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Abstract

India’s ambitious net-zero climate goals include plans for signi cant increases in wind and solar
photovoltaic (PV) energy generation by 2030. Despite the importance of these two sources in
India’s future energy mix, few studies have estimated the magnitude of interannual generation
variability that results from such expansion. Furthermore, there is little understanding of the
meteorological drivers of wind and solar PV generation on seasonal timescales, nor any docu-

mented attempts to use dynamical seasonal forecasts to predict seasonal generation anomalies.

This thesis explores interannual variability in India’s wind and solar PV generation, focusing on
the summer monsoon season (June, July, August, and September). An atmospheric reanalysis
is used to create synthetic wind and solar PV generation time series for India to study variabil-
ity. And data outputs from a seasonal forecasting system are used to test seasonal generation

predictions for wind and solar PV.

The generation timeseries wind and solar PV were found to be an accurate means of representing
observed generation variability on a range of timescales. Relationships between anomalies in the
multi-decadal generation syntheses and meteorological drivers were investigated. The western
North Paci ¢ Monsoon and Indian summer monsoon circulations were found to be responsible
for the majority of observed interannual variability in wind and solar PV generation in summer,
respectively. Skilful forecasts of summer season wind and solar PV generation at a one-month

lead time are possible using seasonal climate forecasts initialised in May.

The generation syntheses were found to be sensitive to the technology parameterisations of
wind turbines and solar arrays. Additional generation syntheses that used state-of-the-art
turbine and solar array parameterisations appreciably increased the capacity factors of both
technologies when rolled out nationwide. This suggests that less installed capacity is required

to achieve speci ¢ generation outcomes than previously estimated.
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Chapter 1

Introduction

1.1 Motivation

Climate change mitigation e orts rely on signi cant and timely reductions of greenhouse gas
emissions (GHG) from the energy sector (Riahi, Schae er, et al., 2022). The growth of renewable
energy sources within the energy supply mix is a crucial source of mitigation potential (Clarke
et al., 2022). Recent assessments of viable technology pathways toward ambitious climate goals
have highlighted the importance of wind and solar photovoltaic (PV) technologies in achieving

rapid and deep decarbonisation of energy supply (Clarke et al., 2022).

Of the hundreds of technology pathways that keep end-of-century global average temperature
increases to below 2ZC above preindustrial levels, considered as part of the 6th Assessment
Report (AR6) of the Intergovernmental Panel on Climate Change (IPCC), the median value
of global electrical energy supplied by wind and solar PV technologies is 59% in the year 2050
(10th-90th percentile range is 28 to 87%, Clarke et al. (2022). This amount of generation from
wind and solar PV would require an approximate fourteen-fold increase in current generation

levels globally from the two sources (IRENA, 2023a).

Although this level of scale-up is unprecedented, recent trends within the energy sector un-
derscore the favourability of wind and solar PV technologies and their anticipated dominance
within new power installations for the coming decades (Pan et al., 2021). Most notable are the
sustained cost reductions of these two technologies, some 88% and 68% in the past ten years for
utility-scale solar PV and onshore wind (IRENA, 2022), respectively, meaning both technolo-
gies o er cheaper generation than conventional power sources in many regions. Furthermore,
ancillary technologies that support wind and solar PV, namely battery storage technologies and
electri ed end-use technologies (e.g. electric vehicles), have also seen signi cant cost reductions.

Although the rate of recent wind and solar PV installations tracks below the trajectories re-
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quired in ambitions decarbonisation pathways, these two technologies dominate recent growth
in the power sector, registering record deployment in 2023, and are anticipated to account for

95% of renewable capacity additions globally in the coming ve years (IEA, 2023).

Large-scale expansion of weather-dependent wind and solar energy generation presents inte-
gration challenges for existing electricity networks and power markets, as these systems are
primarily designed to accommodate controllable sources of energy, such as natural gas and coal
(Hill et al., 2012). To successfully integrate wind and solar energy sources, their variable and
weather-dependent output must be managed to reliably meet the demand for electrical power
while avoiding curtailment of excess generation and minimising system costs (Sims et al., 2011).
Without successful integration, the cost of transitioning to a low-carbon energy system will

increase, and the rate and extent of change will slow (Clarke et al., 2022).

Numerous technological solutions exist or have been proposed for integrating very high shares
of wind and solar capacity into energy systems (Bistline, 2021), and multiple studies have
demonstrated the technical feasibility of high-share renewable energy systems that use such
technologies (e.g., Hansen et al., 2019). However, much of this work has focussed on managing
variability in generation over short timescales, particularly rapid demand ramps and diurnal
mismatches between energy supply and demand, with substantially fewer studies addressing
prolonged periods of generation surplus and/or de cit (Denholm and Mai, 2019). Furthermore,
existing variability studies are limited in geographical scope (primarily focussed on countries
or regions with historically large shares of wind and/or solar PV capacity) and rarely validate
model-based estimates of generation or correct for known biases in meteorological input data
(e.g., Staell and Pfenninger, 2016). Furthermore, existing works typically consider ad-hoc,
hypothetical modi cations to power systems or future deployment based on an arbitrary scaling
of current capacity and technologies rather than spatially explicit scenarios founded on the
planned development of existing systems, subject to physical constraints and technology trends

(e.g., Jerez et al., 2015; Ryberg et al., 2019).

As the likelihood of prolonged periods of generation surplus and de cit increase at greater levels
of wind and solar deployment, so too does the need to characterise and anticipate variability
in generation on longer timescales. Quantifying long-duration variability in generation, in the
order of weeks to seasons, will inform the strategic design of the power system, such as the

required scale of controllable generation, demand-side response and energy storage (Bistline
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et al., 2021). Additionally, the ability to anticipate variability in generation over these longer
timescales will enable operational measures necessary for ensuring security of supply in the
power system, such as the availability and scheduling of controllable generation and storage

(Troccoli, 2018).

In this thesis, India is chosen as a highly relevant country case study. India became the world's
most populous country in spring of 2023 (UN-DESA, 2023) and is anticipated to become the
third-largest economy by 2030 (IMF, 2020). Such growth could double per capita energy use
in India and drive the largest increase in energy needs of any country globally over the next
decade (IEA, 2022a). Already the third-largest GHG emitter globally (Gstschow et al., 2021),
the rate and scale at which India shifts to low-carbon energy supply will signi cantly a ect the

success of global climate change mitigation goals.

India's ambitious climate goals, namely reaching net-zero emissions by 2070 and meeting half of
its electricity requirements from renewable energy sources by 2030, indicate the political support
for meeting much of the increased energy demand with low-carbon technologies, notably wind
and solar PV technologies. The scale of this ambition for wind and solar, as stated within the
National Electricity Plan of India (NEP), is 121GW of wind and 365GW of solar PV by 2032
(PIB, 2023a). These gures would see wind and solar PV constitute 54% of nationwide power
capacity in 2032, providing 30% of all electrical energy needs. Anticipating how these energy
sources perform within India's monsoonal climate will be of great importance for the national

and global energy transition.

Within this Indian context, existing studies of wind and solar PV generation variability are

lacking in several regards:

1. Alack of long-term observed generation data from wind and solar PV sources and detailed

farm-speci ¢ technical and location data.

2. Limited understanding of meteorological drivers of wind and solar PV generation variabil-
ity in India.
3. No known applications of seasonal climate predictions within a wind or solar PV generation

context in India.

The investigation presented in this thesis o ers original contributions to the academic literature

that address each of the three limitations identi ed above. Firstly, this thesis presents the rst
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known example of a validated synthetic generation timeseries for wind and solar PV generation
in India using an atmospheric reanalysis and a detailed description of existing wind and solar
farms. Previous studies in this eld lack adequate characterisation of existing wind and solar

PV technologies and avoid validation against observed generation to correct for known biases

in meteorological input data (e.g., Deshmukh et al., 2019; Gulagi et al., 2022).

Existing studies o er a degree of insight into wind and solar PV generation variability over a
range of timescales, e.g., high frequency (Palchak et al., 2017), diurnal (Gangopadhyay et al.,
2023), intraseasonal (Dunning et al., 2015), and seasonal cycle (Hunt and Bloom eld, 2023).
However, treatment of interannual variability remains limited. This thesis o ers the rst detailed
characterisation of interannual variability and associated meteorological drivers of wind and

solar PV generation focusing on the Indian summer monsoon season.

Thirdly, despite the long pedigree of seasonal climate forecasting (SCF) in South Asia, with
much attention devoted to Indian summer monsoon rainfall, little work considers SCF appli-
cations to energy generation in India. At the time of writing, just a single article exists in
the academic peer-reviewed literature, which provides a cursory indication of forecast skill in
area-averaged values of energy-relevant variables (Das and Baidya Roy, 2021). This thesis o ers
a considerable extension to existing work by demonstrating the use of generation syntheses for
wind and solar PV in India to calibrate SCFs of relevant predictor variables and yield skilful

generation forecasts.

1.2 Aims and Objectives

The principal aim of this thesis is:

Identify the driver(s) of interannual variability in wind and solar PV generation in
India during the summer monsoon season and test the ability to skilfully forecast
anomalous generation in this season based on the outputs of a dynamical SCF

system.

Several separate objectives underpin the ful Iment of this overarching aim, as set out below

(with corresponding Results Chapter numbers in brackets).

1. Develop a model synthesis of wind and solar PV generation in India that includes geolo-

cated farms and technology characteristics that can be calibrated with observed generation
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data (4).

2. Characterise and quantify the impact of meteorological drivers on wind and solar PV

generation variability in boreal summer (5).

3. Test the predictability of wind and solar PV generation at a one-month lead time based

on an operational SCF system (6).

4. Test the sensitivity of the wind and solar generation synthesis for India to technological

parameterisations and future deployment scenarios (7).

Findings from each of the results Chapters are interlinked, with these links highlighted within
each Results Chapter's summary section. The ful Iment of these four objectives contributes to
the relatively limited literature on the in uence of weather and climate variability on energy
systems in India. Furthermore, the analysis in this thesis provides methodologies, guidance,
and insights relevant to the operational, planning, and strategic requirements of existing and

future electricity systems.

1.3 Thesis structure

The investigation documented in this thesis is laid out as follows:

" Chapter 2 presents a Background Literature review covering the role of wind and solar PV
in global and Indian mitigation e orts, integration challenges of high renewable shares,

and existing energy meteorology work relevant to the Indian case.

Chapter 3 details the Data and Methods used in each of the four results chapters. These
include a description of input datasets and the method used to create a wind and solar
PV generation timeseries for India used in Chapter 4. Next, is a description of the climate

datasets and techniques used to describe meteorological drivers of interannual variability
in the boreal summer season (Chapter 5). The description of relevant data methods for
Chapter 6 covers the SCF system, hindcast dataset, statistical downscaling methods and

veri cation metrics. And nally, a description of future scenario data used in Chapter 7.

Chapter 4 provides an exposition of the generation syntheses performance, key sensitivi-

ties, and the annual and interannual variability pro les.

" Chapter 5 explores meteorological drivers of wind and solar PV generation variability, with
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a particular focus on the boreal summer season (months of July to September inclusive).

~ Chapter 6 tests the performance of various candidate climate predictor variables for gen-
eration anomalies and tests their representation within a SCF system using a range of

veri cation metrics.

Chapter 7 further investigates sensitivities of the generation synthesis in terms of techno-

logical parametrisations and near-term capacity deployment.

Finally, Chapter 8 review the main ndings of the investigation, o ers a critical re ection
on the wider implications for the Indian energy system, and provides suggestions for future

work.



Chapter 2

Background Literature

This review of the current literature begins with a top-down view of climate action and the
implications for energy sector transition, beginning at a global level and then down to the level

of India.

2.1 Global climate action

In December 2015, the Paris Climate Change Agreement was adopted by parties to the United
Nations Framework Convention on Climate Change (UNFCCC) at the 21st Conference of Par-
ties (COP). The main aim of the Paris Agreement is to limit "the increase in the global average
temperature to well below 2C above pre-industrial levels and to pursue e orts to limit the tem-
perature increase to 1.8C above pre-industrial levels" (UNFCCC, 2015). Ultimately, this aim
upholds the overarching objective of the UNFCCC, to "prevent dangerous anthropogenic inter-
ference with the climate system" (UNFCCC, 1992). The climate targets speci ed in the Paris
Agreement result from over two decades of political dialogue, informed by multiple coordinated
syntheses of the scienti ¢ literature. The 2°C warming target gained widespread acceptance at
previous COP sessions in Copenhagen (COP-15) and Cancun (COP-16), becoming recognised

as a ‘guard-rail' to prevent dangerous interference with the climate system (UNFCCC, 2010).

Recent evidence shows that adherence to speci ¢ global warming targets implies a correspond-
ing nite carbon budget (Gillett et al., 2013; Canadell et al., 2021). Although estimates of
how the climate responds to cumulative carbon emissions are subject to uncertainty, the co-
ordinated syntheses of the scienti c literature in the Sixth Assessment Report (AR6) of the
Intergovernmental Panel on Climate Change (IPCC) is unequivocal about the need for a net
zero emissions rate in order to meet a speci ed global warming limit (N.B. net-zero emissions
refers to the situation where anthropogenic carbon dioxide (CQ) emissions are equal to or less

than anthropogenic CO, removals).
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For a given carbon budget, there exist numerous possible annual emission rate trajectories
towards net zero emissions. The necessary socioeconomic and technological changes consistent
with these emission trajectories have been extensively explored by model-based studies, most
notably, the Integrated Assessment Model (IAM) simulations, which contributed to AR5 and
ARG (Clarke et al., 2014), as well as the IPCC Special Report on 1.% (Rogelj et al., 2015;
Van Vuuren et al., 2018). Although other model and non-model-based approaches to de ning
decarbonisation strategies exist, only 1AMs provide the global scope and detailed treatment
of emission categories to provide the necessary information for an assessment of the net global
warming e ect of future transitions (Riahi, Schae er, et al., 2022). As tools for informing climate
policy, IAMs and the "decarbonisation pathways' they produce have gained prominence in recent
years (CarbonBrief, 2015; Van Beek et al., 2020; IPCC, 2022) and have been fundamental in
shaping global climate policy by providing "politically powerful visions of actionable futures"
(Beck and Mahony (2018), p.1). The following section reviews the role of two key technologies

within decarbonisation pathways: wind and solar photovoltaics (PV).

2.2 The role of wind and solar PV technologies

Common features of decarbonisation pathways consistent with an end-of-century global warm-
ing outcome of less than 2C above pre-industrial levels include improved energy e ciency,
electri cation of the energy system, decarbonisation of energy supply and, in numerous cases,
the use of carbon dioxide removal (CDR) technologies (e.g. carbon capture and storage, Lud-
erer et al., 2022). Figure 2.1 shows some of these key features at the global level across 1202
decarbonisation pathways in the Working Group Ill database (Byers et al., 2022) collated as
part of the AR6 (Riahi, Schae er, et al., 2022), and are categorised into eight categories of

end-of-21st century climate response.

Though much diversity exists regarding the exact combination of supply and demand-side tech-
nologies, Figure 2.1a shows how renewable technologies, including wind, solar PV, concentrated
solar, hydropower and biomass with CCS, generally feature signi cantly across low-warming
pathways. The median share of renewables in primary energy reaches 53% by 2050. Speci c to
wind and solar PV technologies, pathways consistent with a global average temperature change

of likely below 2°C generally involve greater amounts of each technology, with the median value

1The 1202 pathways that have su cient emissions species and projection timeframe to be considered for
climate assessment with climate response emulators.
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Figure 2.1. IPCC ARG6 decarbonisation pathway (n=1202) data, where each point represents
a single pathway, coloured by end-of-21st century warming outcome (see inset in panel (a) for
colouring key). Panels a and b show selected results as a function of cumulative CO2 emissions
for the period 2020 to 2100: (a) total primary energy supply from renewable sources (wind,
solar, biomass, hydro, geothermal) as a percentage of total primary energy supply in 2050; and
(b) nal energy from wind and solar PV and a percentage of total nal energy demand in 2050.

of the wind and solar PV share in nal energy at 59% in 2050 (Figure 2.1b).

All levels of generation sourced from wind and solar PV in pathways consistent with global
average temperature change of likely below Z mark a signi cant increase over present-day
levels. The magnitude of these increases for selected countries is shown in Table 2.1, where
recent historical generation from wind and solar PV are compared to equivalent IPCC AR6
pathway data. A factor ve scale-up for wind and factor-ten scale up for solar PV is common
across most countries with already sizable renewables deployment (e.g., United States, China,

and the European Union).

The investigation takes a speci c focus on wind and solar PV technologies and the country
case of India. The following section provides a brief overview of India's national climate policy
development, the domestic wind and solar PV deployment status, and the possible outlooks for

these two technologies.

2.3 The Indian case

India currently has the third-largest annual greenhouse gas (GHG) emissions, after China and

the United States, and is in third place globally for cumulative historical emissions with a
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Wind generation (TWh) Solar PV generation (TWh)
Country 2021 2050 Scale up factor 2021 2050 Scale up factor
China 657 3613 5 328 3028 9
European Union 469 1960 4 170 1301 8
United States 383 2185 6 148 1584 11
India 63 1907 30 66 1855 28
Japan 94 228 24 86 160 2
Brazil 72 320 4 17 135 8
Canada 35 254 7 6 131 22
Mexico 21 188 9 20 174 9
South Korea 3 169 56 23 154 7
South Africa 0.3 157 523 7 97 14
Russia 3 241 80 1 216 216
Indonesia 0.01 112 11200 0.2 307 1535

Table 2.1: Generation from wind and solar PV in 2021 (IRENA, 2023a) for selected countries
and median values for equivalent IPCC AR6 pathway data in end-of-21st century warming
outcomes of 2C and below, by the year 2050.

share estimated at 7-8% (Gudtschow et al., 2021). At COP26, held in Glasgow October 2021,
Prime Minister Narendra Modi announced a package of climate pledges, most notably a net-zero
emissions target by 2070, sourcing 50% of energy from renewable sources by 2030, and a non-
fossil fuel energy capacity of 500 GW by 2030, the majority of which would come from wind and
solar PV (ASPI, 2022). The pledges were reiterated within an updated Nationally Determined
Contribution (NDC) submission at COP27 (MoEFCC, 2022). And in 2023, updated National
Electricity Plan of India (NEP) proposes 121GW (258TWh) of wind and 365GW (658TWh) of
solar PV by 2032 (together 90% of the 500GW target) (PIB, 2023a). The NEP gures mark

a three-fold increase in wind capacity (40.8GW) and six-fold increase in solar PV capacity

(57.7GW) compared to total installed capacity in 2022 (CEA, 2023).

Figure 2.2 compares historical wind and solar PV generation in India and AR6 data for pathways
that achieve end-of-21st-century warming outcomes of Z and below. The NEP targets for 2032
fall in the middle of the range of AR6 pathways for solar PV generation and at approximately
the 25th percentile for wind. Recent rates of increase in generation sourced from wind and solar
require a boost to meet the NEP targets. However, a new Renewables Purchasing Obligation
(RPO) that obliges Indian states to meet a certain percentage of electricity requirements through
speci c renewable sources, and a large tendering schedule for renewable energy projects indicates

that the NEP targets for 2032 will likely be ful lled (PIB, 2023a).

So far, this Chapter has made the case for rapid and deep reductions in GHG emissions, pri-
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Figure 2.2: Historical wind (a) and solar PV (b) generation (dashed lines) for India (IRENA,
2023a)). Future projected generation (grey shaded region) from AR6 decarbonisation pathways
for India that achieve an end of 21st-cenurty warming outcome of less than ZC with greater
than 67% likelihood (i.e., C1-3 pathways, n=338 wind; n=368 solar PV). Shading re ects
percentiles and full range of generation envisaged in AR6 pathways. Indian National Electricity
Plan targets shown as red bars. Indicative gures for corresponding wind and solar PV capacity
shown on secondary y-axis, estimated from median wind/solar PV capacity per unit generation
in 2040 across ARG6 India-only pathways.

marily achieved by transitioning from carbon-intensive energy sources to lower-carbon alterna-
tives. Weather-tied variable renewable energy (VRE) sources are vital amongst these alternative
sources, most notably wind and solar PV technologies. The integration challenges that arise in

high VRE electricity systems are address in the following section.

2.4 Integration challenges of high VRE shares

The following addresses essential aspects of the VRE integration challenge and available tech-
nological solutions. The role of quantifying meteorological generation variability is highlighted
as a key step towards successfully implementing technological solutions. Finally, past studies of
weather variability impacts on the VRE generation are reviewed, focusing on existing research

gaps for the case study of India.
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2.4.1 Electricity system basics

Greater electri cation of the energy system (such as transport and space heating) implies a
central role for electricity networks (Hansen et al., 2019). These networks comprise multiple
generator sources (e.g., a gas- red power plant) connected with numerous demand sinks (e.qg.,
households) using a grid infrastructure. This grid includes high-voltage transmission lines,
transporting large power volumes over long distances. Voltages are then stepped-down from
the transmission to regional and local distribution networks to disseminate power to consumers
and connect smaller-scale, distributed generators (generally, renewable sources of low capacity)
(Bergen, 2009). Electricity networks vary considerably in size, ranging from neighbourhood
micro-grids to continental-scale transmission systems. Most counties operate a national power
network comprising 1?-10* generators and up to several million demand sinks, often with some
degree of interconnection with the national electricity networks of neighbouring countries. All
power networks have a common function of providing dependable and cost-e ective access to
electrical power. As electrical energy services are vital to the economy and livelihoods, the

continual functioning of electricity grids is imperative (Modi et al., 2005).

2.4.2 Impacts of VRE integration

Integrating greater shares of weather-dependent energy generation into existing electricity net-
works and power markets presents multiple challenges, as these systems have primarily been
designed to accommodate controllable sources of energy, such as natural gas and coal (Hill et al.,
2012). The key integration challenges stem from 1) the relative unpredictability of VRE, partic-
ularly wind and solar resources; (2) the limited exibility of most electricity systems to respond

to unanticipated changes in generation; (3) the relatively high cost or limited use of technical
solutions (e.g. expensive energy storage options and limited uptake of smart appliances); and
(4) the requirement for continual balance between electrical energy supply and demand on all

timescales (Dubus et al., 2018).

Modern electricity networks already manage a degree of variability in the demand for electrical
energy and some variation in supply. For example, the demand pro le follows a characteristic
diurnal pattern when aggregated across a region or country: lowest at night, reaching peak levels
during daytime working hours, with reductions on weekends and holidays (Taylor and Buizza,

2003). Demand also tends to track the annual cycle in temperature within temperate regions.
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Most electricity networks manage variability primarily through redundancy, whereby conven-
tional controllable generators are held at various readiness levels, with a generation capacity
greater than the magnitude of variability (responding on timescales of hours to months) (Milli-
gan et al., 2015). Additional options capable of rapidly reducing demand or increasing supply
are also available to balance short-term mismatches between supply and demand (responding

on timescales of milliseconds to hours).

Examples of variation in supply from wind and solar PV are already available within several
national and regional electricity systems which include signi cant shares of one or both tech-
nologies (e.g., Denmark: 60% annual electricity generation, and the United Kingdom: 29%
IEA, 2024). However, few existing energy systems currently make use of wind and solar PV at
the levels required by ambitious mitigation scenarios. Even in regions with high relative shares
of wind and/or solar PV today, the absolute level of capacity is set to increase considerably
should long-term climate strategies be realised. Such levels of VRE will stretch existing re-
sponses to managing electricity supply balance and challenge reliable, cost-e ective operation

of the electricity grid (IEA, 2020).

Greater exibility of the electricity network is, therefore, seen as imperative to manage increased
demand and supply variability in a decarbonised energy system (Strbac et al., 2020). Such exi-
bility will rely on particular technologies, namely energy storage technologies (mainly providing
electrical energy storage), responsive demand (e.g. smart appliances and two-way electric ve-
hicle (dis)charging), and greater levels of interconnection between electricity networks (Bistline
et al., 2021). Despite these various means of managing variable supply of and demand for elec-
trical energy, networks will become ever more weather-tied, with the impacts of meteorological
variability on wind and solar PV generation increasing (Pfenninger et al., 2014). The exact form
and scale of technological solutions and management responses will be guided by understanding
supply-side variability, which could conceivably originate primarily from wind and solar PV
sources in aggressive mitigation pathways. The following section considers existing work that

has characterised wind and solar PV generation variability.
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2.5 Quantifying weather and climate-related variability

2.5.1 Existing energy meteorology work on weather timescales

Numerous studies have considered integration challenges posed by VRE by examining the mag-
nitude and pattern of variability in renewable generation. Many studies consider only the
observed variability in underlying meteorological variables relevant to VRE. The review from
Widkn et al. (2015) and a meta-analysis from Engeland et al. (2017) have both shown how
short-term (hours - 1-day), regional (1-100km) scales make up the majority of work studying
space-time energy variability due to meteorological variables. The literature which uses either
observed or simulated wind and solar PV generation provides a regional focus on short-term,
hour-to-hour uctuations (Sinden (2007), Kiss et al. (2009), Hawkins et al. (2011), Olauson
and Bergkvist (2015), Sta ell and Pfenninger (2016), Elliston et al. (2012), Jurs et al. (2013),
Ueckerdt et al. (2015), Pfenninger and Sta ell (2016), and Fattori et al. (2017); and reviewed
in Ringkj b et al. (2018)), or aggregate wind and solar generation net of electricity demand
(Holttinen, 2005; Holttinen et al., 2011; Joskow, 2011; Huber et al., 2014; Cannon et al., 2015;
Olauson et al., 2016; Santos-Alamillos et al., 2017; Sta ell and Pfenninger, 2018; Shaner et al.,
2018). The emphasis on quantifying variability on short time horizons is, in large part, due to
the imperative for maintaining a real-time balance between electrical energy supply and demand
over the network (Holttinen et al., 2011; Holttinen et al., 2021), and because the majority of op-
erational (e.g., unit commitment) and power market trading decisions occur on these timescales

(Foley et al., 2012; Inman et al., 2013; Okumus and Dinler, 2016).

However, as the likelihood of prolonged periods of generation surplus and/or de cit is expected
to increase at greater levels of wind and solar deployment, so too does the need to quantify vari-
ability in generation on longer timescales. Quantifying variability on longer timescales provides
several insights which can help inform operational and strategic measures necessary for ensuring
security of supply in the power system. First, quantifying the magnitude of variability can help
inform the amount of controllable generation required to maintain adequate power generation
resource or the dimensioning of energy storage systems (IEA, 2022b). Second, estimating the
frequency, duration, and timing of prolonged variations in wind and solar generation, such as
the coincidence of extreme low generation events with periods of heightened demand, indicates

the likelihood of system pressure points. Thirdly, studying the variability of prolonged wind
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and solar PV generation anomalies is relevant to assessing possible complementarity or anti-
phasing between sources (Holttinen et al., 2021). As wind and solar PV installations are often
geographically dispersed, it is also relevant to consider the spatial dependence of variability in
generation to identify the likely coincidence of surplus/de cit generation across a wider region

and the possible e ects of greater interconnection (Mills, 2010).

Variation between years in periods of generation surplus and/or de cit lasting weeks to months
would be particularly challenging for electricity system operation, especially if extending over
wider regions and a ecting more than one VRE source. Energy system modelling attempting
to optimise future energy systems often lacks adequate representation of interannual climate
variability (Hilbers et al, 2019). However, the importance of multi-year wind and solar PV
generation pro les is an increasingly recognised within studies of electricity system resilience
(Bloom eld et al., 2016; Collins et al., 2017; Pfenninger, 2017; Coker et al, 2020). Variability
on this interannual timescale is also relevant to individual wind and solar PV plant owners/-
operators, who contend with uncertainty in this variability in measurement campaigns used to
estimate pro tability and the allowable project debt burden (Carta et al., 2013; Rose and Apt,
2015a).

The following section focuses on work that has quanti ed generation wind and solar PV vari-

ability on interannual timescales.

2.5.2 Existing energy meteorology work on interannual timescales

Existing work concerned with wind and solar PV variability on interannual timescales has con-
sidered observed space-time variability of meteorological variables, such as met mast wind speed
observations (Sinden, 2007; Earl et al., 2013), while others consider space-time variability in
modelled synthetic generation output, often derived from meteorological reanalyses (Sta ell and
Pfenninger, 2016) and mesoscale dynamical models (Hawkins et al., 2011). The development
of long timeseries of synthetic wind and solar PV generation data often yields accurate repro-
duction of high frequency (e.g., hourly and daily) observed generation at the scale of national
power networks and provides su ciently long datasets to quantify characteristic generation
pro les and rare generation events (Kies et al., 2021). For example, Cannon et al. (2015) used
reanalysis data to estimate the frequency of extreme wind power events in a static UK wind

power eet. They nd that the average occurrence of low or high-generation events decreases
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approximately exponentially with increasing event duration and that the extremity of lulls in
summer is more pronounced than in winter. Interannual variability in these extreme events
is pronounced, with di erences between the most and least extreme years exceeding the mean

occurrence of extreme events.

A growing body of literature considers the implications of greater shares of weather-dependent
energy generation at the level of a continental-scale electricity network (Grams et al., 2017,
Santos-Alamillos et al., 2017). Most of these studies seek to quantify how much weather-driven
variation a renewable-powered energy system would experience to assess wind resources' de-
pendability and ability to displace other power sources. These studies complement traditional
energy system modelling studies, which have predominantly considered centralised electricity
production from large conventional generators, often without temporally explicit treatment of
VRE generation variability. Often, these studies also consider residual demand for electricity
energy, so-called demand net of VRE, which exhibits climate-related variability using historic
demand levels (Olauson et al., 2016) and estimated levels of future demand (Sta ell and Pfen-
ninger, 2018). As the smoothing e ect of interconnected wind and solar generation is well
evidenced in the literature (Engeland et al., 2017), several studies have hypothesised wide-
scale interconnection to mitigate variability at various timescales (Archer and Jacobson, 2007,

Kempton et al., 2010; Wohland et al., 2020; Jerez et al., 2023).

In addition to developing and studying generation syntheses, a related grouping of studies seeks
to understand the relationships between underlying climatic drivers of interannual variability
and wind and solar PV generation. Internal modes of slow-paced climate variability, such as
the El Nino Southern Oscillation (Trenberth, 1997), can a ect remote changes in surface-level
meteorological variables relevant to wind and solar PV via teleconnections. How such modes
of internal climate variability impact renewable generation has historically focused on regions
of high installations, such as the well-established in uence of the North Atlantic Oscillation
(NAO) in the Euro-Atlantic sector, particularly the wintertime e ect over Western Europe
(Frarcois, 2016). For example, Brayshaw et al. (2011) evidenced the impact of NAO phase
on wind speeds during an extended winter season at point locations in the United Kingdom.
They demonstrated the potential for a +/-10% change in mean wind power output with a
+/- unit change in NAO index. Ely et al. (2013) studied the impact of the NAO phase on

an interconnected UK-Norway power system, highlighting the considerable impact of the NAO
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state on demand net of wind power output and the concomitant impact on hydropower reserves

in early spring. Using a synthetic time series of wintertime NAO phase and an economic dispatch
model of the Irish power system, Curtis et al. (2016) demonstrated how a di erence of 12% in
wind power generators' revenue could arise as a consequence of contrasting NAO phases. Several
other studies have further investigated the role of NAO in modulating wind power in Europe {

e.g. Frarcois (2016), Commin et al. (2017), and Cradden et al. (2017).

Recognising the impact of NAO phase on storm track location and cloud cover, several studies
have evidenced the covariance of winter surface irradiance and indices of NAO strength, with a
positive correlation found in Southern Europe and vice versa in Northern Europe (Pozo-\Vazquez
et al., 2004; Chiacchio and Wild, 2010; Colantuono et al., 2014). Corresponding e ects on
observed and simulated (Jerez and Trigo, 2013) solar power output itself have subsequently been
quanti ed over the Iberian peninsula, showing a particularly pronounced e ect during a negative
NAO phase, where incoming shortwave solar at the surface is reduced by 10{20%. Similar
behaviour of an opposite sign has been evidenced in a study of wind and solar climatologies in
the UK, with the lower tercile of surface irradiance values corresponding with sea-level pressure

anomalies reminiscent of a positive NAO phase (Bett and Thornton, 2016).

Over North America, Klink (2007) showed that after removing the e ect of the north-south
pressure gradient on hub-height wind speeds, between 6%-15% of the remaining wind speed
variation is attributable to the combined e ect of Arctic Oscillation (AO) and El Nino, impli-
cating these modes as sources of long lead time predictability. Focussing on the Great Lakes
region of North America, Li et al. (2010) identify lower mean wind speeds and more frequent
occurrences of still periods during strong El Nino years in 30 years of meteorological reanalysis
data. ENSO teleconnections to renewable energy generation have been further evidenced over
the North American continent (Hamlington et al., 2015; Yu et al., 2015). Keellings et al. (2015)
nd that cloudier conditions and reduced solar power potential persist over the entire state of
Florida during El Nino, whereas clearer conditions are more likely in the North of the state

during a positive phase of the Atlantic Multidecadal Oscillation (AMO).

Outside of Europe and North America, studies considered the impact of other major atmo-
spheric phenomena on generation from wind and solar technologies are less numerous, although
examples exist for China (Sherman et al., 2017; Yu et al., 2020), Latin America (Henao et al.,

2020; Bianchi et al., 2022), Africa (Fant et al., 2016; Bloom eld et al., 2022), and Oceania (Davy
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and Troccoli, 2012; Poletti and Sta ell, 2021). For example, Changes of up to 10% in mean
austral winter global horizontal solar irradiance (GHI) between opposite phases of ENSO have
been found in Eastern Australia (Davy and Troccoli, 2012). However, enhanced variability in
GHI was found in several Eastern Australia coastal regions during El Nifo, potentially limiting
predictability on a seasonal timescale. The e ect on GHI was non-signi cant outside of austral
winter or in other regions of mainland Australia, indicating a level of predictability derived from

the seasonal cycle alone.

This review of energy meteorology work on weather to interannual timescales shows existing
studies focussed mainly on countries or regions with larger shares of wind and/or solar PV
capacity (notably, Europe and North America). Despite the commonalities amongst existing

works in terms of methods for constructing synthetic wind/solar generation time series and

analytical approaches to linking observed generation anomalies to larger-scale climate drivers,
most works employ a bespoke analytical approach (e.g., composites, clustering, weather-typing,
etc.) and calibration depending on the region and energy source (e.g., bias correction, validation,

etc.). The following section reviews energy meteorology works speci cally focussing on India.

2.6 Existing energy meteorology work in India

As in other regions, existing work focussed on India considering wind and solar generation
variability has emphasised short time horizons. Numerous studies use detailed energy system
models of the Indian electricity system to assess the operational reliability of electricity provi-

sion, consistent with the expanded use of wind and solar PV (Palchak et al., 2017; Rose et al.,
2020; CEA, 2023; Lu et al., 2020; Gulagi et al., 2022; Bhattacharya et al., 2024). These works
evidence key features of a least-cost electricity system, such as optimal generation mix and
energy storage requirements, however the focus is short-term balancing aspects of variability,

employing generation syntheses for representative years.

Resource potential is another energy-meteorology crossover topic frequently found in the liter-
ature focussing on India. Multiple studies have assessed nationwide wind and solar resources
from the point of view of meteorological variables only (e.g., Satyanarayana Gubbala et al.,
2021; Ramachandra et al., 2011). Several studies consider long-term trends in underlying vari-
ables (e.g., Jaswal and Koppar, 2013; Padma Kumari et al., 2007). Work concerned with the

resource potential of wind and solar PV in India has typically estimated the upper limit for
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capacity average or generation. For example, o cial government agency estimates put India's
total wind and solar PV potential at 302GW and 748GW, respectively (MOSPI, 2021). Other
studies have given signi cantly higher estimates which have generally increased over time (for
onshore wind only: 45GW (Hossain and Raghavan, 2021); 1549 GW (Phadke et al., 2012); 4250
GW (Hossain et al., 2011); 2959MW (CSTEP, 2016); 850-3400GW (Deshmukh et al., 2019); for
combined on and o shore wind: 5781GW (Chu and Hawkes, 2020); and for solar PV: 6000GW
(Mahtta et al., 2014); 1300-8900GW (Deshmukh et al., 2019).

Few studies in this resource assessment category quantify spatio-temporal aspects of wind and
solar PV generation variability in India on longer-term time scales. Jain et al. (2021) provide
one of the few examples quantifying the year-round performance of very high share (1000GW+)
wind and solar PV deployments. The study notes signi cant month-long mismatches between
supply and demand for electrical energy could arise, particularly under wind-heavy deployment
scenarios, with a requirement for seasonal-scale storage to cover early winter months with mon-
soon period surplus. Gulagi et al. (2020) claim the rst study with a specic focus on the

e ect of the monsoon system on a fully 100% renewably powered electricity system and show
how reduced solar PV generation during the summer monsoon period can be compensated by
increased wind generation when suitably redistributed via the transmission grid. The advanta-
geous phasing of the annual cycle of wind and solar PV generation in the South of India was
also highlighted by Hunt and Bloom eld (2023), while spatial heterogeneity in the wind diurnal
cycle was shown to o er a source of geographical smoothing over the day by Gangopadhyay

et al. (2023).

Despite the vast literature on the Asian and Indian summer monsoons, few examples linking
generation anomalies with meteorological drivers in India exist in the academic or grey literature.
Within the southwestern summer monsoon season in India, studies of intra-seasonal variability in
wind generation point to the anti-phasing of generation with demand for electricity during active
and break phases (Dunning et al., 2015; Kulkarni et al., 2018). The reduced temperatures and
increased wind speed, which prevail during the active phases of the monsoon, lead to a supply
surplus. In contrast, lower wind speeds during break phases create the conditions for a supply
de cit when cooling demand and agricultural activity increase electricity demand. Focussing on
long-term trends in wind power potential in India, the study from Gao et al. (2018) identi ed

the summer monsoon months as the period of greatest interannual variability in wind generation
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potential. They also identi ed a simple statistical relationship between an index of potential
wind electricity generation for India and di erences in low-pressure regions over peninsular
India and high-pressure regions over the Indian Ocean. However, their work was focused on
reproducing historical declining trends in wind speeds rather than investigating the causes of
anomalous seasons or years. Concerns within the energy sector over anomalous generation years
were heightened in response to the extreme wind drought conditions experienced in the summer
of 2020, where generation through June and July was 24% below climatology (Shekhar et al.,

2021).

This review of energy meteorology work in India highlights the need for further work to quantify
the magnitude and frequency of prolonged periods of anomalous generation resulting from the
existing and future wind and solar eet. The insights provided by such an investigation support
the appraisal of electricity systems compatible with international climate goals. Furthermore, a
statistical description of the impacts of speci ¢ meteorological phenomena on weather-dependent
generation can provide a basis for the statistical downscaling of meteorological forecasts and
potentially aid the targeted improvement of generation forecasts over a range of timescales
(Doblas-Reyes et al., 2013; Torralba et al., 2017b; Clark et al., 2017; Baker et al., 2018; De
Felice et al., 2019).

The following section of this Background chapter builds the case for predictions of energy

generation on seasonal timescales and reviews existing energy meteorology work.

2.7 Basis for seasonal predictions

Seasonal climate forecasts (SCF) span the time period between the deterministic limit of nu-
merical weather prediction ( 10 days) and decadal to multi-decadal climate projections (1-100
years). As such, SCF is described as both an initial condition and boundary condition problem,
where the current state of the climate system and future levels of external forcing contribute
to predictive skill (Doblas-Reyes et al., 2013). Sources of predictability on seasonal timescales
arise from the response of the atmosphere to slow-paced, predictable changes in boundary con-
ditions, including sea surface temperatures (SSTs), sea ice, snow cover, and soil moisture (Wang
et al., 2006), with ENSO providing a major source of predictability for SCF (Cane et al., 1986).
Within the tropical Paci ¢, ENSO results in a signi cant displacement to rainfall patterns and

associated remote e ects through atmospheric teleconnections (Alexander et al., 2002). Be-
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yond the tropical Paci c, SSTs in the Indian and Atlantic Oceans have a major role in regional
climate variability, particularly on tropical monsoonal rain (Goddard et al., 2001). Modes of
climate variability in these basins, such as the Indian Oceanic Dipole, can potentially contribute
to long lead-time predictability with regional impacts on monsoonal ows and remote impacts
on extratropical climate variability (Saji et al., 1999; Zhao and Hendon, 2009). Stratospheric
anomalies are an important source of seasonal predictability in winter and spring outside of
the tropics (Ineson and Scaife, 2009). Changes in radiative forcing originating from GHG and
aerosol concentrations can also impart predictability on seasonal timescales (Doblas-Reyes et

al., 2006).

SCFs can be based on statistical methods, dynamical models or a combination of both ap-
proaches. A range of statistical-empirical approaches have been used to exploit observed de-
pendencies between climate indices and predictands, demonstrating skill in both tropical (Has-
tenrath and Druyan, 1993) and extratropical regions (Wang et al., 2017). Statistical-empirical
approaches are limited by the availability of relevant predictor variables and out-of-sample cli-
mate responses. Nevertheless, these approaches have proved useful in identifying potentially
predictable phenomena and serve as a benchmark for comparison with alternative prediction
methods. Numerical SCF models use atmosphere-ocean or global climate models with pre-
scribed boundary conditions in a dynamically coupled set-up, incorporating observations from

a range of ocean and atmosphere analyses (Doblas-Reyes et al., 2013). Similar to numerical
modelling of weather and climate at other timescales, model error (structural and parameter)
and imperfect knowledge of the initial climate state are the two primary sources of uncertainty in
SCF (Palmer, 2000). Multi-model and perturbed parameter ensemble approaches aim to quan-
tify the rst source of error, whereas initial condition ensemble techniques can help establish

the impact of uncertain initial conditions (Slingo and Palmer, 2011).

Typically, raw model output from a SCF system is post-processed to correct systematic bias
and statistical features that depart from those found in an observational reference period. To
determine the optimum bias correction and to evaluate the performance of SCFs, retrospective
forecasts are typically performed and systematically compared with observations. Numerous
measures are employed to assess various aspects of forecast quality, including the accuracy of the
forecast (error relative to observations), the relative improvement of the forecast over another

prediction (forecast skill, usually relative to climatology) and the mean agreement between the
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frequency of observed events and the probability of those events indicated by the forecast (i.e.
the reliability) (Wilks, 2011). Forecast quality metrics provide a reproducible and objective
means of quantifying aspects of forecast performance across di erent SCF systems (WMO,
2020). The World Meteorological Organisation (WMO) has designated 14 global centres that
produce SCFs, known as the Global Producing Centres for Long-Range Forecasts (GPCs-LRF),
and several centres contribute to operational multi-model seasonal forecasting systems (Bojovic

et al., 2022)

2.8 Seasonal climate forecasting of energy variables

To date, forecasts of near-surface wind speeds and wind power output have predominantly
focussed on immediate and near-term horizons of minutes to days (Marquis et al., 2011; Foley
etal., 2012). This attention on the near-term arises because most operational and power-trading
decisions occur on these timescales. For example, electricity system operators primarily use
forecasts of wind speeds and wind power output 1-72 hours ahead in planning and implementing
the least-cost power generation mix (unit commitment and dispatch) and by power traders

to inform power supply contract trading and hedging activities. Forecasting initiatives on
comparable time scales for similar purposes have been developed for solar irradiance and solar
PV power output, with additional focus on short (sub-hourly to hourly) timescales, primarily

using a wide range of statistical modelling tools (Inman et al., 2013).

Although the utility of long-range meteorological forecasts for the energy sector has long been
recognised (WMO, 1979; Brown Weiss, 1982; Knox et al., 1985), examples of their application
and use have historically been relatively limited (Soares and Dessai, 2015; White et al., 2017).
Use cases appear more numerous as forecast skill was demonstrated beyond the tropics and
into regions with signi cant, weather-dependent energy demand and supply (Livezey, 1990;
Changnon et al., 1995; Garca-Morales and Dubus, 2007; Changnon and Changnon, 2010;
Troccoli, 2010). In recent years, demonstration of forecast skill on subseasonal-to-seasonal
timescales for climate modes active in the Euro-Atlantic sector (Doblas-Reyes et al., 2013;
Scaife et al., 2014; Smith et al., 2016; Dunstone et al., 2016) has further stimulated applications
within the energy sector (Orlov et al., 2020; White et al., 2022).

Lynch et al. (2014) assessed forecast skill in surface wind speeds on sub-seasonal timescales

using the ECMWF 32-day forecast system. The authors demonstrate signi cant predictive skill
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in the ensemble mean of operational forecasts and hindcasts of weekly mean wind speed at lead
times of two weeks ahead, as well as positive skill in probabilistic measures. By exploiting an
observed correlation between air temperature and electricity demand in Italy, De Felice et al.
(2015) demonstrate the use of ECMWF System 4 seasonal forecasts of surface air temperature in
deterministic and probabilistic estimates of regional and national electricity load. Their analysis
shows how forecasts initialised in May provide positive and signi cant skill scores for predictions
of upper/lower tercile exceedance in average electricity demand for June and July. The seasonal
forecast system of the UK Met O ce (GloSea5) was shown by Clark et al. (2017) to provide
accurate deterministic reproduction of the observed relationship between NAO on near-surface
wind speed and temperature over the Euro-Atlantic sector in wintertime. Generally, the use
of monthly mean outputs from SCF systems, either directly correlated with energy variables
(e.g., Thornton et al., 2019; Bett et al., 2022) or in statistical-empirical hybrid predictions (e.qg.,
Ramon et al., 2021; Lled et al., 2022), is more common than the use of native model outputs
(Lledb et al., 2019). Studies of solar PV predictability and forecast skill are less numerous than

for wind (e.g., De Felice et al., 2019).

Despite the focus of SCF applications to the energy sector in Europe (Troccoli, 2018), examples
can also be found in China (e.g., Lockwood et al., 2019) and North America (e.g., Torralba et
al., 2017b). Bett et al. (2017) assess the performance of GloSea5 with a speci ¢ regional focus
on mainland China and the South China Sea. They identify limited predictive skill, with several
region-speci ¢ exceptions: winter wind speeds in the South China Sea, winter solar irradiance
in eastern/southern China, and summer temperatures across the majority of mainland China

(though the skill was due to almost entirely to the observed trend).

The studies mentioned above treat systematic forecast bias by either subtracting a leadtime-
dependent climatology, the seasonal mean climatology, or using direct model correlations with
impact variables. Recognising systematic forecast bias as a key barrier to using surface wind
elds in industry, Torralba et al. (2017b) demonstrate two more sophisticated approaches to
bias correction within seasonal wind speed forecasts. The rst makes an anomaly bias correction
and variance adjustment. In contrast, the second corrects variance such that the probability
of category forecast matches the frequency of historical events { i.e. increasing the forecast
reliability. Further details of the relative merits of di erent approaches to forecast bias correction

are provided in Section 3.4.2.
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2.9 Seasonal climate forecasting in India

Seasonal climate forecasting has a long pedigree in South Asia (Blanford, 1884), with much
attention devoted to Indian Summer Monsoon rainfall (ISMR). Given the importance of ISMR
and its prediction for the region, the following brie y reviews of the wider Asian monsoon and

South Asian regional sub-system.

2.9.1 The South Asian monsoon

The Asian monsoon is the greatest monsoon system globally in terms of spatial extent and
population a ected (Clift and Plumb (2008); pp. vii-ix). It is made up of three sub-systems: the
western North Paci ¢ summer monsoon, the East Asian summer monsoon and the South Asian
Monsoon (Wang et al., 2005). The South Asian Monsoon operates over India and consists of
two parts: the southwest monsoon (or Indian Summer Monsoon), which brings heavy rains from
June to September, and the northeast monsoon, which occurs from late October to December
(Gadgil, 2003). These names refer to the direction of the prevailing winds. The southwest
summer monsoon is responsible for over 80% of the annual rainfall in northern and central
regions of India. In contrast, the northeast winter monsoon mainly contributes rainfall to the

southeastern part of the country (Wang, 2006).

Traditional theories of the Indian Summer Monsoon (ISM) have stressed the importance of the
faster rate of heating during boreal spring over land compared to surrounding tropical oceans,
which forms a large-scale land-sea temperature gradient and drives large-scale wind reversal
(Halley, 1753; Hadley, 1735). Later works describe the ISM as a seasonal migration of the
Inter-Tropical Convergence Zone (ITCZ) that shifts north during boreal summer, following the
region of maximum solar heating (Charney, 1969). The monsoon trough, which establishes over
peninsular India during the southwest monsoon, shares many features of the ITCZ, namely low-
level convergence, cyclonic vorticity above the boundary layer, and organized deep convection

Sikka and Gadgil (1980).

The large-scale circulation of the ISM is characterised by south-westerly surface ow that is
joined upstream with a cross-equatorial low-level ow (and upper-tropospheric cross-equatorial
return ow) (Krishnamurti and Bhalme, 1976). The combined e ect of the East African High-

lands (Slingo et al., 2005) and Coriolis force serve to channel this surface ow across the Arabian
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Sea, forming the Somali or Findlater Jet (Findlater, 1969). These winds transport moisture
evaporated from the warm Indian Ocean to converge on the mountainous Western Ghats region
that spans the west coast of India, where orographic lifting generates substantial rainfall, with
a rain shadow to the east (Gadgil, 2003). Continuing eastwards to the Bay of Bengal, the winds
turn north around the low-pressure monsoon trough (large-scale cyclonic vorticity extending

from BOB to northwest India), in which most monsoon rainfall occurs (Rajeevan et al., 2010).

Rainfall during the ISM is not continuous but instead shows considerable spatial and temporal
variability (Gadgil, 2003). On a synoptic scale, cyclonic low-pressure systems (LPS) dominate
and typically form over the northern Bay of Bengal before travelling inland northwest over In-
dia, lasting 3-7 days (Sikka and Gadgil, 1978). Beyond the synoptic scale variability associated
with individual LPS, longer-lived modes of intra seasonal variability are present within the ISM
(Krishnamurti and Bhalme, 1976; Murakami, 1976; Yasunari, 1979; Sikka and Gadgil, 1980;
Lau and Chan, 1986). These variations exhibit two non-periodic yet distinct time scales in the
range of 10-20 and 30-60 days (Annamalai and Slingo, 2001). The shorter quasi biweekly period
is associated with westward-propagating clusters of synoptic-scale convective systems that orig-
inate over the northwest tropical Paci ¢ and propagate inland over Northern India via the Bay

of Bengal (Hoyos and Webster, 2007). The longer period oscillations have a north{south dipole
structure, are tied to the phase and magnitude of the Madden Julian Oscillation (MJO) (Singh
et al., 2019) and are typically considered as a manifestation of the Tropical Convergence Zone
alternating position between the tropical Indian Ocean and the Indo-Gangetic plain (Gadgil,

2003).

Together, intra seasonal oscillations on the two timescales are considered to represent so-called
active and break phases of the monsoon (although intraseaonal oscillations on other time pe-
riods have been identi ed, active and break phases are typically considered as the superposi-
tion of these modes, with the amplitude of 30{60-day mode dominating (Krishnamurthy and
Shukla, 2007). Active phases typically herald time-clustered monsoon depression activity, re-
duced surface pressure across central India and monsoon trough zone, anomalous cyclonic vor-
ticity, enhanced low-level westerlies and periods of heavy rainfall in eastern and central India
(Krishnamurthy and Shukla, 2000; Rajeevan et al., 2010). Break phases see a southward shift
of the main zone of convective activity, positive surface pressure anomalies over peninsular In-

dia, weakened low-level westerlies, and a dry interval persists over much of peninsular India
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(Blandford, 1886; Ramamurthy, 1969; Lau et al., 2012).

The ISM also exhibits considerable variability on interannual timescales. Although total sum-
mer rainfall for India varies by only+/-10% between years, di erences at the ner scale are
more pronounced, with a coe cient of variation of 35% in the core central region of monsoon
rainfall (Moron et al., 2012). This interannual variability results from internal variability (i.e.

intraseasonal scale oscillations) and external forcings with a time period greater than the ISM.

Of the external forcings that contribute to interannual variability in the ISM, tropical Pacic
Ocean SST anomalies associated with the ElI Nino Southern Oscillation (ENSO) dominate,
accounting for around one-third of interannual variability in ISM rainfall totals (Kulkarni et al.,
2021). ENSO describes an internal mode of variability in the tropical Paci ¢ that couples ocean
and atmosphere and produces remote impacts on weather across the globe (Shukla, 1987).
ENSO includes the El Nino warming phase, with positive SST anomalies in the central and
eastern tropical Paci ¢, and the opposite sign La Nifna cooling phase. ENSO phases exhibit a
semi-regular time period between 2 to 7 years, and each ENSO event usually persists for 9 to 12

months, with peak SST anomalies typically arising in boreal winter (McPhaden et al., 2006).

ENSO phases and associated SST anomalies bring about the so-called Southern Oscillation, a
large-scale alternation in surface pressure between the Paci ¢ and Indian Ocean basins (Bjerk-
nes, 1969; Rasmusson and Carpenter, 1982). ENSO SST anomalies can a ect the zonal overturn-
ing circulation in the Indo-Paci c region, i.e. the Walker circulation, with the usual ascending
(descending) branch over the western (eastern) Paci ¢ Ocean shifting eastward (westward) dur-
ing El Nino (La Nina) (Walker and Bliss, 1932; Sikka, 1980). The anomalous subsidence over
the South Asian region that results from this displacement during El Nifo conditions tends to
suppress convention, while enhanced convection is favoured during La Nina (Webster et al,1998).
These changes in the monsoon circulation often materialise as a decrease (increase) in ISMR El
Nifno (La Nina) (Pant and Parthasarathy, 1981; Rasmusson and Carpenter, 1983; Mooley and
Parthasarathy, 1983). Aside from in uencing the ISMR via changes to large-scale circulation
over the Indo-western Paci c, ENSO modulates the ISMR via various indirect physical pro-
cesses, including impacts on the meridional temperature gradient over South Asia (Yang and
Lau, 1998; Goswami and Xavier, 2005), the India ocean sea surface temperatures and moisture

content of the atmosphere over the region (Ashok et al., 2004; Wu and Kirtman, 2004).

Aside from ENSO, a second major driver of interannual variability in ISMR is the Indian Ocean
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Dipole (I0OD), which describes the east-west gradient in SST within the equatorial Indian Ocean
(Saji et al., 1999). The positive phase of IOD coincides with positive (negative) SST anomalies
in the west (southeast) Indian Ocean and is associated with increased (decreased) IMSR over
central (central and eastern) India (Ashok et al., 2001). Additional remote drivers of ISMR
include springtime snow depth in the Himalayan mountains (Hahn and Shukla, 1976), aerosols
(Ramanathan et al., 2005) and North Atlantic Ocean seas surface temperature anomalies (Pai
and Rajeevan, 2006). Although ENSO and IOD remain the most in uential sources of pre-

dictability on seasonal timescales (Johnson et al., 2017).

2.9.2 Seasonal forecast skill in India

Early ISMR predictions relied entirely on statistical models (e.g., Walker and Bliss, 1932; Ra-
jeevan and Francis, 2007), but progressive improvements to general circulation models (GCMs),
notably coupled atmosphere{ocean schemes, led to improvements in dynamical seasonal fore-
casting systems (Charney and Shukla, 1981; Webster et al., 1998; Preethi et al., 2010; Saha
et al., 2014; Jain et al., 2019). Current operational seasonal forecasting systems demonstrate
varying levels of deterministic skill in IMSR predictions, generally with an r value for seasonal
mean rainfall of 0.35-0.60, though assessments are sensitive to the hindcast period considered
and observational reference dataset (Rajeevan et al., 2012a; Jain et al., 2023; Chevuturi et al.,
2021). Common amongst forecast systems is limited grid-scale forecast skill, which improves
when considering areal averages spanning the Indian subcontinent, albeit with wet bias a com-
mon issue (Jain et al., 2019). Few models attain skill levels approaching potential predictability,
which is typically estimated with an upper limit of 0.7-0.8 (Krishna Kumar et al., 2005; Saha

et al., 2019).

The Indian Meteorological Department (IMD) currently issues seasonal rainfall forecasts oper-
ationally using a version of the Climate Forecast System version 2 (CFSv2) (Saha et al., 2014)
with several ISM-speci ¢ parameterisations. A recently upgraded version of the IMD system
that includes a higher resolution atmospheric module achieves the highest reported determinis-
tic forecast skill of ISMR from a dynamical model (0.63-0.72, depending on the rainfall dataset
used for veri cation, Jain et al. (2023)). Despite the improvements in ISM prediction, almost
no examples of SCF applications to energy generation in India exist within the peer-reviewed
or grey literature. Only a single study from Das and Baidya Roy (2021) provides any insight

into the seasonal forecast skill of energy-relevant variables. They assess area-averages of four
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energy-relevant variables across six operational forecasting models and nd generally modest
skill, with ECMWF System 5 performing best for all variables. India's current National Cli-
mate Research Agenda identi es improved forecasting capabilities and climate services for the
renewables sector as key development priorities (PIB, 2023b). Although more than a dozen
Renewable Energy Management Centres currently operate within national and regional load
dispatch centres, forecasting capabilities only include near-term horizons out to one week (Joshi

and Inskeep, 2023)

2.10 Chapter summary

This Chapter has reviewed the role of wind and solar PV technologies in global and Indian
energy transition plans, noted the integration challenges that arise with high shares of weather-
tied generation, and has covered the role of quantifying and anticipating generation variability

in the operational and strategic management of electricity systems. A focus on interannual
generation variability and prediction on seasonal timescales within India has highlighted several

research gaps:

1. Limited analysis of observed wind and solar PV generation variability (i.e., analysis of
historical data) in India, likely due to limited data records on generation and existing

renewables eet.

2. Existing examples of synthetic wind and solar PV generation in India (e.g., Palchak et al.,
2017; Gao et al., 2018; Deshmukh et al., 2019) lack one or more of the following: (1)
a detailed description of existing farms in terms of location, turbine/array model, and
commissioning date; (2) veri cation against observed historical generation records; (3)
calibration/bias correction against observed historical generation records; and (4) multi-

decadal meteorological input data.

3. No known examples of studies linking meteorological drivers to seasonal wind or solar PV

generation anomalies in India.
4. No known studies demonstrating seasonal forecast skill of generation in India.

5. Most work considering future renewables deployment in India considers ad-hoc, hypothet-
ical modi cations to power systems, future deployment based on an arbitrary scaling of

current capacity, or generic region-wide synthesis datasets, rarely founded on either the
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planned development of existing systems or physical constraints (e.g., Ryberg et al., 2019;

Jerez et al., 2015).

The objectives of this thesis, as set out in the previous chapter, seek to address these existing
research gaps. The methods and data sources used to undertake the investigation are laid out

in the following chapter.
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Chapter 3

Data and Methods

3.1 Overview

The set of methods and supporting data that accompany each of the four results chapters are

detailed in the following sections.

Section 3.2 summarises the methodological approach for the rst results chapter (Chapter 4),
which includes creating a database of all wind and solar PV farms in India, estimating generation
from these installations for the years 2017 to 2021 using meteorological reanalysis data and

subsequently calibrating against daily generation records for state and regional groupings.

Section 3.3 summarises the methodological approach for the second results chapter (Chapter
5) and details the various observational datasets and associated climate indices used to assess
candidate drivers of interannual variability in wind and solar PV generation syntheses for the

JJAS season.

Section 3.4 summarises the methodological approach for the third results chapter (Chapter
6) and includes details of the seasonal forecasting system used to derive wind and solar PV
generation forecasts for JJAS and specics on the hindcast set, calibration and veri cation

techniques used.

Section 3.5 summarises the methodological approach for the fourth results chapter (Chapter
7), speci cally two scenarios for near-term capacity and technology development for wind in

India.

3.2 Data and Methods: First Results Chapter

The following details the methodology to produce synthetic wind and solar PV generation

timeseries for present-day installations in India, and comprises the following processing steps:
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1. Populate a geospatial database of wind farm and solar PV installations in India with avail-
able technical data (turbine model and hub height in the case of wind) and commissioning

dates.

2. Transform surface winds speeds into estimates of wind generation for existing wind farms

using a modi ed wind farm power curve.

3. Transform irradiance and temperature elds into estimates of solar PV generation for

existing solar farms.

4. Construct a time series of wind and solar PV generation for the years 2017 to 2020,

aggregated for selected states and regions in India.

5. Validate generation synthesis based on observed historical generation and determine suit-

able bias correction method.

6. Construct a time series of wind and solar PV generation for selected states and regional

aggregates in India using the entire span of the reanalysis dataset (1979 to 2021).

The following sections describe each of these processing stages in detail.

3.2.1 Installation locations and technical characteristics

Spatially explicit synthesis of wind and solar PV generation is limited by the availability of
suitable geo-referenced datasets with su cient farm-level technical data (e.g. turbine model for
wind or array tilt for solar PV). This lack of suitable data represents a recognised impediment to
studies of renewable energy generation (Pfenninger et al., 2017). Few renewable energy datasets
maintained by national governments contain complete information on installation location and
technical characteristics. Several industry organisations and market intelligence rms maintain
similar databases. However, these are typically cost-prohibitive for researchers (e.g., the “Glob-
alData'! product from market intelligence rm Energy Monitor) or lack su cient detail (e.g.

the wind farm database from market intelligence rm “thewindpower.net'? is often used in re-
search initiatives of wind generation but lacks information on location, commissioning date and
turbine speci cations for over 90% of total wind capacity in India). Several academic exercises
have sought to compile complete global inventories of wind and/or solar PV generator locations

using automated compilation techniques (e.g., Dunnett et al., 2020) or satellite imagery (e.g.,

1GlobalData: www.energymonitor.ai/companies/globaldata-energy
2thewindpower.net: www.thewindpower.net
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Zhang et al., 2021). However, such datasets are again insu cient in technical detail or coverage

for India (location and estimated capacity data only).

3.2.2 Compiling data for existing wind farms

A comprehensive dataset of existing installed capacity for wind in India was compiled by com-
bining previously disconnected national government and industry datasets. Speci cally, the
Central Electricity Agency (CEA) of India maintains a list of all wind installations nationally,
broken down by the project investor name and installation location, with additional information
on the commissioning date (CEA, 2022). The Geospatial Energy Map of India, produced by
the National Institution for Transforming India (NITI Aayog), provides location data for wind
installations nationally, down to the level of the nearest village settlement to the installation
(NITI Aayog, 2022). The NITI Aayog dataset also provides the investor name per installation,
thus providing a common attribute to join with the CEA dataset. Finally, the speci c turbine
model used at each installation was obtained from the Indian market intelligence rm Consol-
idated Energy Consultants Limited (CECL) via their annual Directory of Indian Windpower

publication (CECL, 2020; CECL, 2022).

The compiled wind database was cross-referenced against independent (yet incomplete) datasets
of wind installations in India to gain con dence in the data compilation process. Many early
renewable energy projects in India were commissioned under the Clean Development Mech-
anism (CDM) scheme. So, full project details can be found within the Institute for Global
Environmental Strategies (IGES) CDM database (IGES, 2022). Where the project name in the
IGES CDM database included the investor name, a match could be made with the compiled
wind database, and the project details (location, commissioning date, turbine model in the
case of wind) cross-checked. Additionally, the independent research and advocacy organisation
Global Energy Monitor® maintains global inventories of wind installation locations. Although
only a small number of geolocated entries exist for India ( 6% of capacity in 2021 accurately
geolocated), further cross-referencing of the compiled wind database was possible. Finally, the
wind farm database from market intelligence rm “thewindpower.net' provides project details
(location, commissioning date, turbine model in the case of wind) for approximately 10% of
wind capacity in India, providing a further source cross-referencing. In all cases, the com-

piled wind database provides an advancement on existing sources in terms of detailed project

3Global Energy Monitor wind tracker: https://globalenergymonitor.org/projects/global-wind-power-tracker/
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data (proximate geographical location, commissioning date, and turbine model in the case of
wind). Commissioning dates were not available pre-2016 for the Indian states of Gujarat and
Tamil Nadu, and so dates were gap- lled with available information from the above sources and

estimates based on CECL (2020) and CECL (2022).

3.2.3 Compiling data for existing solar PV installations

The same method used to compile the wind data is also applicable for solar PV, namely the
reconciliation of CEA and NITI Aayog sources. However, the coverage of installed capacity is
less than 50% of the cumulative total in 2021 for solar PV in the CEA source. No additional
data sources on solar PV in India were found to complement information on either installed
capacity, commissioning date, or location. As such, the pre-existing dataset of utility-scale solar
installations maintained by Global Energy Monitor # was used. This dataset covers virtually all
utility-scale capacity and includes proximate geographical locations. The main drawback of
this dataset is the commissioning date information, which is at annual resolution only. Some
inaccuracies in the solar PV generation synthesis will arise due to the misalignment of observed
and synthesised generation, which are caused by the uncertainty over the exact date solar
farms were installed. However, most solar PV farms have historically been installed in the
rst three months of the year, possibly re ecting easier working conditions outside the summer
monsoon season or a rush to nalise projects before the nancial year-end. (March 31st).
Setting commissioning dates in the GEM database for solar PV to January 1st for the available
information on the commissioning year is considered a reasonable approximation given the

available data.

A second drawback of the chosen solar PV dataset is a lack of rooftop solar PV coverage.
However, rooftop solar PV (installations less than 1MW capacity) represented 10.9% of total
solar PV capacity in India in 2021 (Bridgetolndia, 2022), and respective generation is not
monitored centrally, preventing any validation of generation estimates made for rooftop solar

PV. Therefore, the exclusion of rooftop solar in this analysis is a reasonable omission.

Modelling generation from the utility-scale solar PV segment considered in the investigation
requires several assumptions over technical characteristics. Firstly, the parameterisation of

module conversion e ciency (explained in the following section) is set equal to present-day

“Global Energy Monitor solar tracker: https://globalenergymonitor.org/projects/global-solar-power-tracker/
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values of multi-crystalline silicon wafer-based cells. Although various photovoltaic cell tech-
nologies exist, crystalline silicon wafer-based cells have dominated in recent years and made up
95% of the global market share in 2021 (VDMA, 2022). The recent deployment of solar PV
has favoured the relatively higher e ciency of mono-crystalline silicon wafer-based cell designs
(84% of the global market in 2021) over the previously prevalent multi-crystalline silicon designs
(VDMA, 2022). However, due to domestic manufacturing constraints, the Indian solar market

has favoured multi-crystalline silicon designs (TERI, 2019; IEEFA, 2021).

Second, ubiquitous xed tilt designs are assumed across India in the analysis presented in this
thesis, with xed equatorward orientation. Globally, the utility-scale segment of the solar PV
market has been dominated by single-axis tracking designs in recent years (VDMA, 2022).
However, due to a combination of the domestic market and local siting factors, utility-scale
solar PV installations in India have made almost exclusive use of xed-angle designs (TATA,
2017). Industry reports suggest that only xed-angle designs were used before the year 2017 and
have since struggled to gain a foothold in the domestic market, representing a minor share of
installations since (Bridge to India, 2018). India's leading solar tracker supplier reported that the
share of tracking designs in cumulative utility-scale solar PV in 2022 was 13% (Arctech, 2022).
In the absence of project-speci ¢ details on the use/non-use of tracking designs, the simplifying
assumption of ubiquitous xed tilt designs with array tilt and orientation is considered adequate

(a later section provides further details on the solar module parameterisation).

The resulting database of wind and solar farms is named the Indian Wind and Solar Database
(IWSD) in the following sections. Table 3.1 shows the column headers for the IWSD that are
common to both wind and solar PV. For wind, the turbine hub height was taken from the average
value per turbine model, referring to the turbine model dataset from “thewindpower.net’. The
installed capacity in Mega Watts (MW) refers to the direct current (DC) rating of the wind and
solar PV generators before any modi cation by an electrical inverter (i.e., following conventional
capacity reporting standards (IEA, 2021)). Figure 3.1 shows the locations of wind and solar

PV installatons contained in the IWSD.
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Headers Wind Solar PV

village X
district X
state X
installed_capacity.mw X
latitude X
longitude X
X
X
X
X
X

X X X X X

commissioningdate
number_of_turbines
turbine _power.mw
turbine _model
turbine _manufacturer

Table 3.1: Column headers for the IWSD common for wind and solar PV technologies

Figure 3.1. (a) Wind farm locations (blue points) in the compiled Indian wind farm dataset,
with shading representing 100m mean wind speeds (using data from the Global Wind Atlas
developed by the Danish Technical University (DTU-GWA) described in Section 3.2.11). (b)
solar PV farm locations (blue points) from GEM, with shading representing mean daily GHI
(using data from the Global Solar Atlas (GSA) product described in Section 3.2.11).

Having described the underlying data and assumptions for the Indian Wind and Solar Database
(IWSD), the following sections detail the meteorological data fused to produce the generation

syntheses.

3.2.4 Reanalysis Data

The temporal and spatial consistency, global coverage, multi-decadal length, and public avail-
ability of atmospheric reanalysis datasets make them well-suited to regional-scale analysis of

weather-dependent energy resources (Rose and Apt, 2015b; Frank et al., 2018). Despite known
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biases and uncertainties within reanalysis datasets (Decker et al., 2012; Zhang et al., 2016),
the data have been employed in studies of global, national and site-speci ¢ wind and solar PV
generation (Lu et al., 2009; Hoogwijk, 2004; Jurs et al., 2013; Drew et al., 2015), as well as
applications within industry, most frequently for calibration of local wind resources (Olauson

et al., 2017; Davidson and Millstein, 2022).

Reanalysis describes the process of assimilating various observational measurements of the cli-
mate state into a model scheme to provide a dynamically consistent approximation of meteoro-
logical variables (Trenberth et al., 2008). Modern reanalysis data products use high-resolution
global climate model systems, thus providing meteorological information at all locations glob-
ally, at regular time intervals, with a standardised gridded data format. Here, the primary
data source for atmospheric variables used in the synthesis of wind and solar PV generation
is the fth-generation reanalysis product produced by the European Centre for Medium-Range
Weather Forecasts (ECMWEF). ERAS data is publicly available via the C3S Climate Data Store
(CDS) (Buontempo et al., 2022). The model core of the ERA5 reanalysis is a variant of the
ECMWF operational medium-range forecasting system (Integrated Forecasting System (IFS)
Cycle 41r2), which incorporates several enhancements in model parameterisations (e.g. con-
vection and microphysics), as well as the data assimilation method. Furthermore, this latest
reanalysis has a signi cant increase in the horizontal resolution over the ERA-Interim reanalysis
that ERAS supersedes (025 0:25  31km at the equator compared to 80km for ERA-Interim)
and over twice the number of model levels in the vertical (137 versus 60) (Hersbach et al., 2020)).
ERAGS also provides more output elds (including the 100m wind variable) at hourly frequency,
extending back to the year 1940 rather than the 6-hourly frequency in ERA-Interim, back to
1979.

ERAS assimilates synoptic observations at an average rate of approximately 0.75 million per
day in 1979, increasing to an average of 24 million per day by the end of 2018, with satellite
radiance measurements as the main data sources throughout the reanalysis period (ECMWF,
2019). Observational data inputs to the pre-satellite era of the ERA5 data product (i.e., the
period 1950-1979, recently extended back to 1940 in 2023) are far less numerous, averaging
approximately 53,000 observational inputs per day, sourced from conventional surface and upper
air instruments only (Bell et al., 2021). This lack of observational data inputs in the early

period of the ERA5 reanalysis leads to greater uncertainty and lower accuracy in the model
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representation of the climate. For this reason, this investigation mainly focuses on the post-1979

period.

The analysis presented in this thesis makes use of a selection of meteorological variables from

the ERAS reanalysis product, which are further described in the following sections.

3.2.5 Wind speed data

ERA5 was selected as the source of hourly wind speed data in this study as the product has
proved better able to represent observed surface wind speeds compared to other operational
reanalyses (Cionni et al., 2017; Gualtieri, 2022) and has also outperformed the MERRA2 re-
analysis in a simulation of national wind power generation (Olauson, 2018). Generally, the
ERAS representation of surface wind speeds has performed well in various geographies (e.g,
Molina et al. (2021); Belmonte Rivas and Sto elen (2019); Ho mann et al. (2019)). In the
case of wind, higher-resolution reanalysis products may o er a more accurate representation of
surface wind speeds. Two candidate products are ERA5-Land or the IMDAA reanalysis (Rani
et al.,, 2021), although both products lack the 100m wind speed variable and would depend

more on accurate vertical extrapolation of surface wind.

Specic to India, daily mean ERA-Interim surface wind speeds have been evaluated against
automated weather stations maintained by the Indian Space Research Organisation (ISRO)
and wind farm met mast data maintained by the National Institute of Wind Energy (NIWE),
generally showing high agreement (r values>0.8) and modest positive bias (ERA-Interim
+10% (Satyanarayana et al., 2019; Satyanarayana Gubbala et al., 2021). The ISRO and NIWE
wind speed data are not publicly available, preventing a similar comparison with ERA5 values
in this thesis. However, replicating the assessment with ERA5 daily mean 10m winds against
observed equivalents from the publicly accessible Global Surface Summary of the Day (GSOD)
data provided by the US National Centres for Environmental Information (NCEI) shows similar
levels of agreement to the studies using ERA-Interim. Figure 3.2 summarises the generally high
agreement between ERA5 and the observed 10m wind speed data from 106 met stations with
more than ve years of data records (r values generally>0.8). However, compared to the bias
values reported in the studies of ERA-Interim, both positive and negative biases of greater

magnitude are found in this ERA5 comparison (median bias ratio on 1.06, 25th/75th quantiles

5GSOD access: https://www.ncei.noaa.gov/metadata/geoportal/rest/metadata/item/gov.noaa.ncdc:C00516/html
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0.72 and 1.49, respectively).

Without quality-controlled wind speed observations (like the ISRO and NIWE sources), it is

di cult to ascertain whether the variable and often large bias seen in Figure 3.2 is a genuine
feature of ERAS5 or an outcome of the GSOD observed wind speeds. The expectation is that the
generally poor quality of the GSOD data over India is the source of the discrepancy. Indeed,
most GSOD data over India was discarded in the comparison, with 354 station records discarded
due to sporadic or incomplete data records. Poor data completeness has been identi ed in
other studies of the GSOD dataset, with additional data artefacts causing spurious wind speed
trends over the past decade (Dunn et al., 2022). Furthermore, a recent study of surface wind
speeds recorded by met stations maintained by the Indian Meteorological Department over India
noted that the standard measurement height of 10m was not consistent across all stations,
possibly resulting in mean biases due to vertical wind shear (Satyanarayana Gubbala et al.,
2021). Ultimately, this comparison between reanalysis and available observed wind speed data
underlines the caveat that must accompany the use of modelled data: that locally variable
parameters (i.e., wind speed) are only approximated at a coarse scale, subject to assimilated

observed values.

Figure 3.2: Correlation between daily mean 10m wind speed data from 106 met stations (ISD-
NOAA) and equivalent ERA5 windspeeds for nearest grid cell (a). Bias ratio between daily
wind speed from station data and ERA5 wind speeds (i.e., ratio of station data and ERA5
value) for nearest grid cell (b).

As the wind speed data available in ERAS is only available at certain xed heights that do
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not necessarily correspond with a particular turbine hub height, vertical interpolation or ex-
trapolation of wind speeds is necessary. The simpli ed Power-law model of vertical wind shear
(v2 = v1(h=100 )) is used as a means of vertical interpolation/extrapolation of ERA5 100m
wind speeds,vi, to wind speeds,v,, at a certain hub height, h (Schallenberg-Rodriguez, 2013).
The parameter was de ned empirically per grid cell using hourly 10m and 100m wind speed
data and then averaged over the hour-of-the-day (n=24) and month-of-the-year (n=12) to cre-
ate 288 (n=12x24) unique values per grid cell. This scale parameter value can then be used
to determine the wind speed at the hub height of a turbine at the nearest neighbouring ERA5

grid cell of the farm for the corresponding hour of day and month of the year.

Figure 3.3 shows the pro le of this variable value by averaging across all wind farms. A strong
diurnal cycle is apparent, with peak values in the afternoon and evening hours. As vertical wind
shear is strongly related to the thermal strati cation of the boundary layer, warmer ambient
air temperatures and a warmer surface promote unstable conditions and reduce vertical wind
shear (and alpha exponent value) through enhanced turbulent mixing (Mahrt, 1999). The
greater diurnal temperature range outside of summer months leads to a greater range in alpha
exponent values. While in the period May-September, increased cloud cover acts to cool the

land surface and likely contributes to higher alpha values in the midday minima.

Figure 3.3: Empirically de ned values for the scale parameter by hour of and month of year,
averaged over all Indian wind farms.

Alternative simple parameterizations of vertical wind shear within the boundary layer are found

within the scienti c literature, notably, the “log-law' relationship derived from Monin{Obukhov
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similarity theory, with either simpli ed assumptions of neutral atmospheric strati cation or
elaborated versions with a variable wind shear parameter to account for nonneutral conditions
(Emeis, 2018). Such a parameterization may be more suitable for reanalyses or observations
where only a surface 10m variable is available. However, the availability of the 100m wind
speed parameter in ERA5 obviates the need for the log-law approach, with its requirement for
further assumptions over surface roughness and atmospheric stability. Although the power law
only o ers a simpli ed description of boundary layer structure and an approximation of vertical
wind shear, it is judged adequate given the available data and application (i.e., state-aggregated

wind).

3.2.6 Irradiance and temperature data

The parameterisation of solar PV module performance (described in the following section) re-
quires data inputs of direct and di use irradiance components. The accumulated parameter
“surface solar radiation downwards' (SSRD) [J/m2/s] in the ERAS reanalysis was used to rep-
resent surface irradiance (i.e., the radiant ux) on a horizontal plane (ECMWF, 2015). In other
works, SSRD is also termed global horizontal irradiance (GHI) and is the sum of direct and dif-
fuse irradiance components. The accumulated parameter “direct solar radiation at the surface'
(FDIR { acronym in ERAS signifying “forward', i.e., downward direction of ux) [J/m2/s] in

the ERAS reanalysis was used to represent the direct irradiance component. The di use com-
ponent is taken as SSRD minus FDIR. Dividing ERA5 irradiance values by 3600 (i.e., seconds
per hour) provides hourly mean surface irradiance values in Watts per square metre (W/m2).
ERAS5 was selected as the source of GHI values in this study as the product has been shown to
outperform other operational reanalyses when validated against ground observations (Urraca
et al., 2018; He et al., 2021) and has also been shown to outperform the MERRAZ2 reanalysis

in a simulation of national solar power generation (Camargo and Schmidt, 2020).

3.2.7 Energy conversion process

The use of reanalysis data in the estimation of wind and solar generation has a heritage in
the scienti ¢ literature (see Background Literature Section 2.5), and the analysis presented
here brings together key methodological developments from the literature for synthesising wind
(Sta ell and Pfenninger, 2016; Gonzalez-Aparicio et al., 2017) and solar PV generation uri

et al., 2007; Pfenninger and Sta ell, 2016). The exact methods for transforming reanalysis data
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into generation estimates for wind and solar PV are described in the following sections.

3.2.8 Wind turbine power curve

Manufacturer-speci ed power curves are typically used to relate wind speeds to power output.
The power curve de nes instantaneous power output as a function of tangential wind speed at
hub height for a given turbine model. The characteristic power curve pro le is broadly similar
across di erent turbine designs (Figure 3.4). However, signi cant di erences in power output
are seen in the ramping segment of the power curves, with capacity factors ranging from 40%
to 100% of rated power output for a wind speed of 10m/s. Turbines installed as part of a wind
farm project are typically all the same model and so can be described by a single power curve.
However, the diversity of wind speeds across a given wind farm causes the aggregate power
output of all turbines within a wind farm to deviate from the idealised power curve of a single

turbine (Barthelmie and Jensen, 2010).

A power curve adjustment is employed to account for this deviation e ect, which is similar to the
method of deriving aggregate turbine response rst described by Norgaard and Holttinen (2004)
and subsequently implemented by Sta ell and Pfenninger (2016) in their syntheses of national-
scale wind power generation. Each wind farm's adjusted power curveRCg,q: ) is derived by
applying a Gaussian kernel Iter operator, O, to the respective manufacture-speci ed power
curve (P Chany:) for a single turbine. Given that modern wind farms vary in size (1-100+
turbines per farm in India), an additional parameter is included such that standard deviation
also scales with farm capacity. The operator, Q), is normally distributed around zero with a
standard deviation given by ( =(log10(C).v)/17.5), where C is the farm capacity in KW, v is
the wind speed at hub height, and constants are de ned by tuning such that correlation in daily
synthetic capacity factors is maximised across the regions considered in the analysis (prior to
bias correction, see Section 3.2.11). The aggregate power curve at v is, therefore, the sum of
the manufacture-speci ed power multiplied by O, evaluated across the rangev , which spans

+/- four standard deviations, as shown by Equation (3.1).

X

P Cagg(Civ; )= Pmanu: (v vV )O(v ) (3.1)
v= 4

Further demonstration of this power curve deviation and adjustment method is demonstrated
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in Figure (3.4a), which plots the observed aggregate generatidhof 140 turbines at the Greater
Gabbard 504MW o shore wind farm, o the East coast of England, against contemporaneous
wind speed observation$ from a met mast positioned at the approximate centre of the wind
farm (Argyle et al., 2018). This particular location is used as an example due to the availability
of farm-level generation data and co-located met-mast data. The aggregate power response
(scatter points in Figure (3.4b)) deviates from the manufacturer curve for a single turbine
(red line in Figure (3.4b)); a consequence of the combined e ect of the distribution of wind
speed across the farm area, turbine wake e ects, as well as additional deviations attributed
to directional and turbulence e ects (Lydia et al., 2014; Barthelmie et al., 2012). Further
losses resulting from ine ciencies in voltage transformation and turbine availability (i.e., the
percentage of time a turbine is available to operate outside of maintenance periods) range from
2-3% and 2-7%, respectively (Arwade et al., 2011; Faulstich et al., 2011; Lumbreras and Ramos,
2013; Carroll et al., 2017). Turbine ageing also undermines performance through mechanical
deterioration and has been shown to reduce capacity factors in the United Kingdom by an
average of 0.44% per year (Sta ell and Green, 2014). Here, the e ect of the distribution of wind
speeds across the farm area is accounted for by the power curve adjustment method (blue line
in Figure (3.4b)), and additional losses are accounted for by a single xed multiplicative term

of 13% (green curve in Figure (3.4b).

Synthesis of wind generation was conducted per wind farm in the IWSD, using the corresponding
adjusted wind farm power curve and wind speed from the nearest grid cell centroid. This
nearest-neighbour approach to estimating point location wind speeds from a gridded product
has proved comparable to other interpolation methods when estimating point location wind

speeds (Cionni et al., 2017) and has shown minimal impact compared to bilinear interpolation

when synthesising national aggregate wind generation (Gruber et al., 2019).

3.2.9 Solar PV array parameterisation

The lack of array-speci ¢ technical characteristics, such as array orientation or panel model, in
the solar PV arrays considered in this analysis (see Section 2.1.1) necessitates a parsimonious

method and simplifying assumptions to transform irradiance values to solar PV generation.

8Generation data obtained from The Balancing Mechanism Reporting Service (BMRS) provided by
Elexon, the company responsible for administrating power contract settlement in the UK electricity market
(https://www.elexon.co.uk/data/balancing-mechanism-reporting-agent/).

"Wind speed data from the IGMMZ met mast for the period June 2012 to June 2014 and is provided by the
Crown Estate Marine Data Exchange (http://www.marinedataexchange.co.uk/wind-data.aspx).
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Figure 3.4: (a) Manufacturer power curves from thewindpower.net (n==805), (b) manufacturer
power curve for Siemens SWT3.6{107 turbine (red line), smoothed power curve (blue line);
smoothed power curve +13% loss term (green line); and hourly hub height wind speeds versus
hourly power output from the 140 SWT3.6{107 turbines at the Greater Gabbard wind farm,
located o the east coast of England (as scatter points with contours representing the 0.1, 0.2
and 0.4 levels of a Gaussian kernel density estimate)

The physically founded empirical relationship developed by Huld et al. (2008) for the energy
rating (actual performance of a PV module relative to standard test conditions (STC)) of an
archetypal multi-crystalline silicon photovoltaic module, as a function of ambient temperature
and irradiance, is well-suited to this case and has proven adequate in representing solar PV
generation over country scales (Huld and Gracia Amillo, 2015; Frank et al., 2021). This rela-
tionship de nes solar array capacity factor (CFg) (actual power output from a PV array relative

to STC (Pg=Pstc) as:

Pe = S @T) (3.2)

CFo =
©” Pstc  Gstc

where G is the total irradiance incident upon the array in the same plane in which the array is
tilted (in-plane irradiance), Gstc the STC value of G, nominally 1000W/m2, and ¢ (G;T),
the relative energy conversion e ciency term, or the ratio of the array e ciency with values of
G and T to the e ciency at STC. The relative energy conversion e ciency term describes the

real-world performance of the array and takes the form:
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2

rel (G, T) =1+ kuln( )+ ko In( ) +tks T
Gstc Gstc
A (3.3)
+ ks TiIn + ks T In + ke T
4 (GSTC) 5 (GSTC) 6

where the empirically de ned coe cients ( ki:::kg) have previously been determined through
a least-square t to operational solar PV® and T represents the di erence between the PV
module temperature, Tmod, and a STC module temperature of 25C. Module temperature (Tmog)

scales as a function of G following the empirical relationship:

G
Gstc

Tmod = Tamb + (Thom  To) (3.4)

where Tamp represents ambient air temperature, taken as 2m air temperature from ERA5Thom,
and Ty represent nominal operating module temperature and nominal ambient air temperature
respectively and take the values of 48C and 20 C. Total in-plane irradiance (G) is approximated
using the isotropic sky model. This simple irradiance model assumes that di use irradiance is
uniform within the celestial hemisphere and that re ection from a ground surface of known
albedo is di use (Loutzenhiser et al., 2007). Total in-plane irradiance (G) is, therefore, the sum
of direct and di use components, given by:

1+ coy ) 1+ coy)

+ GHI:
G 2

G = DNI:cos (aoi) + DHI (3.5)

where the rst term represents in-plane direct irradiance, given by direct normal irradiance
(DNI, or FDIR in ERAbB) weighted by the cosine of the beam-array angle of incidence (con-
sidering the geometric position of the Sun and the array til®). The second term represents
in-plane di use irradiance and is a weighted fraction of di use horizontal irradiance (DHI, or

SSRD minus FDIR in ERAS), with  representing array tilt relative to horizontal. The third

term represents in-plane ground-re ected di use irradiance, and is a weighted fraction of GHI,
with an albedo value ( ) taken from the ERAS variable “forecast albedo’. This value is in the

range of 0.15-0.25 throughout the Indian subcontinent, with slightly higher values (0.3) in the

8Coe cient values from Huld et al. (2011).
9All solar geometry calculations made use of the open source Python package PyEphem (Rhodes, 2011).
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Thar desert region, located in the Northern state of Rajasthan.

Without array-speci ¢ technical information on orientation, it is assumed that all existing so-
lar PV sites are installed perpendicular to and facing the equator. As previously described,
xed-tilt designs are assumed for all installations when making the generation synthesis. Re-
garding the tilt angle of the arrays, various methods exist for de ning the exact inclination,
ranging from simple latitude-based approximations to more complex solutions that account for
local climate and terrain shading e ects (Yadav and Chandel, 2013). The PVGIS initiative'°
is an example of the latter approach to de ning optimal tilt angles. It uses satellite irradi-
ance data and a high-resolution digital elevation map with near-global coverage to determine
yield-maximising array inclination (Huld et al., 2012). Figure 3.5 shows the zonal average (i.e.
averaged East-West globally) of optimal tilt angles using data from PVGIS as a function of
latitude (green curve in Figure 3.5). However, real-world installations often deviate from the-
oretical optimum angles, usually due to on-site practicalities (e.g., rooftop slope, the shading
e ect of neighbouring modules due to high tilt angles, height restrictions or system layout con-
straints). Saint-Drenan et al. (2018) found that tilt angles for an extensive database (n=35,000)
of xed-angle solar PV installations in Germany were between 60-70% of the local optimal tilt
angle as de ned by PVGIS (Saint-Drenan et al., 2018). However, their dataset did include many

rooftop installations, which are not considered in the analysis of India presented in this thesis.

Yet, an analysis of the United States Energy Information Administration (EIA) Annual Elec-
tric Generator Report shows a similar non-optimal inclination in utility-scale installations. Fig-
ure 3.5 also depicts the tilt angle of 2600 xed-angle solar PV installations in the United States
of America (U.S.A.) (grey scatter points in Figure 3.5, with data from EIA (2021)). The sample
of installations from the U.S.A. show considerable spread in tilt angles amongst installations of
similar latitude. However, the average tilt angle per latitude bin (orange points in Figure 3.5)
is approximately in line with the 70% scaling of the local optimal tilt angle, as shown by the
blue line in Figure 3.5, which represents a 0.7 scaling of a quadratic t through PVGIS zonally
averaged optimal tilt angle. This 0.7 scaling of the quadratic t is used to de ne tilt angles for
non-tracking array designs in this analysis based on the latitudinal position of each solar PV

installation.

Although a xed tilt angle is the base assumption in the production of the synthetic solar

P https://ec.europa.euljrc/en/pvgis
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Figure 3.5: Zonally averaged optimum array tilt angles as a function of latitude using data from
PVGIS (green curve) and quadratic line of best t to PVGIS values (red curve). Actual tilt
angles for xed-tilt utility-scale solar PV installations in the United States (grey scatter points,
with data from EIA) and average tilt angle per latitude bin for U.S.A installations (orange
points). Blue curve represents 70% of the value of the quadratic line of best t to PVGIS
values.

PV generation, a sensitivity test is conducted with all installations representative of current
state-of-the-art single-axis designs that use mono-crystalline silicon wafer-based cell designs.
The single-axis tracking module of the PV-LIB Python package, itself an implementation of
Holmgren et al. (2018), is used to determine the array tilt-angle that minimises the angle of
incidence of incident shortwave irradiance for a given solar zenith (i.e., the array tilt for each
hour of the day, for all hours of the year). This implementation mimics real-world single-axis

trackers that follow the daily east-west passage of the sun.

As with the synthesis of wind generation, solar PV generation synthesis was conducted per
solar farm in the IWSD, using meteorological data from the nearest grid cell centroid. Energy
conversion losses, primarily attributed to electrical resistance and DC/AC inverter e ciency,
are assumed to result in a xed 10% reduction in solar PV generation (Pfenninger and Sta ell,

2016).

Having described the data and processing steps involved in the construction of synthetic wind
and solar PV generation data, the following sections describe the historical records of actual

wind and solar generation in India used to validate and bias correct the resulting timeseries.

46



Chapter 3. Data and Methods 3.2. Data and Methods: First Results Chapter

3.2.10 \Verication data

To validate the synthetic wind and solar PV generation method, the resulting generation time-
series aggregated to state, regional and national values are compared to historical records of
actual wind and solar generation in the corresponding regions of India. The national electricity
grid of India is overseen by Grid-India (formerly the Power System Operation Corporation Lim-
ited (POSOCQ)). Five regional subdivisions of the national grid (Northern, Eastern, Western,
Northeastern and Southern regional grids) are overseen by Regional Load Despatch Centres
(RLDCs) !, which coordinate operations within the regional grid zones, as well as intra/inter-
regional and trans-national interconnector ows. Figure 3.6 shows the regional subdivisions
RLDCs represent, with green borders signifying state groupings for the ve-mainland intercon-
nected regional electricity grids. Colour shading in Figure 3.6 indicates installed wind and solar
PV capacity per state at the end of 2021. Wind installations are concentrated in the country's
west, with the seven numbered states comprising 99.5% of the total installed wind capacity.
The states of Gujarat in the west and Tamil Nadu in the south are states of considerable wind
installations ( 10GW). For solar PV, a similar concentration of installed capacity to that of
wind is seen, with limited capacity in northern and eastern states. However, the northern-region

state of Rajasthan houses considerable solar PV capacity 14GW).

These RLDCs have maintained an archive of daily generation and installed capacity since the
year 2016. However, data before 2017 is sporadically achieved, and so ignored from the analysis.
The generation values are available for the individual states of each RLDC and the regional
aggregate. Daily capacity factor values (ratio of actual daily generation to maximum attainable
generation for installed capacity over 24 hours) for the period 2017 to 2021 were calculated from

these records and are hereafter referred to as "observed' generation values.

RLDCs also archive demand for electrical energy within the regional electricity grid. Here, a
portion of this historical archive of daily electricity demand is used to de ne an annual demand
cycle for comparison with the annual cycle of wind and solar PV generation. Speci cally,
an annual cycle for electricity demand per region is de ned using data from the years 2014-
2019 inclusive, with the linear trend rst removed before taking the median value per day of

the year and normalising by the maximum value. Consistent growth in electricity demand is

" Data originally taken from 5 RLDC websites. The websites have since been discontinued. Alternative data
source from Grid-India: https://report.grid-india.in/index.php?p=Daily+Report%2FPSP+Report
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seen throughout this 2014-2019 period, whereafter, the dual e ects of a nationwide economic
slowdown and the COVID-19 pandemic abated this increase (Bhattacharya et al., 2022). Using
the earlier 2014-2019 time period allows for the de nition of a simple characteristic annual cycle

of electricity demand during normal economic conditions.

Figure 3.6: Study regions for wind (a) and solar PV (b) in India. Coloured shading signi es
installed capacity for wind (a) and solar PV (b) by Indian state as of year end 2021 (MNRE,
2022b). Green borders represent India's 5 mainland regional electricity grid regions, with region
labels shown in (b). Numbering denotes individual states with signi cant wind capacity

3.2.11 Bias correction

Synthesis of wind and solar PV generation by transforming reanalysis data can result in bias
relative to equivalent observed values (McKenna et al., 2022). The origin of this bias could stem
from the atmospheric variables (e.g., uncaptured orographic e ects on winds at the scale of
individual wind farms), the energy transformation model (e.g. incorrect speci cation of turbine
power curve), the validation data (e.g. uncertainty over the coverage of centrally collected data
from a grid operator { i.e. net of system losses, inclusive of embedded generation, etc.), or any
combination of these factors. Here, it is assumed that available records of actual generation
are accurate and representative of generation net of losses from transmission-connected wind
and solar PV generation. With limited information on farm-level or array-specic technical
characteristics, options for further re ning the process from transforming reanalysis data remain
limited. Therefore, the bias correction procedure used here only considers alterations to wind

speed and irradiance.
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Two forms of simple bias correction are trialled in the analysis presented in this thesis. The
rst form of bias correction relies on additional meteorological data to adjust wind speed and
irradiance from the reanalysis. In the case of wind speeds, bias correction was performed us-
ing 100m wind speeds from Version 3.0 of the Global Wind Atlas developed by the Danish
Technical University (DTU-GWA). The DTU-GWA Version 3.0 provides a simulated global
micro-scale wind climate ona 0:3 0:3km (0:0025 0:0025) scale for all land areas, plus
a 200km o shore bu er (Badger et al.,, 2015). The DTU-GWA simulation involves multiple
stages of dynamical and statistical downscaling, beginning with large-scale winds from 10-years
of ERA-5 atmospheric re-analysis data used to force a WRF mesoscale model with a horizon-
tal grid spacing of 3-km. This mesoscale wind climate is used as an input to the microscale
Wind Atlas Analysis and Application Program (WASP) to calculate local wind climates on a
250m horizontal grid, at several heights above the surface. The DTU-GWA has primarily been
validated against synthetic aperture radar ocean derived winds and multiple eld measurement
campaigns. The DTU-GWA wind speed climatology is a product of a simulation spanning the
period 2008-2017, and the average over this period is added to ERA5 wind speeds prior to
conducting the generation synthesis (i.e., a mean bias correction). The mean bias correction
was applied to both 10m and 100m windspeeds using DTU-GWA data at corresponding heights

so that the generation synthesis methodology could be applied.

In the case of solar PV, bias correction of ERAS irradiance data was performed using equivalent
values from Version 2.0 of the Global Solar Atlas (GSA) 2.0. The GSA is a publicly available
solar irradiance web-application that provides output from a satellite-based irradiance model,
developed by the company Solargis on behalf of the World Bank Grouf?. It is assumed that
the long-term average irradiance values provided by the GSA have been calculated for the same
period for which input satellite data is available, i.e. mid-to-late 1980s to present (satellite
radiation products such as the Satellite Application Facility on Climate Monitoring (CMSAF)
and Surface Solar Radiation Data Set-Heliosat (SARAH) datasets cover this period). So, the
di erence in ERA5S average irradiance values (both di use and direct components are available
from the GSA) for the period 1985-2019 is added to ERAS5 irradiance values prior to conducting

the generation synthesis.

The second approach to bias correction takes the form of a multiplicative adjustment factor

2 https://globalsolaratlas.info
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(AF), which is applied to wind speed and irradiance data at all wind/solar farms within respec-
tive states. The particular AF that minimises mean bias in synthetic capacity factors (AFmin )
over the veri cation period is found iteratively applying a range of AF values to meteorologi-
cal data. AFnmin is identi ed by the point at which the ratio of observed to synthetic average

capacity factor equals one.

3.2.12 Perfomance metrics

The performance of the generation syntheses is assessed relative to observations from the RLDCs

using three metrics:

1. Normalised mean bias refers to the mean observed capacity factor value for a given region
and technology divided by the corresponding synthetic value. A normalised mean bias
value greater than 1 suggests that the synthesis underestimates generation on average

through the ve years considered.

2. Mean absolute error (MAE) refers to the absolute value of the observed capacity factor

minus the synthetic capacity factor.
3. Correlation expressed as an r value (i.e., the Pearson correlation coe cient).

This concludes the Data and Methods section on the construction of the synthetic wind and
solar PV generation timeseries. Chapter 4 presents the results associated with this methods

section, the rst of four results-focused chapters.

3.3 Data and Methods for Chapter 5

The analysis presented in Chapter 5 uses the wind and solar energy generation synthesis dataset
described in Section 3.2 as well as various other meteorological elds and climate indices. The
following sections described these meteorological variables and the approach for performing

composite, correlation and empirical orthogonal function analyses.

3.3.1 ERAS5 meteorological elds and derived indices

Additional ERA5 elds used in Chapter 5 include monthly mean 850hPa winds, total cloud cover
(i.e., the proportion of a model grid cell covered by cloud, summed across all vertical levels),

sea surface temperature (SST) and mean sea-level pressure (MSLP). Indices based on ERA5
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monthly SST elds include the Dipole Mode Index (DMI) and the Equatorial Indian Ocean
Oscillation index (EQWIN), which are both standardised anomalies of spatially averaged SSTs

(exact region de nition described in the Chapter 5 text).

Indices based on ERA5 monthly 850hPa wind elds include two Wang-Fan indices. These
indices describe regional monsoon circulations over India and the Northwest Paci c. The indices
follow the physically motivated de nitions rst described by Wang and Fan (1999) and capture
observed relationships between the two major convective heat sources that energise regional
manifestations of the wider Asian summer monsoon system. The dynamically-based index of
the Indian summer monsoon, termed ISMi in this thesis, is de ned as the di erence between
the 850hPa zonal wind in a southern region (0-15°N, 35°-65°E) located over the climatological
position of the Somali Jet (westerlies) and a northern (20-30°N, 60°-80°E) region co-located
with the monsoon trough (easterlies - see Figure 3.7a). The ISMi captures the strength of
monsoon westerlies and is indicative of anomalous lower-tropospheric vorticity that causes the
monsoon trough (Wang et al., 2001). Lower tropospheric vorticity and monsoon westerlies are
strongly tied to boundary layer moisture convergence, so the ISMi is highly correlated with

summer monsoon rainfall anomalies.

Figure 3.7: (a) ERA5 850hPa wind elds in JJAS with boxes showing regions over which area
averages describe Wang-Fan indices for (i) Indian summer monsoon and (ii) Western North
Paci ¢ monsoon. (b) MSWEP daily mean rainfall in JJAS with boxes show regions over which
area average rainfall describe two monsoon indices for (i) Indian summer monsoon rainfall
(ISMR - 18.5{26.5°N, 71.5{86.5°E) and (ii) Western North Paci ¢ monsoon rainfall (WNPR -
10{20°N, 110{160°E).

In the case of the regional monsoon system over the Western North Paci ¢ (WNP), a dynamically-
based index is de ned as the di erence between the 850hPa area averaged zonal wind in the
southern (7.5-17.5°N, 100°-14C°E; westerlies) and northern (20-30°N, 105°-15C°E; easterlies -

see Figure 3.7a) extents of the anomalous elongated cyclone that governs monsoon rainfall in
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