50% of the
maximum value is reached indicates a higher value for WAS-22 models and a higher consistency
across models. The application of this metric is preliminary in this study; we suggest exploring it
further in future work; the shape of the curve of C(∆x,∆t) in a particular region could serve for
wind planners addressing decision-making purposes to investigate how trends values change as a
function of the distance from the wind sites.
We find a strong correlation between WAS-22 outputs, reanalysis datasets, and local measure-
ments, which is primarily credited to their performance in reproducing the seasonal cycle. The
long distance between the reference sites and ISD stations explains the low correlation between
WAS-22 models and ISD measurements in Theni and Jath, where they are far from each other.
ISD measurements highlighted quality limitations, as illustrated by their discrepancies with other
reference datasets in some of the sites analyzed and the short-span of the data available. Therefore,
model evaluation challenges remain, and further efforts are needed to improve access to readily
accessible local wind measurements. Nevertheless, the comparison with local wind data confirms
the good performance of WAS-22 in reproducing the local variability and the seasonal wind cycle,
making them a valuable source of information to understand future wind patterns. We obtained
estimates of wind speed trends under future climate change scenarios and analyzed their spatial
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distribution in the Indian-subcontinent. The analysis of the full length of WAS-22 projections
reveals that nearly no significant annual trends are detected in the Indian sub-continent under
the low emission scenario RCP 2.6. The results of the same analysis under RCP 8.5 scenario
indicates positive trends in the north-west (0.04 m/s per decade (±8%)), the center (0.03 m/s
per decade (±11%)) and the east (0.02 m/s per decade (±19%)). In some regions, the complex
topography impacts the trends calculated, as shown by the large uncertainty values obtained in
these regions (top-north close the Himalayas and the south). We verify that the increase in annual
wind speed concerns winds higher than 2 m/s and is more pronounced towards the long-term
future as revealed by the results of the annual trends between 2065 and 2095, especially in the
north-west (0.05 m/s per decade (±48%)) and the east (0.04 m/s per decade (±48%)). Our results
align with other climate studies highlighting differences among warming scenarios being more
pronounced towards the end of the century than at mid-century [180].

The analysis of seasonal trends under the RCP 2.6 scenario indicates nearly no significant change
(except an increase in the center during the monsoon). For RCP 8.5, seasonal changes are
detected throughout the domain studied and are often occurring during the pre-monsoon (an
increase of 0.1 m/s per decade (±7%) throughout the five sub-regions) and monsoon seasons.
Seasonal variations impact electricity production and their prediction is essential for the future
of wind energy. Monsoon changes could have various socio-economic impacts, particularly in
the southern and western parts of the Indian sub-continent, where most wind farms are currently
deployed [181]. The seasonality analysis of the full length of WAS-22 projections predicts
monsoon winds increase in the north-west (0.01m/s per decade (±23%), the center (0.04 m/s per
decade ±20%), and the east (0.02 m/s per decade (±53%)). The trend of the monsoon winds in
the top-north reveals the opposite direction of the change with a −0.04 m/s per decade. Thus,
while significant perturbations often occur during the pre-monsoon, the highest ones happen
during the monsoon season, emphasizing monsoon sensitivity to climate change. Between 2025
and 2055, under RCP 8.5, we detect a decrease in monsoon winds with a magnitude of nearly
−0.3 m/s per decade in the north-west (under both RCP scenarios) and the center. Between 2065
and 2095, we find an increase during the pre-monsoon in all five regions, and during the monsoon
in the north-west (0.01 m/s per decade (±30%)), the center (0.2 m/s per decade (±49%)) and
even most notably in the east (0.5 m/s per decade (±31%)).

Previous studies in India enhance confidence regarding north-west trends found. For example
[148], using lower resolution RCMs, found that wind speeds along the northwestern coastline
had high accuracy. No significant changes are found for the winds during the winter season.
The results for the south need further investigation, and [148] concluded that most RCMs fail to
simulate the wind along the southwestern coastline because of the very high variability caused by
the southwest monsoon. Despite model improvement and the ability to represent more processes
in greater detail with higher resolution, the regional models used in CORDEX have only the land
surface component. The atmosphere-ocean coupling is still missing, which is probably one factor
that hinders more accurate simulations, particularly close to the coast.
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1.5 Conclusion

Our work drives more collaboration between the climate research community and the wind
industry and intends to push forward the practical use of climate models in investment and
planning decisions and support wind energy stakeholders in anticipating wind speed changes.

1.5 Conclusion

This work assesses WAS-22 models and their predecessors, WAS-44, comparing them with local
measurements and reanalysis datasets, ERA5 and MERRA2. The comparative results indicate
the improved performance of WAS-22. Furthermore, a method to quantify wind speed trends
consistency is developed and applied to WAS-22 and WAS-44 models. We also examine the
differences in normalized winds and seasonal trends of WAS-22 monthly outputs with ERA5
and wind farm measurements at existing wind energy sites. Ultimately we analyze long-term
wind speed annual and seasonal trends using WAS-22 monthly projections over the Indian sub-
continent. From the analysis, it is clear that under climate change scenario RCP 8.5, future
changes indicate increasing patterns in some locations. Promoting climate models into decision-
making tools may be beneficial both from an energy policy point of view since an exacerbation
of climate change impacts in the Indian sub-continent is expected. In future work, the availability
of downscaled CMIP6 models would enable us to revise our conclusions.
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Chapter 2. Assessment of climate change and climate-resilient wind and solar assets

2.1 Introduction

India is favored with an abundance of wind and sunlight availability across most of its geography
with wind-rich regions in the south and west [182], and promising locations for solar energy in the
south [183] but even more so - largely untapped - in the mountains [184]. Wind and solar energy
offer benefits in mitigating greenhouse gas emissions and increasing energy security. Frequent
and severe heatwaves, heavy rainfall events, and rising sea levels are among the foreseeable
natural disasters mainly due to climate that India is already witnessing today [185]. Global
climate models (GCMs) within the Coupled Model Inter-comparison Project Phase 5 (CMIP5)
and CMIP6 (latest simulations) predict an increase in monsoon precipitation and variability in the
future with climate change [47], [49]. In order to avoid these dramatic consequences predicted
by climate models, the government of India has publicized striving plans for renewable energy
deployment to decarbonize its energy production [86]–[90], [186]. The aggressive renewable
energy policies of India combined with its huge renewable resource potential favor a fast growth
in wind and solar power generation throughout the country. India aims at reaching a target of
450 Gigawatts of renewable capacity by 2030 [31], which represents many opportunities for
investors, as wind and solar are excepted to cover a substantial portion of India’s future demand
for electricity [97]. The decarbonization of the power sector in India faces numerous risks adding
to the complexity of facing the threat of climate change. [187] assessment of recent wind policy
development in India highlights that the slowing growth in wind energy development observed
since the beginning of the global pandemic can hinder its renewable energy ambitions.

Besides their intrinsic variability and seasonal disparity, wind and solar energy are also sensitive
to climate. The variability of the monsoon under future climate conditions is a crucial factor
likely to impact wind energy production [182], [188]. [189] and [190] provide an exhaustive
overview of climate change impacts on wind energy production. [25] identify a decrease in wind
energy at the global scale under the influence of future global warming. These studies conclude
that climate change affects wind production via changes in daily and seasonal distribution of wind
speed and temperature. These changes may be caused by large-scale circulation and seasonal
patterns such as El Nino Southern Oscillation or local land-use changes including urbanization
and deforestation [191]. India has experienced a depression in monsoon circulation, and a delay
in monsoon onset because of the Indian Ocean warming as a result of increased greenhouse
gases and changes to the regional aerosol emissions [192], [193]. During the last decades of
the twentieth century, wind resources in India were affected by the stilling effect, a decrease in
wind speeds, also reported at the global level [194]. This stilling, or reduction in wind power
potential, is attributed to an increase in temperatures in the Indian Ocean [195]. [196] warn about
the possibility of a shortening of the monsoon season in the future. This shortening could hinder
wind energy production in the regions where most of the production relies on monsoonal winds.
Hence, it is beneficial to examine the effects of changing climatic conditions on current and future
wind sites.

Climate change impacts the quantity of solar radiation reaching the surface of the planet driven
by the change of radiation as a result of changes in the snow cover and cloudiness [197]. The
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factors that impact solar Photo-Voltaic (PV) production and can be aggravated by climate change
are surface temperatures, solar irradiation, wind speed, and changing concentrations of dirt, dust,
snow, and atmospheric particles [79], [198]. Monsoon anomalies can provoke extreme weather
events [199], also likely to impact PV power output [64]. Solar radiation has not remained
constant over the past decades in India [200]. [201] describe the occurrence of the solar dimming
phenomenon which is the systematic reduction of solar radiation reaching the ground in the cities
of Jodhpur, New Delhi, Nagpur, and Kolkata up to 2003, while solar brightening (increase of
solar radiation reaching the ground) was observed in some other regions since 1990 driven by the
efforts to reduce pollution. Project developers need to be wary of such phenomena even though
reductions in the amount of solar radiation received do not necessarily imply decreases in solar
energy production because the later depends mostly on changing temperatures [202].

The scientific community quantifies climate change impacts on wind and solar power generation
in various regions. [190] reviews most relevant studies that present quantitative results. As an
example, regional assessments in Asia indicate that wind energy density throughout the twenty-
first century is projected to decline in Taiwan, and slight wind variations are expected in China
[95]. [182] use East Asia CORDEX simulations to study changes in wind resources availability
in India and China to assess projected changes under climate change scenarios and find an overall
decline of two percent in the annual generation potential of India up to the year 2060. [182] do
not include the projections for solar potential which is another renewable energy source subject
to regional climate changes and key to a successful energy transition. We demonstrate that wind
projections from climate models indicate an increase in some parts of India, triggering more
enthusiasm for wind development in the northwest of the country [129]. Solar PV output is
estimated to decrease in large parts of the world due to global warming and decreasing all-sky
radiation over the coming decades. Positive trends in solar PV are expected in regions where the
cloud cover decreases substantially, or clear-sky radiation increases [203].

RCMs are the most modern tool for projecting climate conditions in specific areas [204]. Esti-
mates of future changes in climate are expressed in terms of mean changes [205], or predictions
of future trends in wind speeds, temperature and radiation. These estimates can also be converted
to impacts such as changes in energy production. Despite the engagement of the climate modeling
community for RCMs improvements [66], the uncertainty of the trends predicted by climate
models can be high. In Chapter 1, we studied trends in wind alone for CORDEX WAS-22
projections in India under climate change scenarios and found that some of the trends were
highly uncertain. The availability of a large number of climate projections enables to produce
multi-model ensembles (MME) that can be exploited to assess mean changes in climate over
different time periods and related uncertainties. [206] indicates that projections are considered to
be robust when the magnitude of change is smaller than the associated uncertainty. Uncertainty
assessments in regional climate projections range from methods based on simple agreement
heuristics to characterize positive or negative trends in a climate variable from different RCMs,
quantitative uncertainty estimates based on the median and inter-model range of a variable across
a series of model projections, to attaching probabilities to a group of scenarios on a regional scale
[207].
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The sources of uncertainty in climate projections are scenario uncertainty, model diversity and
inherent natural variability. Their quantification in ensembles of climate projections supports
the understanding of where targeting efforts to reduce them [208]. The methods to characterize
the different sources of uncertainty associated with the projections of climate variables include
advanced Bayesian analysis of variance (ANOVA) [209], and QUALYPSO [205] which is
another statistical approach to calculate the total uncertainty of projections. These methods are
computationally expensive and time-consuming procedures. Therefore, although the partitioning
of uncertainty sources increases understanding of the future role of climate change in India, its
study is beyond the scope of this article and will be in the focus of our future research.

The perceived inaccuracy of climate models has so far limited their consideration in strategic
planning. That being said, it suggests that to encourage their adoption, risk-averse decision-
makers could benefit from planning tools that reduce uncertainty [101]. Portfolio theory is one
these tools and diversifies investments between multiple assets (things in which one could invest)
to reduce uncertainty in total future returns with minimized loss in the expected value of returns
[210]. [102] use mean-variance analysis in Italy to show the benefits of spatial diversification.
The spatial diversification means that the variability may be partly mitigated by aggregating the
production from different sources and sites at different places. [103] used the same framework to
optimize the geographical location of wind and solar portfolios in China and reduce the variability
which limits the use of storage in the system. In this study, we suggest the adaptation of portfolio
theory to use it as a tool to reducing the uncertainty of climate predictions when the impacts are
converted to energy estimates.

Solar and wind resources are often negatively correlated in space and time [102], [103]. Com-
bining the energy production from wind and solar sources reduces the variability in the power
supply thanks to the balancing between meteorological variables. [184] demonstrate that skill-
fully complementing and coordinating renewable energies over large regions in Switzerland can
smoothen intermittencies by reducing correlations among generators and consumers. It shows
that optimizing the spatio-temporal variability of wind, solar, and hydropower reduces storage
needs and fits the local demand. The southwestern monsoon and the annual solar cycle drive the
variability in wind and solar energy in India. Peak wind resources occur during the monsoon
season, precisely when the cloud cover affects solar PV production. Solar energy, on the other
hand, peaks during the summer precisely when wind energy is at its lowest [211]. Hence, India
can be a hub of green energy supply if it exploits geographical advantages in energy supply
sources [212]. Climate change makes the Indian monsoon season more chaotic and impacts its
predictability, which could be dramatic for resource planning and energy production scheduling
[193], [213]. Yet, should the monsoon become stronger or weaker in the future and should
its patterns shift, exploiting the correlation between wind and solar could serve to reduce the
uncertainty on their respective future trends, given that the combined perspective has a lower
error that the individual ones. Can we use the anti-correlation of solar and wind resources to
reduce uncertainty in the estimation of future yield if the combined generation of solar and wind
power is considered?
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In order to answer this research question, we divide the analysis into two parts. In the first part,
we analyze CORDEX simulations to understand future trends of the climate variables influencing
solar and wind production under climate change scenario RCP 8.5. Then we select regions
where future wind and solar farms could be installed and use portfolio methods to exploit the
negative correlation between wind and solar and assess its impact reducing the uncertainty climate
simulations trends.

2.2 Material and methods

2.2.1 Data used

In this manuscript, we use CORDEX WAS-22 regional downscaled experiments for all Coupled
Model Inter-comparison Panel 5 (CMIP5) models available on the Earth System Grid Federation
(ESGF). We focus on three climate variables from CORDEX, namely near-surface wind speeds
(sfcWind) at 10 m height, surface temperature (tas) and downward surface radiation (rsds) at
the monthly resolution and 0.22◦ (about 22 km) horizontal spacing. We define the study area in
India as 6.70◦N to 35.5◦N, and 68.1◦W to 97.3◦W . CORDEX simulations are available for a
historical period (1979–2005) and future projections starting from 2006 to the end of the century
with Representative Concentration Pathways (RCPs) scenarios RCP 2.6, the lower emission
scenario for CMIP5, and RCP 8.5, the scenario assuming a continued increase in greenhouse
gases throughout the end of the century [214]. Three RCM families are available for CORDEX
WAS-22; 1) the Abdus Salam International Center for Theoretical Physics (ICTP) RegCM system
(ICTP-RegCM4-7 [215], noted RegCM4 hereafter), 2) COSMO-crCLIM-v1-1.v1 (COSMO
[216]), and 3) REMO2015.v1 (REMO [217]). Table 2.1 summarizes RCM names, with their
driving GCM parent, scenarios available and acronym of CORDEX simulations.

Table 2.1: Summary of the models used in this study
Regional climate model Driving model Scenarios Model’s acronym

ICTP-RegCM4-7
NCC-NorESM1-M hist, RCP 2.6, RCP 8.5 RegCM4-NCC
MPI-M-MPI-ESM-MR hist, RCP 2.6, RCP 8.5 RegCM4-MPI
MIROC-MIROC5 hist, RCP 2.6, RCP 8.5 RegCM4-MIROC

COSMO-crCLIM-v1-1.v1
NCC-NorESM1-M hist, RCP 2.6, RCP 8.5 COSMO-NCC
MPI-M-MPI-ESM-L hist, RCP 2.6, RCP 8.5 COSMO-MPI
ICHEC-EC-EARTH hist, RCP 8.5 COSMO-ICHEC

REMO2015.v1
NCC-NorESM1-M hist, RCP 2.6, RCP 8.5 REMO-NCC
MPI-M-MPI-ESM-LR hist, RCP 2.6, RCP 8.5 REMO-MPI
MOHC-HadGEM2-ES hist, RCP 2.6, RCP 8.5 REMO-MOHC

As a necessary prerequisite for this work, we evaluate monthly CORDEX WAS-22 simulations
for the three climate variables over the period 1981–2005, by comparison to ERA5 reanalysis
dataset [218]. We examine how well they reproduce the spatial distribution of annual and seasonal
means during specified time periods (denoted climatology) and trends at each grid point, and the
spatial averages.
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2.2.2 Variability at local wind and solar sites

We analyze the temporal patterns of wind speed at three existing wind sites and radiation and
temperature at four solar sites for ERA5 and the individual CORDEX WAS-22 models. Table 2.2
outlines the name, location and total capacity in Mega-Watt (MW) of the sites considered in this
study. They are selected because they all belong to CLP Group and are used as a benchmark of a
real-life portfolio whose structure will be the model of the portfolios simulated later on in India.
On the selected sites, we evaluate the standardized monthly anomalies derived during a 25 years
period extending from 1981 to the end of 2005 to examine the seasonal variations.

Table 2.2: Summary of the characteristics for the CLP sites used in this study
Asset type Site name Location (state) Gross capacity in MW

Wind
Tejuva Rajasthan 100.8
Jath Maharashtra 60
Theni Tamil Nadu 99

Solar

Veltoor Telangana 100
Gale Maharashtra 50
Clean Solar PVT LTD Telangana 30
DSPL Telangana 50

2.2.3 Evaluation of future changes

One way to use RCM projections is to assess the magnitude and degree of consistency in the
simulations in terms of changes in i) climate variables or ii) impacts when the wind speed or
solar radiation and temperature are converted to energy estimates [207]. These changes can be
expressed in linear trends of annual, seasonal or monthly mean quantities between certain time
periods. For the evaluation of future changes, we analyze annual and seasonal climatology and
trends in surface wind speeds, temperature and radiation from CORDEX WAS-22 models in
the Indian sub-continent for RCP 2.6 and RCP 8.5 scenarios during two sub-periods; from 2025
to 2055, and from 2065 to 2095. We focus the discussion in the main text on simulations with
RCP 8.5 to identify the largest bounds of changes in wind, radiation and temperatures in the
models. The length of the two sub-periods simulates the economic lifetime of wind and solar
assets. When the seasonality is considered, we refer to winter as the months from December
to February, pre-monsoon the months from March to May, monsoon as the months from June
to September (noted JJAS), and the post-monsoon (months of October and November) seasons.
We use linear regression and Theil-Sen [219], [220] non-parametric method to analyze trend
magnitudes, which are tested for statistical significance using the Mann-Kendall test [221], [222].
To illustrate the spread of model projections, we take the most extreme as well as the median
trend values of all considered models at every grid point. Thus, we evaluate the smallest trends;
strongest negative or smallest positive trends, the largest trends; strongest positive or smallest
negative trends, and the median trends. After analyzing the whole study domain, we divide it into
five sub-regions described in Figure 2.1 to summarize the regional trends. This step is motivated
by the need to identify regions where wind and solar monsoon trends are anti-correlated as this is
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a binding condition in our work. Once these regions are identified, we focus on two out of them
for this analysis. In each region, we select three locations for wind assets and four others for
solar assets. For the application of portfolio methods, we produce energy time-series for wind
and solar PV at selected locations according to the method discussed in Section 2.2.4.

Figure 2.1: Map of the study area and illustration of the sub-domains represented by boxes: North (yellow),
Northwest (blue), central West (purple), East (orange) and South (orange) that are utilized for analysis

2.2.4 Energy production estimates

After identifying the regions where wind and solar are anti-correlated during the monsoon season,
we pick the locations for wind and solar sites. Hereafter, we lay out the method used to estimate
the returns of the wind and solar PV assets which then serve as an input in the portfolio analysis
explained in Section 2.2.5. We determine the energy production for each wind and solar asset
using CORDEX data and express this return in the form of capacity factors and PV potential
as actual production estimates depend on local weather and installations. For wind assets, the
capacity factor CFwind is defined as the fraction of the potential production of wind power at
the wind site and the maximum possible energy (P rated, times the amount of time energy was
produced, t):

CFwind =
Eproduced

Prated ∗ t
(2.1)

At the three wind farm locations considered, we assume 30 Suzlon 111 wind turbines installed at
a hub height of 90 m with a turbine diameter equal to 111.9 m and a rated power of 2.1 MW. To
project surface wind speed to hub height, we extrapolate wind speed data v1 at 10 m height to the
90 m hub height using the power law [223] to obtain v2:

v2 = v1 (
z2

z1
)

α

(2.2)
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Where the friction coefficient α is equal to 1
7 . The total energy production of each wind farm

is estimated by summing the production (resp. nameplate capacity) of each wind turbine over
the life of the asset. We assimilate the life of the turbines to 25 years to align with time periods
selected to evaluate the impact of climate change. Our analysis is independent of a specific
investment life-cycle. Therefore, we do not assume that all turbines need to be installed at a
certain point in time and the conclusions do not depend on the 25-year assumption.

For solar sites, in order to make a first order estimate and translate solar radiation and temperature
into potential changes in PV generation, we use the methods presented in [224] and [81] to
calculate PVpot , which is defined as the fraction of the power output under standard conditions
that a PV module may have according to Eq. (2.3):

PVpot = PR
rsds

rsdsSTC
(2.3)

PVpot is unit-less, rsds is the surface downward radiation at each time from ERA5, rsdsSTC is
radiation under standard conditions which is equal to 1000Wm−2 and PR is the performance ratio
calculated from Eq. (2.4):

PR = 1− γ(Tcell −TSTC) (2.4)

Where TSTC is equal to 25◦C, γ = 0.005◦C−1 assuming the behavior of mono-crystalline silicon
solar panels, and Tcell is the temperature of the PV cell calculated with Eq. (2.5):

Tcell = c1 c2T c3rsds− c4s f cWind (2.5)

s f cWind is surface wind speed, c1, c2, c3 and c4 values are listed in Table 2.3 along with the
other variables and constants and their units.

Table 2.3: Definition of the values for the parameters in Eqs. (2.3), (2.4) and (2.5)
Variable name Value Units
rsdsSTC 1000 Wm−2

γ 0.005 ◦C−1

TSTC 25 ◦C
c1 4.3 ◦C
c2 0.943 -
c3 0.028 ◦C W−1m2

c4 1.528 ◦C m−1s

In Section 2.2.5, we show how CFwind and PVpot estimated from CORDEX data, are used in the
portfolio analysis framework to investigate the impact of combining wind and solar assets on the
uncertainty of portfolio returns.
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2.2.5 Portfolio analysis

Portfolio analysis supports decision-making subject to the trade-off between the expected return
and the volatility of this return. The framework enables the assignment of weights to assets
included in a portfolio such that the total return is maximized and the volatility of this return
is minimized. Decision-makers can evaluate the performance of each optimal portfolio formed
by a combination of assets. The optimal solutions of the trade-off in the portfolio analysis
are graphically represented on an efficient frontier which is a plot of optimal returns and their
volatility. In the following, we explain how it is adapted to calculate the uncertainty on returns
calculated from climate models. First of all, we use as an input to the bi-objective function a set
of wind and solar sites. We consider that these candidates are part of a portfolio whose structure
mimics the existing portfolio discussed earlier, with three wind farms and four solar PV assets.
The sites selected sit on locations where wind and radiation trends are anti-correlated during the
monsoon season. We solve the bi-optimization problem three times for each set of locations in a
way that we have as an input, 1) only wind sites, 2) only solar sites, and 3) wind and solar sites
combined. By doing so, we can compare the efficient frontiers obtained from the standalone
perspective with wind only or solar only portfolios, and the mixed portfolios. The examination
of the three efficient frontiers obtained enables us to highlight the effects of the combination of
wind and solar in the portfolio and its impact on the volatility of the return, as opposed to the
non-mixed portfolios. The analysis is repeated for each individual RCM model for a certain RCP
scenario. Finally, by doing so we can measure the spread between the curves of the efficient
frontiers for each one of the portfolio types and examine how the combination of asset types
affects this spread.

Formally, the mean-variance analysis consists of a bi-optimization problem Eqs. (2.6) and (2.7),
where µk is the average production of wind or solar power in each location k, the mean portfolio
return µp (approximated by its total capacity factor) is maximized while its variance σ2

p is
minimized, subject to the constraints that the sum of the weights wk is equal to one, and that all
capacity factors are positive.

max µp = ∑
k

wkµk

s.t. ∑
k

wk ≤ 1
(2.6)

min σ
2
p = ∑

k
∑
m

wkwmcov(k,m)

s.t. ∑
k

wk ≤ 1
(2.7)

Hence, we calculate the average production at each location k, namely the mean µwind that is
approximated by CFwind in the case of wind sites and by PVpot in the case of solar sites. In
Eqs. (2.6) and (2.7), wk are the weights of each asset in the portfolio. For the minimization
of the portfolio variance σ2

p in Eq. (2.7), we calculate the covariance matrix cov(k,m) between
the different assets k and m based on their geographical distribution using the time-series.
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Furthermore, we limit the weight for each asset in the optimal portfolio cannot be larger than
50%. After solving the bi-objective function presented earlier, we obtain the efficient frontiers or
the set of optimal portfolios; each point on the frontier is a combination of assets according to
certain weights to form a portfolio with a certain return and its corresponding volatility value).
The algorithm defines the assets considered in the portfolio.

We simulate returns for five assets to illustrate the concept of the efficient frontier in Figure 2.2.
The five points represent the mean return and standard deviation for each one of the five individual
assets. The resolution of the bi-optimization problem described in Eqs. (2.6) and (2.7) enables
to find the combination of assets where returns are maximized for a given level of volatility, or
minimized volatility for a given level of return. The set of these optimal solutions constitutes the
efficient frontier. On this graph, the higher a point is to the left, the better is an asset because the
expected return is higher and the related volatility is lower.
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Figure 2.2: Illustration of the efficient frontier for five assets
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2.3 Results and discussion

2.3.1 Evaluation of the performance of CORDEX WAS-22 against ERA5

The results of the comparison between CORDEX WAS-22 models and ERA5 are presented in
Figure 2.3 for sfcWind, Figure 2.4 for tas, and Figure 2.5 for rsds.

 

A B 

C D 

Figure 2.3: Surface wind speeds: comparison of the annual climatology (A) and trends (B) of ERA5 and
WAS-22 (first row), and seasonal climatology (C) and (D) (second row).
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Regarding the annual climatology of wind speeds, the results in Figure 2.3A demonstrate that the
geographical pattern of CORDEX WAS-22 models resembles the one found for ERA5 although
differences exist in the south of Tibet. For the annual trends of surface winds, the comparison
in Figure 2.3B shows that not all individual climate models reproduce the pattern of ERA5. In
general, we find that ensemble mean for wind speed, noted sfcWindhist (first row and second
column in Figure 2.3C satisfactorily captures wind speed annual trends, and shows similarities in
the pattern of the monsoonal trend (Figure 2.3D). This result is in general a key finding because
it increases confidence in the ability of CORDEX models in reproducing the monsoon pattern
which is a majorly impacting climatological feature on wind energy in India.

We include a similar assessment for temperature and solar radiation as they are used to estimate
solar energy time series. We find a strong resemblance in the spatial pattern of annual temperature
climatology between ERA5 and CORDEX WAS-22 individual models displayed in Figure 2.4A.
Discrepancies in the annual climatology for temperature are found in mountainous areas towards
the Himalayas in northern India because the resolution of climate models cannot capture the
complexity of local spatial variability. There is also a good agreement in the annual temperature
trends (Figure 2.4B) and all datasets exhibit trends with a positive slope. Accordingly to the
results for wind speeds, we find large similarities in the seasonal temperature climatology between
ERA5 (Figure 2.4C) and the historical ensemble (Figure 2.4D).
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Figure 2.4: Surface temperature: comparison of the annual climatology (A) and trends (B) of ERA5 and
CORDEX WAS-22 (first row), and seasonal climatology (C) and (D) (second row).

We see in Figure 2.5A that differences exist in the spatial pattern of the annual climatology for
radiation while ERA5 data and the ensemble mean outline a good agreement with only a slight
difference in the spatial average (230 Wm−2 for ERA5 and 220 Wm−2 for the ensemble mean).
We notice a high variability between ERA5 and the individual models for the annual radiation
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trends in Figure 2.5B. Similarly to the annual pattern, we find a significant similarity in the
seasonal climatology for radiation between ERA5 (Figure 2.5C) and the historical ensemble
(Figure 2.5D).
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C D 

Figure 2.5: Surface shortwave downward radiation: comparison of the annual climatology (A) and trends
(B) of ERA5 and CORDEX WAS-22 (first row), and seasonal climatology (C) and (D) (2nd. row).
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In summary, we conclude that CORDEX WAS-22 models for the three climate variables reproduce
ERA5 data with a reasonable degree of fidelity, and the resemblance in the spatial distribution is
stronger at the annual than seasonal level. Section 2.3.3 includes an evaluation of the temporal
variability at existing wind and solar sites.

2.3.2 Analysis of the variability of CORDEX WAS-22 models at local sites

Figure 2.6A outlines the temporal variability of standardized wind speed at three existing wind-
farm sites, and compares CORDEX models with ERA5 (black line). In the three sites, the peak
in wind speeds reflected by ERA5 coincides with the monsoon season. However, REMO models
represented in purple shades outline a peak delayed and occurring later during the year. The delay
in the monsoon peak for wind speeds from REMO models is apparent when looking at the plots
of the seasonality component. COSMO and RegCM4 models show a good correspondence in the
seasonal component of the individual models with ERA5. We see that there are differences in the
individual models and that in some instances, the individual models are not able to reproduce the
peak in wind speed during the monsoon.

At the four solar sites, we observe that the peak in radiation (Figure 2.6B) reported by ERA5
(black line) occurs between March and May. The time of occurrence of the peak for RegCM4
and COSMO models coincides well with that of ERA5. REMO models (lines in the purple
shade) fail to reproduce that as the peak of these purple lines occurs later around the monsoon
season. This delay in peak radiation for REMO models also appears when we analyze the
seasonality component for radiation. In Veltoor, the correspondence in the trends between
ERA5 and RegCM4 models is the highest which could indicate that not all available models are
equally suitable for a particular location. The differences between the RCMs can be partially
explained by the fact that COSMO for example has difficulties over domains with a climate
substantially different from that of Europe where it has been developed [225]. On the other hand,
IITM-RegCM4 over South Asia was developed at an Indian institute.

For temperature (Figure 2.6C), the peak that happens in June or July according to ERA5 data
is accurately reported by RegCM4 models (green) and COSMO ones, while REMO models
persistently show a delay with a peak occurring only after the monsoon season and towards the
end of the year.

The evaluation of the temporal variability between the individual models in wind and solar loca-
tions highlights one of the problems when evaluating climate change; these differences between
the ERA5 data and CORDEX models can be attributed to differences in the parametrization of
the models and shows that uncertainty of climate predictions may still be large. Now that we
highlighted some differences in the models, we study the trends for future projections before
testing how the combination of wind and solar can reduce the variability in the trends.
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Figure 2.6: Monthly standardized anomalies for wind speeds (A), surface downward radiation (B), and
temperature (C) extracted from ERA5 and CORDEX WAS-22 (1981-2005).
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2.3.3 Trends in CORDEX WAS-22 predictions and seasonal variation of both
wind and radiation trends

In this section, we describe the geographical distribution of long-term annual and seasonal
climatology and trends for surface wind speed, temperature and radiation in India under the RCP
8.5 scenario. The results for the annual climatology for the three climate variables are presented
in Figure 2.7.

63



Chapter 2. Assessment of climate change and climate-resilient wind and solar assets

 

E 

F 

C 

D 

A 

B 

Figure 2.7: Distribution of the annual climatology (RCP 8.5): annual wind (2025-2055) (A) and (2065-
2095) (B), radiation (2025-2055) (C) and (2065-2095) (D), and temperature (2025-2055) (E) and (2065-
2095) (F).
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The evaluation of the climatology between the two periods (2025 to 2055), and (2065 to 2095)
in Figure 2.7A and B shows that the median value of the annual wind speed increases by 2.6%.
Looking at the seasonal climatology for surface wind in Figure 2.8, we see that the minimum
seasonal values showed in Figure 2.8A increase for monsoon and winter winds during the first
time period, while pre-monsoon and maximum monsoon wind speeds increase in the latest part
of the century in Figure 2.8F. Regarding the seasonal trends during the first period (Figure 2.8G,
H and I), we find a positive wind speed trend during the pre-monsoon in the northwest, and
some southern areas during the monsoon and winter seasons. We also find some increase in
the northeast for winter wind speeds from the maximum ensemble. During the second period
extending from 2065 to 2095 (Figure 2.8J, K and L), we find a positive trend in the northwest and
southeastern coast for pre-monsoon wind speeds. We can also report on some positive trends for
monsoon wind speeds in areas located in the northwest and northeast. Looking at the maximum
ensemble, we find a positive trend in the north and northeast, indicating an increase in extreme
wind speeds.

65



Chapter 2. Assessment of climate change and climate-resilient wind and solar assets

 C B A 

F E D 

I H G 

L K J 

Figure 2.8: Surface winds (RCP 8.5): Seasonal climatology for the smallest (A), median (B), and largest
(C) ensembles (2025-2055), and analogously (D), (E) and (F) for (2065-2095). (G), (H) and (I) are
respectively the seasonal trends for the smallest, median and largest ensembles (2025-2055), and (J), (K)
and (L) are respectively the smallest, median and largest ensembles (2065-2095). White areas indicate
grid points where trends are not statistically significant (p>0.05).
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The spatial distribution of the annual climatology for the downward surface radiation is presented
in Figure 2.9. The highest values are found in the North of India towards the Himalayas, as well as
in the northwestern and southwestern parts of India. The annual and seasonal mean climatology
remain the same between the first and second periods. Looking at the median ensemble for
the first period (Figure 2.9A, B and C), we see no significant change in the pre/post-monsoon
climatology. During the monsoon season (Figure 2.9G, H and I), the northwest and northeast
near the coast have significant negative trends. During the second period, results show a positive
trend in the north of India during the monsoon that would involve an increase in PV output in the
region (Figure 2.9J, K and L).
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Figure 2.9: Surface downward shortwave radiation(RCP 8.5): smallest (A), median (B), and largest (C)
ensemble seasonal climatology for the period between 2025 and 2055, and analogously (D), (E) and (F)
for the period between 2065 and 2095. (G), (H) and (I) are respectively the smallest, median and largest
ensembles during the 2025-2055 period, and (J), (K) and (L) are respectively the smallest, median and
largest ensembles from 2065 to 2095. White areas indicate that at these grid points, trends are statistically
non-significant at the level 0.05.

68



2.3 Results and discussion

For temperature, we find a higher climatology and positive trends towards the end of the century,
and extreme temperatures increasing during the monsoon in the whole of India except the
South. Assuming that there will be no changes in future solar radiation, these trends would
imply decreasing power output for solar PV as solar panel decrease in efficiency with increasing
temperatures [226].

Prior to the portfolio analysis, we investigate the seasonal correlation between surface downward
radiation and wind speed in the sub-regions defined earlier in Table 2.4. This table shows that
the two regions where the anti-correlation in wind and radiation is strongly distinguishable and
consistent for the two RCP scenarios are the South from 2025 to 2055 and the North from 2065
to 2095. Hence, we select two sets of wind and solar assets in these two regions as candidates for
the application of the portfolio analysis.

Table 2.4: Spatially averaged seasonal correlation coefficients between rsds and sfcWind for the five
sub-domains analyzed for the two RCP scenarios and time periods defined in each quarter of the year
(noted Qtr).

Scenario RCP 2.6
Periods 2025-2055 2065-2095
Region Qtr1 Qtr2 Qtr3 Qtr4 Qtr1 Qtr2 Qtr3 Qtr4
Top-North 0.52 0.47 0.46 0.53 -0.83 -0.76 -0.79 -0.85
Northwest 0.31 0.34 0.27 0.19 0.04 0.08 0.32 0.33
Center 0.06 0.07 -0.02 -0.10 0.27 0.36 0.59 0.59
East 0.20 0.15 0.15 0.16 0.12 0.31 0.47 0.34
South -0.63 -0.44 -0.55 -0.70 0.80 0.83 0.91 0.90
Scenario RCP 8.5
Periods 2025-2055 2065-2095
Region Qtr1 Qtr2 Qtr3 Qtr4 Qtr1 Qtr2 Qtr3 Qtr4
Top-North -0.30 -0.42 -0.34 -0.26 -0.19 -0.29 -0.16 -0.10
Northwest 0.93 0.94 0.67 0.67 0.90 0.90 0.64 0.65
Center 0.52 0.19 -0.23 -0.02 0.44 0.17 -0.21 -0.04
East 0.76 0.48 0.20 0.47 0.70 0.46 0.22 0.45
South -0.32 -0.48 -0.66 -0.68 -0.27 -0.42 -0.62 -0.63
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2.3.4 Portfolio analysis and its practical application to future wind and solar
energy installations

We apply the portfolio framework in two sets of wind and solar assets in the South and the North
where the two solar radiation and wind speed variables are anti-correlated. The characteristics of
the two sets are summarized in Table 2.5. We analyze how the combination of wind and solar
impacts the uncertainty of prediction on energy returns.

Table 2.5: Latitude and longitude of the assets in the South and North.

Assets
South North

Latitude Longitude Latitude Longitude
Wind 1 74.2 14.7 79.4 34.8
Wind 2 74.6 14.3 78.3 33.3
Wind 3 76.0 9.6 77.2 32.8
Solar 1 78.8 16.4 78.7 35.3
Solar 2 75.1 16.2 74.1 31.1
Solar 3 78.2 18.0 78.9 34.8
Solar 4 75.1 15.3 77.4 34.4

For the analysis of the results, we evaluate how the spread of the efficient frontiers associated with
the mixed portfolios differs from the one found for wind and solar only portfolios. The results
are presented in Figure 2.10 where the first row depicts the results for the set located in the South
from 2025 to 2055, and the second row the ones for the set located in the North for the second
time-period. In the southern region, under RCP 2.6 and during the first time-period, the evaluation
of the efficient frontiers obtained for the set of asset in Figure 2.10A shows that for a return level
of 0.25, the standard deviation of the portfolio for solar-only portfolios ranges between 0.035 and
0.045. The efficient frontier of wind only portfolios only has one optimal solution for the level of
return and the standard deviation converges to a single value of 0.032. Different weights values of
the three wind assets currently evaluated cannot improve the optimal return and thus its attached
standard deviation. The standard portfolio for mixed portfolios ranges from 0.025 to 0.032. The
mixed portfolio reduces the spread of the standard deviation of the portfolio for this return level
by 30% compared to the solar-only type. In the same region and time period, under RCP 8.5,
Figure 2.10B shows that for the same return level of 0.25, the reduction of the uncertainty range
for the mixed portfolio compared to the solar-only type is also valid as the standard deviation
of the portfolio for solar-only varies from 0.035 to 0.049 whilst it ranges between 0.025 and
0.035 for the mixed type which also corresponds to a reduction of 30%. In the North, where the
seasonal anti-correlation between wind and solar radiation variables extends throughout the year
under RCP 2.6 and between 2065 and 2095, Figure 2.10C highlights that for a return level of
0.31, the spread of the standard deviation of solar-only portfolios ranges from 0.041 and 0.48,
from 0.082 and 0.085 for the wind only type, and from 0.039 and 0.041 for the mixed portfolio.
Hence, the reduction obtained with the mixed portfolio reaches a level of 71.4% compared to the
solar only, and 33.3% compared to the wind only type. For this same set, under RCP 8.5, we find
that for a return level of 0.34 (Figure 2.10D), the spread of the standard deviation for solar-only
portfolios ranges from 0.052 and 0.097, for wind-only portfolios is between 0.092 and 0.096,
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Figure 2.10: Efficient frontiers from the CORDEX WAS models in the portfolio set 1 located in the South
for the period between 2025 and 2055 under RCP 2.6 scenario (A) and RCP 8.5 scenario (B). (C) and (D)
are the efficient frontiers obtained for portfolio set 2 in the North for the period between 2065 to 2095
for RCP 2.6 and RCP 8.5 respectively. On each graph, the black horizontal dashed line represents the
level of portfolio return examined, and vertical dashed lines represent the spread of its associated standard
deviation for mixed (orange lines), wind only (pink lines), and solar only (purple lines) portfolios.

and for the mixed portfolios is between 0.047 and 0.490. This entails that the range obtained
with the mixed portfolio for the return level evaluated leads to a reduction of the uncertainty on
the standard deviation by 96% compared to the solar-only portfolio type and 50% compared to
the wind-only one. The benefits of the portfolio method are demonstrated in the two regions
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presented considering the reduction of the spread in the efficient frontiers for a certain return
value when the portfolios are mixed compared to the portfolios of solar only in the first case,
and both wind and solar for the second case. We highlight that we also find cases where the
reduction of the spread for the mixed portfolios does not hold. Yet, we consistently find that
mixed portfolios offer a great advantage in reaching higher return levels for low to medium risk
portfolios (efficient frontiers on the left) and this constitutes a desired advantage for investors.
The results also indicate that the reduction in the uncertainty is more substantial for the solar only
portfolios compared to the wind only. The variability at the monthly time-scales is higher for
wind than solar.

We investigate the impact of time resolution on the findings and re-do the analysis in the same
regions with daily data for CORDEX WAS-22 data under both RCP scenarios. We evaluate the
differences in the spread of the mixed portfolio compared to the single portfolio types from daily
data, for the same return levels defined for monthly data. The results are included in Figure 2.11.

In the South, with daily data, the reduction in the spread of the uncertainty for the mixed portfolio
compared to the solar only type is effective for return levels below 0.22. The efficient frontiers
for wind portfolios from daily data have the same characteristics with a single optimal solution.
In the North, with daily data, we find that mixed portfolios have a lower uncertainty spread than
solar ones for high return levels (above 0.30). The conclusions found at the monthly resolution
remain valid with daily data.
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Figure 2.11: Efficient frontiers from CORDEX WAS models at the daily time resolution in the portfolio
set 1 located in the South for the period between 2025 and 2055 under RCP 2.6 scenario (A) and RCP 8.5
scenario (B). (C) and (D) are the efficient frontiers obtained for portfolio set 2 in the North for the period
between 2065 to 2095 for RCP 2.6 and RCP 8.5 respectively. On each graph, the black horizontal dashed
line represents the level of portfolio return examined, and vertical dashed lines represent the spread of its
associated standard deviation for mixed (orange lines), wind only (pink lines), and solar only (purple lines)
portfolios.
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2.4 Conclusion

Seasonal monsoons play a crucial role in determining the local climate in India and are also
impacted by climate change. Recognizing the uncertainty in climate models, the underlying
idea in this study is to highlight that if climate models wrongly predict a future modification
in a weather pattern like the monsoon, then the potential loss in one parameter, for example,
solar radiation, can be compensated by a potential increase in another one, wind, since these
two variables are often anti-correlated. To exemplify this idea, we first compare surface wind
speed, temperature, and solar radiation variables from CORDEX WAS-22 data with ERA5 to
assess their performance in reproducing climatological characteristics in an historical period.
The examination of the standardized anomalies for wind speed and solar radiation in different
locations illustrates variability between climate models but shows in general a good performance.
We then determine the annual and seasonal climatology and trends of these climate variables
during two periods in the future, namely 2025 to 2055 and 2065 to 2095, and calculate the
seasonal trends in five sub-regions of the Indian territory in order to identify regions where the
trends between radiation and wind are anti-correlated during the monsoon. Finally, we construct
two portfolios of three wind farms and four solar assets in selected locations to test if portfolio
methods reduce the uncertainty of the projections. The research outcomes infer that this method
does not necessarily influence the level of the total return obtained, intending the energy output
expressed in terms of a capacity factor, but the uncertainty of this estimated return. Hence,
we show that by accounting for the correlation between wind and solar in two different Indian
regions, the application of the portfolio framework highlights not only the diversification potential,
which is a known benefit, but also enables to reduce uncertainty estimates compared to a single
variable, wind only, or solar only assessment. The analyses and conclusion on any upward
or downward trend in wind and solar energy output are from the energy resource perspective.
Whether these available resources can be fully converted into energy output would be subjected to
other technical, commercial and operational factors in the life time of the asset (e.g. component
or system degradation reduces the output over time).

This research is carried out in a climate change assessment perspective in an effort to push
forward the inclusion of climate models in future discount cash flow models of investors that
engage in the energy transition with a rapid shift to clean energy. We develop an analysis that is
simple and reproducible in any other region where wind and solar trends are anti-correlated. The
exercise can be carried out in existing or planned wind and solar assets without a limitation on
a specific portfolio structure. Therefore, future analysis should explore other regions in South
Asia heavily influenced by monsoon interactions which can be good candidates for further case
studies.

We acknowledge that one major limitation of this study is the use of raw climate data to estimate
portfolio returns instead of bias-corrected datasets. However, we want to point out that the
portfolio method could be applied to current data from climate models as well as for current
local data. The comparison between the three pairs (CORDEX, reanalysis and local data)
would then allow to estimate more local effects since it is known that the climate change signal,
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i.e. the difference between the current and future climate portfolio, will often be preserved
during downscaling [227]. Furthermore, the use of bias correction techniques with local data
would strongly be limited in our case because we do not have access to good data that we can
use to compare the corrected dataset and validate the results. As an illustration, wind speed
measurements in India from the Integrated Surface Database (ISD) of the National Centers for
Environmental Information (NCEI) of the National Oceanic and Atmospheric Administration
(NOAA) [228] present gaps, and the available stations are not necessarily close enough to the
locations studied. The gap in the availability of solar data in India because of the unavailability
of ground monitoring stations is discussed in the literature [183].

The first practical implication of our research for investors in India resides in the fact that there
are locations where the risk is decreased when combining two asset types and other locations
where the combination appears less effective. This information may be useful in picking sites for
development of wind and solar renewable assets. We also see the value of our study to portfolio
managers interested in investigating future investment possibilities in regions with no long-term
track of wind and solar measurements. [187], [229] recommend the extension of the lifetime for
existing wind farms in order to increase investment values. Therefore, further applications of
portfolio methods with climate models can also tackle the threats to wind development linked to
aging installations in the context of re-powering decisions to increase efficiency.
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3.1 Introduction

The estimation of wind flow is critical for the development of wind energy. In this context, wind
speeds from reanalysis datasets are widely used in wind resource assessment. However, their
spatial resolution remains unsatisfactory for unraveling local wind characteristics and extracting
accurate wind information. This chapter investigates a perspective on wind predictions different
from the long-term climate projections presented in chapter 1 and 2 and explores the application
of machine learning methods to improve surface wind estimations. In the following, we inspect
the application of a new version of Wind-Topo [115], a deep learning-based model that discovers
the interactions between high-resolution topography and lower-resolution states of the atmosphere
to generate near-surface wind fields and predict wind flow in two geographical locations. The
original model has successfully enabled the provision of high-resolution (up to 50 meters) surface
wind data in the Swiss Alps. Wind-Topo’s initial conception was trained with measurements
from stations in Switzerland and a numerical weather prediction model (NWP) as a predictor, the
Consortium for small-scale modeling family COSMO 1 [230] at 0.01◦ horizontal spacing.

Given its inherent uncertainty, the prediction of wind has attracted the attention of many scholars.
Current methods include physical, statistical, and machine learning techniques [231]–[233].
Since the world is moving towards green energy, conflicting land use issues emerge as sites
dedicated to energy assets compete with land potentially usable for agricultural farming. The
growing population and densifying agglomerations add more pressure to the competition for land
use and call for exploring alternative sites. Terrains suitable for wind harvesting in mountainous
regions usually consist of plains and ridges without a steep slope [234]. Kruyt et al. explore
the application of COSMO 1 for wind energy predictions in complex terrains [235]. Graf et al.
evaluate the ability of state-of-the-art climate models for Switzerland to represent mean winds
and their seasonality in areas with a complex topography and finds that the most apparent wind
speed biases are persistent over mountainous terrain [111]. With the growing interest in assessing
wind energy potential in complex terrains, machine learning techniques can play a significant
role in effectively providing accurate wind speed predictions [112].

Deep learning, which is a type of machine learning algorithm, imitates how humans gain specific
knowledge and can redefine complex data from high-input data [236], [237]. Deep learning
models dominate other sophisticated machine learning methods [238]. They have contributed
to many areas like speech recognition and signal processing [239], detection of diseases like
Alzheimer’s [240], environmental water management including pollution prediction [241]–[243],
solar photovoltaic energy generation forecast models [244], [245] and most recently wind power
generation forecasting [246]. Stationarity is often a prerequisite for applying machine learning
techniques [247], which may limit their application in a changing environment. However, one
might assume that the relationship between the input data and the terrain is stationary, which
offers the possibility of exploring deep learning applications to improve long-term wind speed
prediction in regions threatened by climate change to potentially create further incentives for
wind energy developers to examine the feasibility of wind sites in under-explored geographical
locations.
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Studies on wind energy using machine learning methods in India are still rare. A recent study
suggests that machine learning methods applied in one location can be used to forecast wind
speed forecasting at other points distant from the training data and at different remote areas
[248]. Further research on such applications in the sub-continent can add value to researchers
and wind developers because access to reliable climate measurements in India over multiple
years remains challenging. Currently, the National Institute of Wind Energy (NIWE) and the
Indian government operate wind monitoring stations and provide mass measurements at a cost
for commercial buyers and academic institutions. Wind developers in India also invest in the
collection of meteorological information, yet the data collected is limited in time and is not
provided for free [249]. Neighboring countries to India, such as Nepal, where wind deployment
is at an early stage, also face challenges with data access. Although initiatives for resource
assessment are carried out, projects also often struggle with wind data availability [250]. Hence,
there could be much value in the availability of free high-resolution data.

In this chapter, we use a new version of Wind-Topo, trained with Swiss station measurements
and ERA5 data [218] instead of COSMO-1, to predict near-surface winds in India and Nepal.
Our objective is to assess the model’s applicability to discover the interactions between wind
flows and local topography and ultimately improve the availability of wind information in the
area. The rationale behind this is to leverage a model that has proved successful in providing
improved wind flow estimations in the Alps, reanalysis dataset ERA5, and information from
available stations in the domains analyzed to explore the possibilities and limitations of machine
learning algorithms.

3.2 Approach adopted and outline

Wind-Topo is a deep learning model which has a custom architecture mostly based on Convolu-
tional Neural Networks (CNN, [251]). Wind-Topo is a state-of-the-art 2-D to-point statistical
downscaling model based on deep learning that employs kilometer-resolution numerical weather
prediction model outputs and high-resolution topography to predict near-surface wind speed
and direction in highly complex terrain. Details about the model can be found here [115]. Its
high performance in Switzerland and flexibility motivated its application to other regions. While
initially developed to provide high-resolution data in Switzerland, its performance and flexibility
call for further applications. In the first steps of this analysis, we tested the original form of
Wind-Topo trained with COSMO 1 to provide high-resolution data in India. COSMO 1 is not
available in India. Data from ERA5 interpolated to a 1 km grid, and the same height levels as
Wind-Topo are used as an alternative. The first results led to a re-adjustment of the approach.
The perspective adopted consists of re-training Wind-Topo with ERA5 data in Switzerland, with
261 stations used for the calibration and 60 stations for the validation. Furthermore, ERA5 data
is chosen as a substitute for COSMO 1 because of its large geographical coverage. After training
the model with ERA5 interpolated to a 1 km grid spacing, Wind-Topo is applied in the state of
Tamil Nadu. The results in this state proved to be limited, and a new domain was explored in
the northeast overlapping with Nepal. The remainder of this chapter is structured as follows;
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Section 3.3 describes the data and model, Section 3.4 presents the results, Section 3.5 discusses
the limitations of the approach and the next steps envisioned for future improvements, and finally
Section 3.6 presents with a conclusion to this chapter.

3.3 Data and model used

3.3.1 Domains definition and measurements

The Swiss Alps domain where the new Wind-Topo is trained and its elevation are shown in
Figure 3.1 a. Before selecting the testing domains, we evaluated various locations in India and

b) c)a)

Figure 3.1: Swiss domain (a) and the two other candidate domains in India (b) and India-Nepal (c).

screened ISD stations to find regions where reliable measurements were available for at least the
period from 2016 to 2018. We used Google Earth to closely inspect the surrounding conditions
of the ISD met station, and it revealed critical shortcomings in the data. The integrity of the
measurements at multiple stations has been impacted by a surrounding environment obstructing
their quality. Therefore a small number of acceptable locations were left. A practical alternative
is adopted to overcome this limitation. The domain selected is constrained to the area where wind
turbine data and station data are available. The domain used for the application of Wind-Topo in
India is represented in Figure 3.1b. Measurements from the wind farm in Theni are available for
thirty turbines at hub heights and ten minutes of temporal resolution. As the screening of ISD
measurements uncovered an area where coherent wind speed and direction data are available
in the north-east, a domain surrounding these stations is used as an input for testing the new
Wind-Topo. Its elevation and limits are present in Figure 3.1c. We refer to this domain as IN-NP
in the rest of this chapter. ISD stations considered and their characteristics are shown in Table 3.1,
where the two first lines correspond to the locations in Tamil Nadu, and the last eight lines are the
ones between India and Nepal. ISD measurements available at three-hourly temporal resolution
are interpolated to hourly resolution.
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Table 3.1: Coordinates and elevation of ISD stations used in the testing.
Name Latitude [◦N] Longitude [◦E] Elevation [m]
Kodaikanal 28.1 81.7 2343
Valparai 28 82.5 634
Nepalgunj 28.1 81.7 165
Dang 28 82.5 634
Jumla 29.3 82.1 2300
Surkhet 28.6 81.6 720
Pokhara 28.2 84.0 827
Bhairahaw 27.5 83.4 109
Simara 27.2 85.0 137
Okhaldhunga 27.3 86.5 1720

The spatial distribution of the stations in the IN-NP domain is presented in Figure 3.2.

Figure 3.2: Illustration of ISD stations in the IN-NP domain. Each red dot represents the location of one
of the eight stations considered.
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3.3.2 Construction of the predictor dataset

We use ERA5-complete at model levelsI to construct the predictor dataset. ERA5 complete data
are available at hourly time resolution and 0.25◦ grid spacing for 137 model levels [252]. They
are obtained through the climate data store (CDS) Application Programming Interface. The
variables u, v, w, and t are defined on 137 model levels. The ECMWF meteorological workstation
application, Metview, is used to interpolate vertically the data from model levels to heights in
meters above the ground. For u, v, and w, we use a function that interpolates a field-set on
model levels onto heights in meters above ground level based on a logarithmic interpolation. The
results of the vertical interpolation of the data at 10 meters above ground use ERA5 pressure data
expressed as a logarithm and lead to NaN values when the values are too low. Therefore, the first
height fed to Wind-Topo is readjusted to 11 meters above the ground. Once the interpolation
from model levels to heights above ground is obtained, we interpolate all the variables to a 1 km
horizontal resolution using the bi-cubic method. The horizontal interpolation from 0.25◦ grid to 1
km is performed using bi-cubic spline mapping with the Climate Data Operators (CDO) [253].

3.3.3 Analysis of ERA5 characteristics in the domains considered

As wind is influenced by local characteristics and varies in places and seasons, we evaluate annual
and seasonal winds differences in the calibration domain (CH) and the testing domain (IN-NP) in
Figure 3.3.

The geographical distribution of surface wind speeds in CH indicates higher wind speeds in areas
where elevations are high except for the lowest level (11m). In other words, wind speed values
increase with heights [235]. The examination of ERA5 wind speed in this domain indicates an
inconsistency in surface wind flow pattern; winds appear to be higher in the plain than in the
mountains. Wind patterns observed for levels starting from 89 or 293 m do not indicate further
anomalies. Therefore, the observation of wind at the surface indicates a misrepresentation in
ERA5; the sub-grid scale effect could possibly lead to an underestimation of wind at the stations
located in the mountains. The 0.25◦ grid resolution is also most likely too large to reflect the
mountain effect correctly. For stations located in the plains and sheltered areas near the ground,
the flow appears to be experiencing less drag and surface wind is higher. The values in the IN-NP
domain indicate that the highest wind speed values are concentrated in the northeastern regions
(Figure 3.3b). Meanwhile, contrary to the observation in the Alps, wind speeds decrease with
increasing heights in the southwest where the lowest elevations concentrate. In this case, the
low-level flow appears to be blocked by the Himalayas, creating an along-barrier jet on the plains.
As you move to higher altitude, the flow can progressively cross the Himalayas, creating higher
winds above the mountains, and lower winds high above the plains

Figure 3.4b shows the seasonality of surface winds in the Swiss domain and highest wind
occur during the winter season. The pattern indicates that areas where elevations are low in

Ihttps://www.ecmwf.int/en/forecasts/documentation-and-support/137-model-levels
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a) b)

c) d)

Figure 3.3: Elevation in CH (a) and annual wind climatology in m/s in 2017 at 5 height elevations (b).
Elevation in IN-NP (c) and annual wind climatology in m/s in 2017 at 5 height elevations (c).

the northwest exhibit highest winds. The analysis of the results in the IN-NP domain (Figure
3.4d) show that for regions in the northeast, where elevations are the highest, wind speed has the
highest magnitude in spring (MAM) and winter (DJF). For this region, low values of wind speeds
occur in summer (JJA). In the south-western region, where elevations are the lowest, highest
wind speeds occur in MAM and JJA. Wind speeds in India evolve from low wind speeds in
January to high during monsoon months and once again decrease until November-December. The
worsening in the correlation found later in some instance with Wind-Topo could be explained by
the fact that the model is trained in the Alps, a geographical domain dominated by a fast-moving
weather systems, while persistent patterns predominantly shape the climate in Nepal and India.
In summary, except for surface wind very close to the ground, wind flows from ERA5 are higher
at high altitudes in Switzerland, while they tend to be lower than expected in Nepal because of
the blocking effect created by the mountainous areas; which may have to do with the way surface
drag is calibrated to approximate larger scale motions and pressure distributions.

3.3.4 Wind-Topo formulation

In the original formulation of Wind-Topo, the 1.1 km resolution COSMO 1 was used as a
predictor, and near-surface winds were downscaled to a 50-m resolution. In the test case, the
interactions between wind and the local topography as represented by the model showed a big
improvement on wind prediction. Wind-Topo requires the eastward and northward components
of wind (u and v), the vertical velocity (w), temperature (t), and pressure at 10, 89, 293, 589,
1164 meters above ground. Other inputs require the ground surface sensible heat flux (sshf) and
a digital elevation model (DEM) in order to predict near-surface wind flow. The Space Shuttle
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a) b)

c) d)

Figure 3.4: Elevation in CH(a) and seasonality of wind (in m/s) at the surface in 2017 for the CH domain
(b). Elevation in IN-NP (c) and seasonality of wind at the surface in 2017 (in m/s) for the IN-NP domain(c).

Radar Topography Mission (SRTM) DEM available on the USGS Earth Explorer at a 30-meter
resolution is used. The fact that ERA5 behaves differently in the two regions even though the
difference in the altitude of the two domains is comparable, hints towards the fact that ERA5
parametrization leads to inconsistencies of the wind flow in the surface, or the resolution is too
low to resolve the local effects. Furthermore, values for w (vertical wind) close to the surface
appear to have problems. Therefore, the new Wind-Topo version is re-adjusted and trained
without the w component of wind.

The year 2017 is used for testing in the IN-NP domain.

3.4 Results

The results of the calibration and testing are discussed in this section. The performance of the
new Wind-Topo in the IN-NP domain are also presented. The performance metrics used are
the mean bias error (MBE), correlation (corr), and mean absolute error (MAE) of ERA5 and
Wind-Topo with the measurements.

3.4.1 Calibration and testing over the training period

The following section evaluates the results of the new Wind-Topo version at the calibration
and validation stations in Switzerland. A first comparison at the wind speed values of the
measurements with the values obtained from ERA5 indicates that ERA5 tends to underestimate

84



3.4 Results

wind speeds in the Alps. This observation hints towards the inability of ERA5 to resolve the
orographic speed-up effects at complex sites such as the Alps. Its average wind speed at the
261 stations approximates to 1.25 m/s which is not representative of the reality painted by the
measurements. Wind-Topo enables to correct the underestimation bias of ERA5 and the average
wind speed for the 261 stations reaches 2.6 m/s. The average correlation coefficient obtained with
Wind-Topo is higher than ERA5. However, in some cases, the model has limited performance in
improving the correlation with the measurements.

Table A.5 provides an overview of wind speed measurements, ERA5, and Wind-Topo and their
performance for the validation stations in Switzerland. The results illustrate that at the stations
where ERA5 and sizes are in the same range, Wind-Topo improves the accuracy of wind speed
estimates and correlation with wind measurements. When wind speeds measured are too high,
ERA5 fails dramatically at reporting the wind speed while Wind-Topo improves the estimation
but the bias remains high because the values used as input are too far from reality.

To understand Wind-Topo results, Figure 3.5 displays a decomposed view for the MAE values at
each Swiss station classified into three categories; exposed, sheltered, and "other".

MAE (m/s) of ERA5

Figure 3.5: Mean absolute error of Wind-Topo at all 321 stations compared with ERA5. The segments
represent the stations and colors indicate the categories. The extremities of each segment show the MAE
for the training period (triangles) and the test period (circles). The stations circled in black represent the
60 test stations. Any point below the black line shows an improvement from Wind-Topo.

Each segment represents a station in Figure 3.5. The extremities of each segment are the scores
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of the training and test periods. We focus on the ones circled in black to evaluate the test stations.
Any point under the black curve means that Wind-Topo has a lower MAE than ERA5. The figure
indicates that Wind-Topo has a lower MAE than ERA5 for the three types of stations. Wind-Topo
still demonstrates some limitations at some of the "other" stations type and is significantly worse
at them, where the bias is between 2 and 2.5 m/s. Wind-Topo strongly decreases the MAE at the
sites with high ERA5 MAE. Furthermore, we can also examine how the MAE in ERA5 changes
from one period to another and how Wind-Topo responds to it by looking at the orientation of the
segments. A parallel segment orientation reflects that Wind-Topo follows the variation of score
in ERA5. An upward deviation from this orientation (triangle to circle) shows that Wind-Topo
has lower performance for the test period.

The clustering of exposed and sheltered sites is more pronounced where looking at the MAE
results for wind directions on Figure 3.6. In this case, we observe Wind-Topo significantly
improves wind direction estimation for these two site types. The MAE of wind direction obtained
with Wind-Topo at sheltered sites is worse at only three stations.

MAE of direction (deg) of ERA5

Figure 3.6: Mean absolute error of the direction for Wind-Topo at all 321 stations compared with ERA5.
Similarly to the figure above, the stations circled in black represent the 60 test stations. Any point below
the black line shows an improvement from Wind-Topo. The segments represent the stations and colors
indicate the categories. The extremities of each segment show the MAE for the training period (triangles)
and the test period (circles).

Similarly, Figure 3.7 illustrates the results of the correlation at the individual stations. The
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clustering of the segments above the black line demonstrates that Wind-Topo shows improved
performance at most sites. Wind-Topo is clearly better than ERA5 at all exposed stations. It is
also the case for most sheltered ones.

Correlation coeff. between ERA5 and measurement

Figure 3.7: Correlation coefficient (coeff.) for Wind-Topo at all 321 stations compared with ERA5.
Similarly to the figure above, the stations circled in black represent the 60 test stations. Any point above
the black line shows an improvement from Wind-Topo. The segments represent the stations and colors
indicate the categories. The extremities of each segment show the correlation coeff. for the training period
(triangles) and the test period (circles).

Results of the temporal dimension of Wind-Topo can be evaluated in Figure 3.8. This figure
includes the inter-quartile and median values obtained at the test stations in bold colors for
Wind-Topo and more transparent ones for ERA5. The results on the plot at the top indicate that
for ERA5, we see similar wind magnitudes at sheltered and exposed sites. This suggests that the
resolution of ERA5 is not high enough to distinguish between the two. The second plot illustrates
that Wind-Topo always corrects this bias. The third plot, showing the correlation, demonstrates
improved Wind-Topo performance at exposed sites in winter and summer. The correlation for
Wind-Topo is also better than ERA5 at the sheltered and "other" stations. Finally, wind speed
and direction MAE are always lower with Wind-Topo. Hence, we can conclude that Wind-Topo
performs better at almost all stations and during all seasons.
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ERA5 (exposed) ERA5 (sheltered) ERA5 (other)

Figure 3.8: Each section illustrates monthly average values for the 3 types of test station along with the
inter-quartile and median values. Wind-Topo is presented in bright and ERA5 in dimmed colors.
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To better understand the behavior of Wind-Topo, we look at the wind-rose diagrams (Figure
3.9) from the measurements, ERA5 and the new Wind-Topo at three test stations with different
expositions, namely ELA-1 (exposed station), ELA-2 (sheltered), and SAM-0 ("other"). Wind-
Topo results show a similar pattern to the measurements at the sheltered station, where ERA5 has
a larger error in wind speed and direction. At the exposed station (ELA1), the wind direction
depicted by ERA5 is wrong, and Wind-Topo is not able to entirely correct the pattern. A similar
pattern is observed at SAM-0 where the ERA5 direction is altogether erroneous. At this station,
Wind-Topo shifts the direction to resemble the measurements.

ER
A5

Figure 3.9: Each column represents the wind rose for ELA-1 (exposed station), ELA-2 (sheltered), and
SAM-0 (other) for the measurements, ERA5 and Wind-Topo.
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A closer look at the probability distribution of the three data sources confirms that ERA5
distribution does not capture the pattern exhibited at the exposed site. The observation of the
results at ELA-1 in the top left panel of Figure 3.10 indicates that ERA strongly underestimates
and does not get the correct diurnal profile while Wind-Topo does a remarkably good job there.
The results found for ELA-2 show that ERA5 does not do too badly in the representation of
winds but misses the tail of the distribution. Wind-Topo helps a bit but overestimates because
it introduces diurnal fluctuations that are too high. At SAM-0, Wind-Topo increase the diurnal
pattern, and can capture the tail of the distribution but at a cost of a strangely shaped distribution.

ERA5

Figure 3.10: Each column represents the probability density function for ELA-1 (exposed station), ELA-2
(sheltered), and SAM-0 (other) for the measurements, ERA5 and Wind-Topo. The other panels indicate
the bi-monthly diurnal wind distribution.
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3.4.2 Application of the new Wind-Topo in the IN-NP domain

In this section, we present the results obtained with the new Wind-Topo model at the eight
sites surveyed in the IN-NP domain. Table 3.2 summarizes the average wind speeds from the
measurements, ERA5 and Wind-Topo, and the performance metrics.

Table 3.2: Comparison of the scores for ERA5 and Wind-Topo in Nepal
Stations Velmeas VelWT VelERA5 MBEWT MBEERA5 corrWTO corrERA5 MAEWT MAEERA5 rmseWT rmseERA5

Nepalgunj 1.90 3.08 1.67 1.19 -0.23 0.28 0.42 1.76 0.85 2.33 1.21
Dang 0.77 1.56 1.57 0.79 0.80 0.36 0.28 0.96 0.90 1.30 1.10
Jumla 1.03 1.30 1.05 0.27 0.02 0.13 0.22 0.84 0.68 1.27 1.06
Surkhet 2.23 1.35 1.05 -0.88 -1.18 0.39 0.33 1.17 1.32 1.50 1.64
Pokhara 1.77 1.28 0.95 -0.49 -0.82 -0.08 -0.07 1.09 1.14 1.35 1.39
Bhairahawa 2.99 2.79 1.74 -0.20 -1.25 0.31 0.55 1.85 1.64 2.45 2.32
Simara 1.43 3.15 1.79 1.72 0.36 0.31 0.39 1.94 0.84 2.47 1.03
Okhaldhunga 1.07 1.04 0.89 -0.04 -0.19 0.26 0.24 0.64 0.53 0.94 0.88

Table 3.2 shows that the MBE value for Wind-Topo is between -0.88 and 1.72 m/s, and -1.25
m/s and 0.80 m/s for ERA5. The MAE for Wind-Topo ranges from 0.64 to 1.93 and from 0.53
to 1.64 for ERA5. The RMSE values range from 0.94 m/s to 2.47 for Wind-Topo, and from
0.88 to 2.32 m/s for ERA5. The average correlation obtained with Wind-Topo 0.25 is slightly
lower than the average 0.29 value found for ERA5. A closer look at the sites enables us to detect
noticeable improvements realized by Wind-Topo at four mountain locations: Dang, Surkhet,
Pokhara, and Okhaldhunga. Overall, the MBE at the four locations is reduced by 0.20 m/s, and
the correlation increased by 0.04.At Dang, the MBE is reduced by 0.01 m/s, and the correlation
increases by 28%. At Surkhet, the MBE is reduced by 0.30 m/s, MAE by 0.15 m/s, and RMSE by
0.14 m/s. Wind-Topo improves the correlation value with the measurements in Surkhet by 17.4%.
At Pokhara, the MAE, MBE, and RMSE are reduced by 0.33, 0.06, and 0.04 m/s. Wind-Topo
correlation is also higher than ERA5; however, both correlations at this station are close to zero.
At Okhaldhunga, the correlation obtained for Wind-Topo is increased by 7 % compared to ERA5,
and the MBE is reduced by 0.15 m/s. At Jumla, the station at the highest altitude, the Wind-Topo
model shows no improvement likely because of missing values in the DEM. For stations located
in the plains at altitudes lower than 200 meters, Wind-Topo overestimates the wind speeds, as
illustrated by the values obtained in Nepalgunj and Simara. We observe a different behavior
at Bhairahawa where the average wind measured is 2.98 m/s, Wind-Topo’s value is 2.78 m/s,
while the estimation given by ERA5 is lower (1.74 m/s). In this station, the bias improvement
comes along with a slight deterioration of the Wind-Topo correlation with the measurements. In
conclusion, Wind-Topo as it is at the moment is not very useful in India and adds value only at
stations where the elevations are high.
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3.5 Future improvements and limitations

The limited performance observed for Wind-Topo results in India indicates an over-fitting of Wind-
Topo with the Swiss stations. The over-fitting impacts on wind flow estimation in low elevations.
The most critical improvement to implement next is training Wind-Topo with data from each
one of the domains considered. Therefore, given its relevance and importance, obtaining data
collected from high-quality wind sensors from measurement sites in India and Nepal is required.
Higher resolution, better model physics, more data assimilated, and more advanced assimilation
methods enable ERA5 to improve measurements representation compared to its predecessors
[254]. While ERA5 data help estimate weather conditions in areas with no land measurements,
some question marks remain regarding its reliability compared to land measurements, and evident
discrepancies are still found.

With the default sub-grid scale settings, the bias observed for ERA5 in the CH domain is
an explicit limitation for using the reanalysis dataset in regions with complex geographies
like the Alps. Regarding the IN-NP domain, ERA5 underestimates wind speeds, particularly
during summer. ERA5 bias at the surface can be explained by deficiencies of the sub-grid
scale orographic parameterization in the Integrated Forecasting System (IFS) that it uses [255].
Processes that are only partly physically represented in a model have to be parameterized. The
shortcomings of the parametrization in IFS can originate from the misrepresentations observed
for ERA5 at lower levels. IFS underestimates orographic drag due to gravity wave breaking,
notably in the low stratosphere [256]. IFS underestimation of the orographic drag is also found
for other models, including COSMO [257]. The orographic drag is parameterized as part of the
sub-grid scale orographic (SSO) drag scheme, which also includes a low-level drag component
(wake drag) [258]. Studies suggest that a better representation of orographic drag can result in an
improved representation of blocking frequency and duration [259]–[261]). The SSO drag scheme
in ERA5 represents the gravity wave drag exerted by the breaking of orographically generated
vertically propagating gravity waves and flow blocking drag due to the deflection of the flow by
the orography at low levels. The underestimation observed in the mountainous areas can be due
to the flow being blocked because the current IFS scheme assumes vertical flow deflection when
mountain barriers are encountered [256]. The flow is blocked at a certain height as it is assumed
not to be able to cross the mountain barrier because it does not have enough energy to cross over
it due to weak winds or strong atmospheric stability. The SSO scheme can be altered by adjusting
three parameters; decreasing the orographic gravity wave drag constant, altering the low-level
wake drag constant (which reduces the near-surface drag), and the critical Froude number (which
decreases the orography blocking) [262]. Kohler et al. improve sea level pressure representation,
and estimation of the stratospheric westerlies in the NWP model ICOsahedral Nonhydrostatic
atmospheric model ICON by altering the parameterizations for the gravity wave drag [262].

More realistic zonal winds representation in the current IFS version is achieved by decreasing the
strength of the turbulent orographic form drag while enhancing the low-level flow blocking [256].
Therefore, an adjustment of the SSO drag parameterization can reduce the error by tuning the
Froud number, decreasing the strength of the turbulent orographic form drag, and enhancing the
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low-level flow blocking.

The bias in wind estimation found for ERA5 at the stations suggests that higher Wind-Topo
accuracy can be gained by tuning the SSO in the IFS scheme of ERA5 to correct the inadequacies
and then feeding the re-tuned output to re-train Wind-Topo. An alternative to ERA5 re-tuning
can be correcting the bias using Swiss station measurements.

Similar to other studies on wind prediction with machine learning algorithms, data preparation is
necessary to gain accuracy and avoid porting input dataset errors to the results [263]. For this
analysis, ERA5 data have been extrapolated vertically and horizontally to match the requirements
of Wind-Topo and provide with high-resolution wind flows. The coarser scale of ERA (compared
to COSMO-1) leads to an even larger gap between atmospheric phenomena represented by the
NWP model and the ones that Wind-Topo tries to reproduce. Wind-Topo’s architecture was
designed to extract the most information from COSMO-1, given the scales represented by this
NWP model. For ERA-5, an adaptation of the architecture to those new scales would probably
lead to better results. Ultimately this would provide with additional data to support decision
makers for constructing wind farms in regions where reliable data are scarce and eventually
suggest future wind sites in terrains where the geography is complex.
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3.6 Conclusion

The availability of high-resolution wind data, including wind speed and direction accounting for
the impact of terrain, enables predictions on wind potentials and supports the development of
wind farms. Without accurate forecasts, accurate planning for wind generation development is
impeded. Leveraging the capabilities of machine learning to provide estimations of local wind
data in complex terrain in India and Nepal could provide opportunities for wind developers to
estimate wind patterns with a reduced data collection cost.

This chapter investigated methods to improve the availability of wind projection and test the
applicability of Wind-Topo in other areas. The motivation was to provide a scientific basis for the
availability of more reliable wind flow estimations. In the first steps, we used the formulation
of Wind-Topo as it is to a domain selected in India. The unsatisfactory results led to re-training
the model with ERA5 in 261 Swiss stations used for calibration and 60 for validation. ERA5
data is used as an alternative to COSMO 1 because of its extensive geographical coverage.
After training the model with ERA5, Wind-Topo is applied in the state of Tamil Nadu in India.
Furthermore, the limited number of stations to evaluate the results pushes for exploring another
domain where altitudes are high and more testing stations are available. The results in Nepal
indicate that wind-flow estimations with Wind-Topo have a lower bias than ERA5 in some
stations but that overall improvements through the application of Wind-Topo are much smaller
than in Switzerland and may even be insufficient for practical application. Wind-Topo is retrained
without the w component and climate variables at the lowest level. The results indicate that
Wind-Topo performs better than ERA5 at almost all stations in Switzerland and during all seasons.
Wind-Topo strongly decreases the MAE at the sheltered sites with high bias values with ERA5.
Wind-Topo also lowers the MAE at sheltered sites. It also improves the estimation of wind
direction estimation for the Swiss exposed and sheltered sites. The model has a higher correlation
coefficient with the measurements than ERA5. The analysis of ERA5 at the Swiss sites indicates
its inability to distinguish between sheltered and exposed sites. In the testing domain in IN-CH,
Wind-Topo improves the estimation at four mountain locations; namely Dang, Surkhet, Pokhara,
and Okhaldhunga. Overall, the MBE at the four locations is reduced by 0.20 m/s, and the
correlation increased by 0.04. However, for the stations located in the plains and lower altitudes,
Wind-Topo overestimates the wind speeds. Other areas with complex topographies and better
measurements like Hong Kong are good candidates for further case studies.

Overall this study adds to the existing literature of studies on wind using machine learning
algorithms. Our investigation reveals that machine learning models trained with wind speed data
from one location can predict wind speeds effectively in other areas. Still, limitations exist in the
geographical scope to offer beneficial results. Furthermore, the analysis of ERA5 in this chapter
reveals its limitation in describing the local weather in the closest way to reality. Future work
shall consider re-tuning of ERA5 data and re-training Wind-Topo with the output.
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This Ph.D. thesis investigates the use of climate information to assess the impacts of climate
change on wind and solar energy production and chooses India as a case study. In Chapter 1,
the latest CORDEX South Asia RCMs were evaluated to estimate the impact of climate change
on future wind resources in the Indian sub-continent. The results indicate increasing annual
wind speed trends in the northwest, the center, and the east of the country under the high climate
warming scenario until the end of the century, with changes occurring more substantially during
the last 30 years. We also find that future perturbations are expected to occur during the pre-
monsoon season throughout the Indian sub-continent and that trends with the highest magnitude
concentrate during the monsoon season. Regions where wind trends showed an increase should
be analyzed further to infer future wind development plans. Our findings on future wind prospects
provide energy developers with an overview of wind sensitivity to climate change.

In Chapter 1, we analyzed differences between climate models, measurements, and wind farm
data. We calculated trends from climate models without correcting the bias because the length
of the measurements available locally was too short to allow their usability. For this reason, we
recommend that energy stakeholders invest in installing meteorological stations to measure wind
resources and ensure the data is adequately stored and made accessible. Data availability in the
future would be beneficial for further climate studies.

A tool to quantify the Spatio-temporal consistency of wind trends based on a structure-function is
suggested and applied to two families of CORDEX RCMs. The function quantitatively measures
and visualizes trends coherence from climate models. We find that WAS-22 is more consistent
than WAS-44. The application of the method to WAS-22 CORDEX and future downscaled CMIP6
GCMs models will allow analyzing the differences in consistency between the trends presented
in the results and the new models when available. Such assessment would enable an evaluation
of the robustness of the climate change signal considering future modeling improvement.

Chapter 2 further evaluates how the uncertainty regarding the overall trend in changing wind
speed and solar radiation due to climate change can be reduced by judiciously combining assets.
For India, we demonstrate that the uncertainty about the portfolio of wind and solar assets could
be reduced by optimizing the combination of wind and solar assets, thus mitigating the economic
impact of climate change. We found a reduction level in uncertainty expressed as return variability
for mixed portfolios ranging from 33% to 50% when compared to pure wind portfolios and
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from 30% to 96% when compared to pure solar assets. The reductions stem from the negative
correlation of wind and solar potential trends, which is stronger in some areas than in others. The
work presented in Chapter 2 contributes to the literature on strategies and actions that can be
pursued to move towards climate-resilient portfolios.

Overall, our efforts contributed to understanding the strengths and limitations of long-term
climate information. We assessed data requirements, timescales, and spatial resolutions to embed
in the portfolio framework to consider the long-term impacts of climate variables. The approach
to estimating the energy yield of wind and solar assets developed in this thesis can be seen as an
attempt to complement existing methods, e.g. deployed by the wind industry, by providing a first
estimate of the long-term impacts of climate change. Energy estimations shall be further refined
with more sophisticated methods.

Future work shall also consider incorporating other technologies in the portfolio exercise with the
inclusion of offshore wind. As rising temperatures are expected in India due to climate change,
another critical aspect of supplementing this thesis would be to compare the performance of
various PV technologies. A more granular definition of solar technologies in such an exercise
could also add value to shaping future climate-proof portfolios by adding diversity and reducing
climate change risk. Future investigations shall also include the analysis of the impact of climate
change on the evolution of haze conditions.

Another application foreseen for portfolio analysis is assessing the level of resilience of power
generation technology options to help determine the energy production mix offering the best
collective resilience to climate change, with full consideration of their geographic context and
supply chains. Such application would allow the analysis of the risk-benefits of energy infras-
tructure investments in specific locations and discovery of larger-scale governance mechanisms
promoting long-term energy security and resilience to a changing climate.

Research efforts were focused on climate information, and the results presented did not cover
the economic aspects of climate change. The question of how climate change uncertainty affects
future investments in wind and solar projects remains open. Such investigations would require the
inclusion of project data inaccessible at the time of the thesis to formulate investment strategies
accounting for climate-induced uncertainties.

The new version of Wind-Topo (Chapter 3) outlines a promising perspective for providing high-
resolution surface wind flow predictions. The results indicate that the model performs better than
ERA5 at almost all stations and during all seasons in Switzerland’s training and testing stations.
The analysis of ERA5 in the Swiss Alps indicates its inability to distinguish between sheltered
and exposed sites because of its current spatial resolution. The new Wind-Topo model decreases
the bias at exposed stations and improves the estimation of wind direction for the Swiss exposed
and sheltered sites. Furthermore, the model shows a higher correlation coefficient with these
measurements than ERA5. When applied to the domain overlapping with Nepal, Wind-Topo
improves the estimation of the wind flow in the mountains. The results obtained at the stations
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in the valleys highlight some limitations of the model as the training on the Swiss topography
produced a wrong behavior. The investigation in (Chapter 3) features a limitation of machine
learning methods applied for downscaling purposes. It shows that while a model can work well
in a specific region, its performance is not guaranteed in other locations. Despite the current
limitations, Chapter 3 provides a scientific basis for the development and the availability of more
reliable and low-cost wind estimations by exploring the use of Wind-Topo in a region where
wind measurements are needed. Suppose more station measurements become available or the
model is re-trained with a re-tuned ERA5. In that case, it could support the development of wind
farms by providing high-resolution wind maps, including wind speed and direction, accounting
for the impact of terrain. Further studies must be completed to assess the application of the new
Wind-Topo version to other areas and investigate ways to overcome the bias linked to ERA5 as a
predictor.

India has been a promising case study because the work conducted in this Ph.D. thesis paves the
way to perform similar research in other South-Asian countries. The possibility to upscale the
findings and transpose this region-specific case study to other locations has yet to be carried out
in future work.

Last but not least, future work shall maintain the efforts dedicated to incorporating climate models
in long-term decision-making and bridge the gap between academia and the industry on climate
information. Throughout this project, the accuracy of climate model predictions has been a
constant challenge. Yet we argue that uncertainty cannot justify inaction.
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A.1 Performance of ERA5 in simulating daily and monthly winds

The values of the statistical metrics of ERA5 and ISD data comparison at the monthly and daily
resolution are presented on Table A.1.

Table A.1: Analysis of the statistical metrics values of ERA5 and ISD at the monthly and daily resolution.
RMSE MAE fBias Pearson R2

Stations Monthly Daily Monthly Daily Monthly Daily Monthly Daily Monthly Daily
Jaisalmer 0.87 2.27 0.34 1.35 1.00 2.25 0.90 0.53 0.81 0.28
PBO Anantapure 1.00 1.52 0.53 1.11 1.37 1.96 0.84 0.59 0.70 0.34
Coimbatore 1.06 1.35 0.33 0.40 0.69 0.68 0.87 0.77 0.76 0.59
Belgaum 2.59 2.68 8.6 12.90 9.55 13.90 0.88 0.56 0.77 0.32
Porbandar 0.84 1.48 0.20 0.39 1.09 1.10 0.77 0.45 0.59 0.20
Rajkot 1.02 1.49 0.28 0.38 0.78 0.92 0.84 0.48 0.71 0.23
Chamarajnagar 0.98 2.16 0.78 1.46 1.61 2.20 0.72 -0.04 0.52 0.00
Bangaluru 1.47 2.10 0.30 0.46 0.77 0.85 0.64 0.27 0.41 0.08
Kolhapur 1.22 1.66 0.48 0.52 0.97 1.11 0.54 0.13 0.29 0.02
Bangalore 1.46 1.88 0.80 1.54 1.69 2.46 0.55 0.16 0.31 0.03
Thanjavur 1.53 1.87 1.50 1.84 2.46 2.79 0.47 3.22 0.22 0.01
Ahmadnagar 2.07 2.48 11.8 3.7 12.8 4.7 0.41 -0.02 0.17 0.00
Madurai 1.17 2.00 1.58 3.22 2.50 4.19 0.06 -0.06 0.00 0.00
Coonoor 0.89 1.33 0.92 1.19 1.77 1.95 0.20 0.00 0.04 0.00
Palakkad 1.33 1.60 1.27 1.72 1.90 2.45 -0.08 -0.03 0.01 0.00
Davanger 2.62 2.68 4.2 4.57 5.13 5.56 0.06 0.06 0.00 0.00
Dharwad 2.63 2.71 4.3 4.60 5.23 5.60 -0.10 0.06 0.01 0.00

A.2 Bias and correlation of CORDEX data with local measurements

The results in other ISD sites (Table A.2) show a similar pattern with correlations averaging 0.36
with ISD measurements and 0.60 with ERA5.

The average correlation between ISD and WAS-22 value are low and close to 0 in Conoor,
Davangere, and Dharwad, suggesting a potential issue in the ISD data. The fraction bias values
found when ERA5 is taken as a reference are smaller than ISD despite values over 2 in 6 sites.
For the bias, when ISD data are compared to WAS-22, we found 8 sites where the values do not
exceed two and range between 1.08 in Bangaluru and 1.91 in Anantapur. Other sites, including
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Table A.2: Summary of the fraction bias (fBias) and Pearson correlation (P.corr) and values of WAS-22
with ISD and ERA5 data.

Reference datasets ISD ERA5
Metrics Sites RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5

fBias

Jaisalmer 1.25 1.37 1.93 2.05
Anantapur 1.91 1.83 1.63 1.53
Coimbatore 1.35 1.26 2.56 2.38
Belgaum 1.39 1.35 2.40 2.13
Porbandar 1.31 1.32 1.21 1.23
Rajkot 1.17 1.15 1.56 1.52
Chamarajnagar 3.26 3.03 2.29 2.03
Bangaluru 1.10 1.08 1.65 1.60
Kolhapur 1.28 1.36 1.80 2.00
Bangalore 2.43 2.36 1.65 1.59
Thanjavur 3.60 3.53 1.69 1.61
Ahmadnagar 17.5 18.2 1.47 1.56
Madurai 3.83 4.96 2.94 3.68
Coonoor 3.97 3.61 2.72 2.36
Palakkad 3.02 2.88 2.47 2.29
Davangere 6.90 6.75 1.73 1.63
Dharwad 6.11 5.94 1.69 1.65
Udhagamandalam 4.19 3.97 2.85 2.56

P.corr

Jaisalmer 0.63 0.65 0.64 0.66
Anantapur 0.52 0.53 0.61 0.63
Coimbatore 0.58 0.62 0.68 0.71
Belgaum 0.58 0.61 0.66 0.70
Porbandar 0.59 0.57 0.62 0.58
Rajkot 0.62 0.62 0.71 0.72
Chamarajnagar 0.37 0.45 0.51 0.63
Bangaluru 0.41 0.43 0.52 0.53
Kolhapur 0.34 0.42 0.68 0.68
Bangalore 0.24 0.29 0.46 0.49
Thanjavur 0.33 0.30 0.38 0.42
Ahmadnagar 0.45 0.45 0.73 0.71
Madurai 0.22 0.23 0.58 0.60
Coonoor 0.06 0.09 0.40 0.48
Palakkad 0.10 0.11 0.44 0.49
Davangere 0.00 0.07 0.53 0.61
Dharwad 0.05 0.09 0.52 0.58
Udhagamandalam 0.13 0.17 0.45 0.49
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Ahmadnagar, Davangere, and Dharwad, are even more problematic, with values between 6 and
18.

A.3 Area-averaged annual trends in four Indian domains

Table A.3: WAS-22 RegCM4 individual models area-averaged mean annual trends and standard deviation
(SD) per sub-domains period 2006 to 2100.

Models RegCM4-MPI RegCM4-NCC RegCM4-MIROC
Scenarios RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5

Regions Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
N-W -0.01 0.01 0.07 0.03 0.00 0.01 0.02 0.01 0.00 0.01 0.09 0.03
T-N 0.00 0.02 -0.04 0.07 -0.03 0.03 -0.05 0.06 -0.02 0.04 -0.05 0.09
Center -0.01 9.20 ×10−3 -0.04 1.76 ×10−2 0.00 9.20 ×10−3 0.02 5.00 ×10−3 0.02 9.60 ×10−3 0.08 2.12 ×10−2

East -0.01 6.10 ×10−3 0.04 2.82 ×10−2 -0.01 8.20 ×10−3 0.02 7.10 ×10−3 -0.01 7.00 ×10−3 0.03 1.48 ×10−2

South 0.00 7.30 ×10−3 0.02 2.83 ×10−2 0.00 8.20 ×10−3 0.02 8.30 ×10−3 0.00 1.25 ×10−2 0.01 4.12 ×10−2

Table A.4: WAS-22 COSMO individual models area-averaged mean annual trends and standard deviation
(SD) per sub-domains period 2006 to 2100.

Models COSMO-MPI COSMO-NCC COSMO-ICHEC
Scenarios RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5 RCP 8.5

Regions Mean SD Mean SD Mean SD Mean SD Mean SD
N-W 0.09 0.03 0.01 0.01 0.04 0.02 -0.01 0.01 -0.01 0.01
T-N 0.00 0.01 0.00 0.01 0.00 0.01 0.00 0.01 0.00 0.00
Center 0.00 0.01 0.01 1.25 ×10−2 0.00 0.01 0.01 9.70 ×10−3 0.00 9.30 ×10−3

East 0.00 5.10 ×10−3 0.01 1.08 ×10−2 -0.01 8.30 ×10−3 0.00 1.02 ×10−2 0.02 3.10 ×10−3

South 0.01 1.22 ×10−2 -0.01 2.92 ×10−2 0.00 1.09 ×10−2 0.01 1.03 ×10−2 0.00 2.41 ×10−2
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A.4 Performance of ERA5 and Wind-Topo at Swiss stations

Table A.5 provides with an overview of wind speeds measurements, ERA5 and Wind-Topo and
their performance for the validation stations in Switzerland.

Table A.5: Overview of wind speeds obtained at the validation stations from the measurements (Velmeas),
ERA5 (VelERA5) and Wind-Topo (VelWT ). The MBE, corr and MAE scores obtained for ERA5 and
Wind-Topo comparison with the calibration stations are also presented.

Velmeas VelERA5 VelWT MBEERA5 MBEWT corrERA5 corrWT MAEERA5 MAEWT

1.94 1.84 1.50 -0.09 -0.43 0.01 0.02 1.47 1.31
4.48 0.82 1.35 -3.67 -3.14 -0.04 -0.01 3.84 3.76
1.95 1.64 1.06 -0.31 -0.89 0.01 0.04 1.51 1.27
2.83 1.72 2.80 -1.11 -0.02 0.79 0.73 1.34 1.19
1.35 1.98 1.21 0.62 -0.14 0.01 0.03 1.11 0.66
4.68 1.54 1.94 -3.14 -2.75 0.01 0.01 3.44 3.39
4.29 0.98 1.80 -3.30 -2.49 -0.01 0.00 3.70 3.66
9.99 1.61 5.35 -8.38 -4.64 0.04 0.00 8.46 6.91
1.75 0.93 3.20 -0.82 1.45 0.12 0.15 1.01 2.00

151.05 1.86 1.48 -149.19 -149.57 -0.03 0.03 150.47 150.22
8.68 0.81 2.97 -7.87 -5.70 -0.02 -0.02 8.03 7.79
69.32 1.75 2.27 -67.57 -67.05 0.03 0.02 68.71 68.83
4.31 1.76 1.68 -2.56 -2.63 0.01 0.01 3.31 3.27
5.52 1.25 5.44 -4.26 -0.08 0.15 0.61 4.33 2.34
59.74 1.36 1.66 -58.39 -58.08 -0.10 -0.13 59.15 59.15
4.58 1.62 1.56 -2.97 -3.02 -0.02 -0.02 3.80 3.57
28.26 0.95 3.90 -27.31 -24.36 0.04 0.12 27.33 25.82
4.79 0.96 3.42 -3.83 -1.37 0.03 0.09 3.86 2.89
2.23 0.80 1.34 -1.43 -0.89 0.09 0.36 1.49 1.27
3.31 1.69 3.01 -1.62 -0.30 0.05 0.05 1.80 1.55
6.51 1.59 1.07 -4.91 -5.43 -0.03 0.03 6.02 5.79
29.69 1.48 2.43 -28.21 -27.26 -0.07 -0.08 28.56 28.67
7.29 0.84 5.93 -6.45 -1.36 0.03 0.09 6.46 4.91
13.54 1.23 1.50 -12.31 -12.04 0.03 0.04 12.98 12.98
3.50 1.43 2.83 -2.07 -0.67 0.05 0.07 2.17 1.66
5.48 0.79 6.04 -4.69 0.55 0.29 0.77 4.70 2.08
3.89 2.16 2.92 -1.73 -0.96 0.06 0.05 2.16 1.96
3.73 1.95 1.50 -1.79 -2.23 -0.02 -0.02 2.80 2.71
4.31 0.88 1.50 -3.43 -2.81 -0.02 -0.01 3.67 3.62
3.29 0.93 2.40 -2.36 -0.89 0.06 0.08 2.43 1.71
59.84 0.93 1.54 -58.91 -58.30 0.00 -0.18 59.31 59.10
14.27 1.16 1.93 -13.11 -12.34 -0.02 -0.03 13.57 13.36
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10.81 1.23 2.26 -9.58 -8.55 -0.03 -0.03 10.10 10.07
5.92 0.71 1.96 -5.22 -3.96 -0.01 -0.01 5.27 4.82
21.83 0.97 7.42 -20.86 -14.40 0.01 0.02 20.93 18.58
2.19 0.95 1.58 -1.23 -0.60 0.05 0.24 1.34 1.02
3.09 1.05 2.93 -2.03 -0.15 -0.01 0.02 2.40 2.30
26.69 1.01 2.63 -25.68 -24.05 0.03 -0.08 26.08 25.47
8.39 1.02 1.31 -7.37 -7.07 0.07 0.00 7.65 7.67
5.52 0.96 1.49 -4.56 -4.04 -0.03 0.00 4.83 4.96
4.77 1.01 1.95 -3.77 -2.82 0.01 0.03 3.88 3.30
44.39 1.56 2.45 -42.84 -41.94 -0.01 -0.05 43.16 42.74
2.77 1.78 2.33 -0.99 -0.44 0.01 0.05 2.08 1.83
8.67 0.98 1.72 -7.69 -6.95 0.02 0.02 8.00 7.93
5.49 0.91 1.54 -4.58 -3.95 -0.01 -0.02 4.80 4.56
3.63 0.95 1.71 -2.68 -1.91 -0.01 0.01 2.85 2.52
4.11 0.99 1.48 -3.11 -2.62 0.04 0.00 3.35 3.52
15.39 0.74 1.80 -14.65 -13.58 0.02 -0.05 14.75 14.36
3.24 1.05 2.99 -2.19 -0.25 0.00 0.05 2.38 2.11
6.81 0.80 1.54 -6.01 -5.27 0.01 -0.01 6.30 6.20
2.23 1.18 1.06 -1.05 -1.17 0.01 0.01 1.47 1.45
30.30 1.00 8.93 -29.30 -21.36 0.02 0.06 29.32 26.50
30.43 1.18 1.91 -29.25 -28.53 -0.02 -0.04 29.89 29.73
3.38 0.86 2.99 -2.52 -0.39 0.41 0.62 2.52 1.25
23.25 0.95 1.95 -22.30 -21.30 -0.04 -0.06 22.54 22.40
4.85 1.81 1.52 -3.03 -3.33 0.06 0.06 3.70 3.71
22.92 1.01 1.75 -21.91 -21.18 -0.02 -0.07 22.34 22.31
3.64 1.57 2.78 -2.07 -0.85 0.03 0.06 2.80 2.54
8.40 1.77 3.01 -6.63 -5.39 0.01 0.04 6.73 6.11
1.51 0.86 0.99 -0.65 -0.52 0.31 0.37 0.93 0.89
3.64 1.09 1.41 -2.55 -2.22 0.04 0.07 2.93 2.76
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