
Imperial College of Science, Technology and Medicine
Department of Electrical and Electronic Engineering

Carbon-Oriented Generation Planning: A
Market-Driven Approach

Junkai Wang

Supervisor: Prof. Goran Strbac

Submitted in part fulfilment of the requirements for the degree of
Doctor of Philosophy in Electrical Engineering and

the Diploma of Imperial College, July 2024





Statement of Originality

In accordance with the requirements of the college, I affirm that this thesis and the

research detailed within are my own work. This thesis and the work to which it refers

are the results of my own efforts. Any ideas, data, images, or text borrowed from other

sources have been declared in this thesis through proper citations.

This work has not previously been submitted to fulfil any degree requirement at this or

any other institution. Where I have quoted from the work of others, the source is always

given. I have also acknowledged all the main sources of help.

Junkai Wang

July 2024

i



ii



‘All models are wrong, but some are useful.’

George E. P. Box

Copyright Declaration

The copyright for this thesis rests with the author. Unless otherwise indicated, its

contents are licenced under a Creative Commons Attribution-NonCommercial 4.0 Inter-

national Licence (CC BY-NC).

Under this licence, you may copy and redistribute the material in any medium or for-

mat. You may also create and distribute modified versions of the work. This is on the

condition that: you credit the author and do not use it, or any derivative works, for a

commercial purpose.

When reusing or sharing this work, ensure you make the licence terms clear to others

by naming the licence and linking to the licence text. Where a work has been adapted,

you should indicate that the work has been changed and describe those changes.

Please seek permission from the copyright holder for uses of this work that are not

included in this licence or permitted under UK Copyright Law.

Junkai Wang

July 2024

iii



iv



Acknowledgements

First and foremost, I am deeply grateful to my supervisor, Professor Goran Strbac, for

granting me the opportunity to engage in this fascinating research topic. His invaluable

guidance, patience, and professional expertise greatly contributed to my research and

academic growth during my doctoral program.

Special thanks are due to my colleagues from the Control and Power Research Group

at Imperial College London: Dr. Dawei Qiu, Dr. Jiawei Wang, and Dr. Yujian Ye. Their

academic support and technical insights were instrumental in shaping the direction and

execution of my research. Beyond these, their encouragement and rigorous standards

pushed me to refine my work to its best form. I appreciate Imperial College London

for offering an exceptional research environment and allowing me to encounter these

remarkable individuals.

I owe a profound debt of gratitude to my parents, Yongqiang Wang and Cuihong Wang.

Their unwavering support, both emotionally and financially, has been the bedrock of my

PhD journey. Their belief in my abilities and their endless unconditional love have been

my constant source of strength and inspiration.

I would also like to extend my heartfelt thanks to my best friends: Jianli Gao, Jianhong

Wang, Qian Chen, Guoxuan Cui, Yunhe Wei, Wangkun Xu, Junyu Mao, Yanshu Niu, Jian

Wang, and Bo Yang. Their belief in me, their constant encouragement, and their presence

through the highs and lows of this journey have been a source of immense comfort and

motivation.

This journey would have been a lonely one without the support and camaraderie of

these individuals. This PhD research could not have been accomplished without their

bountiful support. I am sincerely thankful for having them in my life.

v



vi



Abstract

Under the circumstances of the urgent global challenges posed by climate change, de-

carbonisation has become a critical priority. In this context, the GB government has set

ambitious goals to decarbonise its power sector by 2035, aligning with the net-zero tar-

get by 2050. This thesis examines generation planning under stringent carbon emission

restrictions from four distinct aspects: the value of market structure, the role of demand

flexibility, the impact of energy storage, and the feasibility of achieving a fully decar-

bonised GB power system by 2035.

To meet these objectives, the proposed bi-level models encompass an upper-level prob-

lem, representing the decision-making process of the self-interested generation company,

alongside two lower-level problems: the first lower-level problem represents the joint

clearing process of the day-ahead energy market and the real-time balancing market to

co-optimise the generation scheduling and reserve deployment; the second lower-level

problem represents the clearing process of the green certificate market. Notably, the pro-

posed models incorporate demand and wind power uncertainty through a series of chance

constraints. Furthermore, the time-coupling demand flexibility and energy storage models

are also integrated into the bi-level models.

Numerous case studies have provided valuable insights on generation planning under

current carbon targets using real-world data from the 2021 GB power system and pre-

dicted data from the 2035 GB power system. Overall, the scope of the case studies is

three-fold. Firstly, they quantitatively compare the role of vertically integrated monopoly

utilities and deregulated energy markets. Secondly, they explore how demand flexibility

and energy storage benefit market-driven generation planning by mitigating massive re-

newable uncertainty. Finally, they demonstrate that the high levels of demand flexibility,

in conjunction with utility-scale energy storage, not only ensure the stable operation of a

100% renewable GB power system but also guarantee adequate economic benefits.
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Chapter 1

Introduction

1.1 Background

In order to address the urgent threat of global warming and climate change, the neces-
sity to mitigate carbon emissions is universally recognised. The power generation sector,
a major contributor to global carbon emissions, is at a crucial historical turning point,
stressing the importance of a carbon-oriented generation planning framework that priori-
tises the transformation from traditional fossil fuels to renewable energy sources (RESs).
This transformation is already underway in several European countries, like Germany,
Spain, and Denmark, showcasing substantial progress in renewable energy expansion,
where the proportion of total electricity generation from RESs has reached 28.2%, 38.7%,
and 48.5%, respectively [1].

Great Britain (GB) has emerged as a global leader in tackling climate change and has
attained some remarkable achievements. Today, over 50% of the GB’s electricity sup-
ply comes from RESs. Nevertheless, GB’s power plants still emitted 53.7 million metric
tonnes of carbon dioxide (CO2) in 2022 [2]. Currently, GB’s power system is under-
going a significant transition aimed at aligning with the 2050 Net Zero target by fully
decarbonising the national power sector by 2035 [3]. This ambitious goal necessitates a
comprehensive reform of the existing energy infrastructure to pave the way for deep de-
carbonisation, with a particular emphasis on increasing the deployment of RESs towards
achieving a 100% renewable power system.

Despite GB’s commitment to a zero-carbon future, several challenges are unavoidable
[4]. First, a future powered entirely by renewables introduces significant uncertainty from
a large variety of sources, notably the inherent intermittency and variability of renewable
energy, as well as demand fluctuations. Second, although many studies show that the inte-
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gration of a wide range of flexibility resources, like demand flexibility and energy storage
(ES), is crucial for dealing with uncertainties and grid stability in a purely renewable sys-
tem, the current energy market has not fully leveraged the potential of these resources.
Third, while market design could offer a practical avenue to explore the role and value of
flexibility resources, current studies often overlook system-wide carbon emission targets
and the need for a cost-effective market mechanism that addresses energy price signal
distortion and cost recovery in a completely decarbonised power grid. Aiming to handle
these challenges, there are significant research spaces regarding the cost-effective elec-
tricity market design for promoting further integration of RESs.

1.2 Research Motivation

In the context of global commitments to reduce carbon emissions, there has been
growing interest in the 100% renewable power system. However, the existing studies
investigate this from the perspective of a central planner, validating the feasibility of a
100% renewable electricity system through a single-level optimisation model that incor-
porates mandatory environmental regulations. This approach fails to capture the interac-
tions among stakeholders in the current deregulated market environment and neglects the
economic interests of market participants. To overcome these shortcomings, it is essen-
tial to explore a carbon-oriented generation planning model that reflects the real-world
electricity market environment through a market-based modelling approach, thereby ex-
ploring the path to a 100% renewable power system through economic incentives.

On the one hand, due to the massive RESs in a zero-carbon power grid, it is urgent
to address the significant uncertainty they bring. It has been recognised that integrating a
large amount of flexibility resources (e.g., demand flexibility, ES, electric vehicles, etc.)
into the power grid with high renewable penetration is a promising strategy to effectively
mitigate uncertainty, i.e., ES can accommodate excess wind power during windy periods
and compensate for the energy shortage during peak-demand periods [5]. Additionally,
flexibility resources play a crucial role in providing reserves in the balancing market, espe-
cially in a 100% renewable electricity system. However, the value of flexibility resources
within a market-driven generation planning framework has not been fully explored yet.

On the other hand, due to the ’missing money’ dilemma incurred by the increasing
penetration of RESs, market-based renewable energy promotion policies have attracted
researchers’ attention, e.g., the cap-and-trade system, the tradable green certificate (TGC),
and the feed-in premium [6]. Driven by market signals and incentives, these policies work
by assigning monetary value to the environmental benefits of renewable energy, effec-
tively making investments in renewable generation capacity more competitive compared
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to conventional generation capacity [7]. Nevertheless, there are significant spaces for
exploration regarding the potential impact of integrating these renewable energy promo-
tion policies into a market-driven generation planning framework, along with the market
outcomes and business cases.

1.3 Research Questions

This thesis focuses on designing cost-effective market mechanisms for generation
planning, integrating more flexibility resources (e.g., demand flexibility and ES), and ul-
timately achieving a purely renewable electricity system. In this context, four sets of
research questions are outlined as follows:

1. Compared to the past vertically integrated power system, does the deregulated
energy market still promote efficient operation and planning of the power sys-
tem under today’s carbon emission constraints?

Although many studies have shown that the electricity system is more efficient in
deregulated markets compared to vertically integrated utilities, these studies have
mostly investigated from the view of economic benefits. Under today’s strict envi-
ronmental regulations, there is significant space to explore the role of market-driven
generation planning in integrating large-scale renewable energy.

2. Under GB’s strict carbon emission restrictions, can demand flexibility in market-
driven generation planning promote investment in renewable generation ca-
pacity while ensuring economic benefits?

Previous works on demand flexibility have overlooked the time-coupling nature and
emphasised the economic value. The role of time-coupling demand flexibility in
market-driven generation planning under carbon emission restrictions has not been
fully explored.

3. Under GB’s carbon targets, can ES in market-driven generation planning pro-
mote investment in renewable generation capacity? What is the impact of strict
carbon targets on ES’s energy arbitrage and provision of ancillary services?

Many existing studies on ES focus on energy arbitrage. However, the role of ES
in providing ancillary services in a market-driven generation planning model in the
context of increasing renewable penetration has not been fully explored.

4. By combining various flexibility resources (e.g., demand flexibility and ES),
can the GB government’s goal of achieving a fully decarbonised power system
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by 2035 be realised? Can this power system be a 100% renewable power sys-
tem (excluding nuclear power)? Does the ’peak-flattening effect’ of demand
flexibility in the traditional energy structure still work in a 100% renewable
energy system?

Under the GB government’s commitment to a net-zero power sector, there is in-
creasing interest in the 100% renewable energy system. However, there is a lack
of research on attracting investment in renewable generation capacity by expand-
ing the scale of flexibility resources to achieve a 100% renewable energy system.
Moreover, the role and value of demand flexibility and ES in a purely renewable
energy system have not been fully studied.

1.4 Scope and Contributions

The GB government’s ambitious 2050 Net Zero target mandates a complete transition
to a fully decarbonised power system by 2035. This rapid decarbonisation necessitates a
cost-effective market mechanism that incentivizes generation planning aligned with GB’s
zero-carbon goals. However, existing research lacks a comprehensive study that simulta-
neously incorporates renewable energy promotion policies, demand flexibility, and utility-
scale ES within a market-driven generation planning model to ensure the stable operation
of a purely renewable electricity system. This thesis fills this knowledge gap by propos-
ing a series of generation planning models to investigate the impacts of market structure,
mandatory carbon emission limits, renewable energy promotion policies, demand flexi-
bility, and utility-scale ES, respectively, and ultimately finding a feasible path towards a
100% renewable power system. This thesis offers six main contributions:

1. This thesis first proposes a system-driven single-level optimisation model to cap-
ture the characteristics of a traditional power system with a vertically integrated
monopoly structure, serving as a benchmark to quantitatively analyse the impact of
market structure.

2. This thesis then introduces a novel market-based two-stage bi-level optimisation
framework to evaluate a 100% renewable electricity transformation plan for the GB
power grid, aligning with the GB’s 2035 target for a zero-carbon electricity system.
The model employs a hierarchical structure, consisting of an upper-level (UL) prob-
lem and two lower-level (LL) problems. The UL problem represents the low-carbon
investment strategies of the self-interested generation company (GenCo) in order to
maximise its profit. The first LL problem represents the joint clearing process of
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the day-ahead (DA) energy and real-time (RT) balancing markets for the target year,
incorporating carbon emission limitations and the allocation of carbon allowances,
aiming at the minimum system cost. Additionally, the models of time-coupling de-
mand flexibility and ES are embedded into the first LL problem. The second LL
problem represents the clearing process of the green certificate market, captured by
an inverse demand function. The GenCo’s decision-making process considers two
sources of uncertainty: renewable energy and demand deviation. These uncertain-
ties are modelled through a set of chance constraints.

3. The solution of the advanced two-stage bi-level optimisation model employs a
single-level reduction approach. Initially, linearization methods are utilised to re-
formulate the chance constraints. Subsequently, this bi-level optimisation model is
converted into a mathematical program with equilibrium constraints (MPEC) util-
ising the Karush-Kuhn-Tucker (KKT) conditions. Finally, leveraging the strong
duality theorem and KKT complementarity conditions, the MPEC is further trans-
formed into a mixed-integer quadratic programming (MIQP) problem, ensuring the
efficient resolution of the global optimality via commercial branch-and-cut solvers.

4. The first set of case studies focuses on the quantitative comparison of investment
decisions and business results derived from system-driven and market-driven gen-
eration planning models based on the data of the real-world 2021 GB electricity
grid. The findings reveal that the system-driven model cannot reflect the current
deregulated market environment, eventually facing the risk of a financial deficit in a
centralised power system. On the contrary, a market-driven framework can ensure
substantial profit and, meanwhile, foster investment in renewable energy.

5. The second set of case studies employs data from the 2021 GB power grid to in-
vestigate the role and value of demand flexibility and ES in promoting the integra-
tion of renewable generation capacity within a market-driven generation planning
framework. The results demonstrate that demand flexibility and ES not only in-
crease investment in renewable generation capacity but also enhance the GenCo’s
profitability.

6. The third set of case studies validates the feasibility of reaching an emission-free
GB power system by 2035 through incorporating large-scale flexibility resources,
adopting 2035 forecast data provided by the GB National Grid. The findings man-
ifest that a combination of extensive demand flexibility and ES not only facilitates
the stable operation of a 100% renewable power system while also securing ade-
quate economic benefits. To our best knowledge, this is the first time a market-
driven generation planning model has been used to investigate the energy structure
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in the GB’s 2035 fully decarbonised grid and factor in the role of flexibility re-
sources in it.

Apart from the contributions mentioned above, this thesis offers valuable insights for
multiple stakeholders in the power sector. Firstly, for GenCos, the investment decisions
derived from our model can boost their profitability under the carbon emission restrictions
imposed on the energy market. Secondly, market operators gain a comprehensive under-
standing of the generation resource mix in a decarbonised power grid and the importance
of flexibility resources, guiding future power system reforms. Thirdly, policymakers can
evaluate the impact of carbon emission limits and renewable energy promotion policies
on economic benefits, helping to avoid market inefficiencies. Finally, providers of flexible
resources can examine their market values and increase their incomes, thus accelerating
the integration of flexible resources and improving power grid resilience.

1.5 Thesis Structure

The remainder of this thesis is organised as follows:

• Chapter 2 first reviews the research related to generation planning from different
perspectives. Then, we detail the concepts and mechanisms of various markets
and the flexibility models employed in the following chapters. Finally, the solution
approaches regarding the centralised approach and the game-theoretic approach are
illustrated by the general optimisation models.

• Chapter 3 proposes a single-level optimisation framework to capture generation
planning with the carbon emission restrictions in a traditional power system regu-
lated by vertically integrated utilities. The case studies use the data from the 2021
GB power system to investigate investment decisions and business results within a
centralised framework. Furthermore, the results serve as a benchmark for analysing
the impact of market structure.

• Chapter 4 introduces a novel two-stage bi-level optimisation model, reflecting gen-
eration planning under carbon emission constraints in a deregulated energy market.
This model is composed of an UL problem, representing a self-interested GenCo,
and two LL problems: the first LL problem represents the clearing process of co-
optimised DA and RT markets, and the second LL problem represents the clearing
process of the green certificate market. The proposed model is solved by recasting
it as a single-level MPEC through KKT optimality conditions. The case studies
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quantitatively compare the economic benefits and the ability to integrate renew-
able energy between system-driven and market-driven generation planning models,
adopting the data from the 2021 GB power system.

• Chapter 5 focuses on the impact of demand flexibility on market-driven genera-
tion planning with carbon targets. The bi-level model employed in this chapter is
in line with that present in Chapter 4, but enhanced with the incorporation of the
time-coupling demand flexibility model into the first LL problem. Case studies are
carried out based on the 2021 GB power system, revealing the dual role of demand
flexibility in promoting investment in RESs and counteracting the uncertainty of
renewable energy.

• Chapter 6 explores the role of ES in market-driven generation planning with carbon
emission limitations. The bi-level model proposed in this chapter is in line with that
present in Chapter 4, but enhanced with the incorporation of the ES model into the
first LL problem. The case studies utilise the data from the 2021 GB power system
to demonstrate that ES can not only provide ancillary services for the growing scale
of renewable energy but also enhance its profitability through energy arbitrage.

• Chapter 7 investigates the path to achieve a 100% renewable GB power system by
2035 through integrating large-scale flexibility resources, i.e., demand flexibility
and ES, into the power grid. The bi-level model utilised in this chapter is in line
with that present in Chapter 4, but enhanced by the joint incorporation of the time-
coupling demand flexibility model and the ES model into the first LL problem. The
case studies are conducted using the predicted data of the 2035 GB power system,
demonstrating that the GB’s goal of completely decarbonising the whole power
sector is feasible and that a 100% renewable power system can be further achieved
through facilitating the expansion of flexibility resources.

• Chapter 8 concludes this thesis by reviewing the key findings from case studies
and identifying interesting topics for future research.

• Appendix A and Appendix B detail the data on 2021 GB system demand and GB
normalised wind power output, respectively.



Chapter 2

Market Models and Modelling
Approaches

2.1 Literature Review

The following subsections offer a comprehensive review of research works in the field
of generation planning from different perspectives, i.e., electricity market modelling, un-
certainty modelling, demand flexibility, ES, and environmental low-carbon policy.

2.1.1 Generation Planning Model

The past few years have witnessed a surge in research interest regarding generation
planning problems. Numerous research studies have contributed to the development of
generation planning modelling, which can be broadly categorised into two primary ap-
proaches: system-driven generation planning models and market-driven generation plan-
ning models.

System-driven generation planning models, also known as centralised generation plan-
ning models, typically employ single-level optimisation problems formulated from the
perspective of the system operator, aiming to minimise the total costs. For instance, au-
thors in [8] present a system-driven generation planning model to investigate the impact of
applying convex relaxations to unit commitment (UC) constraints. Authors in [9] develop
a system-driven generation planning framework, focusing on minimising the total present
value of investment and operating costs while incorporating both emission allowances and
renewable quota penalties. In [10], authors develop a system-driven generation planning
model to explore the impact of demand elasticity and carbon policies. Authors in [11] in-
corporate carbon capture and storage systems into a system-driven multistage generation

8
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planning model. Authors in [12] compare the efficiencies of investment decisions ob-
tained from two formulations of the system-driven generation planning problem: energy-
based and power-based formulations. In [13], authors address the coordinated planning
problem of natural gas and power generation using a system-driven approach. Authors in
[14] propose a system-driven generation planning model with the aim of reducing carbon
emissions by 50% from the current level. Authors in [15] design a long-term system-
driven generation planning model to integrate more RESs into Turkey’s power system.
Despite their prevalence, the system-driven generation planning models presented in the
preceding studies exhibit inherent limitations in capturing the influence of market clearing
mechanisms. Consequently, these models fall short of providing a comprehensive evalu-
ation of the implicit financial viability associated with investment decisions made within
a market-based framework.

Market-driven generation planning models, in contrast, leverage bi-level optimisation
frameworks to capture the intricate interdependencies between the GenCo and the mar-
ket operator. Typically, these frameworks comprise two types of coupled optimisation
problems: the UL and the LL problem. The UL problem represents the objective of
the GenCo, which is typically profit maximisation. Conversely, the LL problem depicts
the market clearing process, aiming to maximise overall social welfare from the mar-
ket operator’s perspective. It is important to note that there can be one or multiple LL
problems and UL problems, depending on the number of heterogeneous market partic-
ipants. Several studies have employed the bi-level optimisation framework to address
various generation planning challenges. Authors in [16] propose a novel bi-level opti-
misation model, addressing the generation planning challenge with a focus on the roles
of demand flexibility and allocation mechanisms regarding reserve provision. Authors in
[17] detail a stochastic bi-level optimisation model designed for wind power generation
planning that leverages topology control methods for enhancing transmission capacity in
a cost-effective manner. Furthermore, studies [18, 19] investigate the optimal investment
decisions made by a producer in the jointly cleared electricity and renewable energy credit
markets. The study [20] integrates wind power correlation uncertainties within a bi-level
optimisation framework, aiming to assess optimal investment strategies for wind power
producers within an electricity market environment. Authors in [21] introduce a bi-level
model to quantify the effect of resource adequacy on generation planning, considering
the simultaneous interaction between capacity, energy, and reserve markets. Authors in
[22] offer a bi-level optimisation model investigating the strategic behaviours of a profit-
seeking GenCo with an eye towards both future and spot markets. Authors in [23] in-
vestigate the investment behaviours of the examined producer to manipulate the market
by strategic offering in a market-driven generation planning framework. Authors in [24]
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propose a jointly market-driven planning model for wind power and transmission lines to
co-optimise their investment decisions with the target of minimising total cost.

2.1.2 Uncertainty Modelling

The inherent uncertainty within power systems, particularly in the presence of high
renewable energy penetration, presents a persistent challenge. This inherent uncertainty
leads to inevitable mismatches between scheduling and real-time system states in electric-
ity markets. To ensure that models accurately represent real-world market conditions and
identify potential risks, incorporating uncertainty into power system modelling is crucial.
Existing methods for modelling uncertainty can be broadly categorised into three main ap-
proaches: stochastic optimisation (SO), robust optimisation (RO), and chance-constrained
programming (CCP) optimisation [25].

The first approach, SO, involves constructing a set of discrete future states, namely
scenarios, that represent various possibilities. The model then evaluates these scenarios
to identify the optimal strategy that performs well across this range of conditions [25].
This approach allows for the consideration of uncertainty in a comprehensive manner.
For instance, in the context of market-based long-term generation investment planning,
authors in [26] design a series of scenarios to capture the uncertainty associated with
investments from rival GenCos. Authors in [27] employ a bi-level optimisation model
incorporating scenario-based uncertainty from load and wind power to address the wind
power generation planning problem from a profit-maximising wind power investor’s per-
spective. Authors in [28] integrate a series of scenarios to model the renewable energy
uncertainty in a generation planning framework, aiming to include 50% renewable power
generation by 2030 in the GB power system. The second approach, RO, prioritises the
performance of decisions under the worst-case scenario by using an uncertainty set that
defines the possible range of uncertain parameters. Authors in [29] develop a multistage
adaptive robust optimisation model for a generation planning problem, taking account
of uncertainties introduced by large shares of RESs. Authors in [30] utilise a two-stage
robust optimisation framework to address the generation planning problem under carbon
growth constraints.

In contrast to SO and RO, CCP optimisation addresses uncertainty by directly incorpo-
rating it into chance constraints with predetermined confidence levels. This method allows
for probabilistic modelling of uncertainties, providing a middle ground between the worst-
case focus of RO and the scenario-based approach of SO. It aims to find solutions that are
feasible under a certain probability, thereby reducing the conservatism of RO while also
potentially lessening the computational burden associated with SO [31]. Several studies
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have demonstrated the application of CCP optimisation in generation planning. The au-
thors in [32] propose a novel long-term distributionally robust generation planning model
that utilises CCP optimisation to factor in wind forecast error uncertainty by incorporating
it into the chance constraints. Additionally, this model also considers UC characteristics
and the risk of operational limit violations. The authors in [33] further explore CCP opti-
misation by incorporating it into a generation planning model with an eye to uncertainties
arising from both demand growth and wind power forecast errors. The authors in [34]
utilise CCP optimisation to build a generation planning model co-optimising wind farm
capacity, ES capacity, and power transmission lines, explicitly considering wind power
uncertainty.

2.1.3 Demand Flexibility

Demand flexibility, also known as flexible demand, plays a critical role in the elec-
tricity market. It allows for adjustments in power consumption on the demand side in
response to power supply driven by economic incentives. This ability becomes increas-
ingly important as the penetration of renewable energy increases. Demand flexibility of-
fers solutions to mitigate the challenges associated with the inherent variability of RESs,
thereby accelerating the transition towards a green and clean future. Several studies have
explored the integration of demand flexibility into generation planning models. Authors
in [35] utilise a piece-wise approximation of the load duration curve to model demand
flexibility within a market-based generation planning framework. Similarly, authors in
[36] explore the impact of demand-side response (a key component of demand flexibil-
ity) on integrated gas and electricity planning models. Focusing on the impact of price
sensitivity on demand, authors in [37] present a stochastic generation planning model for
quantitative analysis of demand flexibility, considering different levels of price elasticity
of demand. The study [38] explores the economic benefits of demand flexibility based
on time-of-use (TOU) pricing, a specific type of price-based demand response program,
in the context of co-optimising generation and transmission planning. Authors in [39]
assess the benefits of various flexibility mechanisms, including demand flexibility, to find
the pathways to fully renewable systems.

However, the demand flexibility models employed in the above studies do not fully
capture the time-coupling characteristic of demand flexibility. This key attribute refers to
the reduction in demand during peak periods to offset the increase in demand during off-
peak periods [40]. For example, in [41], the authors propose a centralised planning model
including UC characteristics to examine the effect of time-coupling flexibility through
smart charging and discharging operations of electric vehicles. In [42], a centralised
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generation planning model is developed to investigate time-coupling demand flexibility
facilitated by smart appliances in the context of TOU pricing.

2.1.4 Energy Storage

ES plays a vital role in the power system under high renewable energy penetration.
This importance stems from their ability to address the challenges posed by the intermit-
tent and variable nature of RESs. ES can mitigate the fluctuations from RESs through
its charge-discharge cycles, improve the efficiency of renewable energy utilisation, and
enhance grid stability and reliability. Consequently, ES is increasingly recognised as a
promising solution to the issue of global warming. Within the deregulated electricity
market environment, ES contributes to the power grid by integrating large-scale RESs
primarily through two key applications: energy arbitrage and the provision of ancillary
services [43].

The first application, energy arbitrage, involves exploiting price differentials in the
electricity market. Recent literature emphasises significant progress in ES’s energy arbi-
trage. Authors in [44] introduce a market-driven planning model for an ES entity to find
the strategic investment decisions to maximise its profit through energy arbitrage, taking
account of uncertainties arising from competing offering, bidding, and demand growth.
In [45], two planning models are presented: one focusing on profitability constraints and
the other on profit maximisation, both aimed at optimising investment decisions for arbi-
trage profits under the carbon emission limitations. The study [46] offers a comparative
analysis of long-term storage arbitrage benefits derived from generation planning models
that utilise various time series aggregation methods.

In terms of the second application, several studies have explored the role of ES in pro-
viding ancillary services. Authors in [47] focus on a quantitative analysis of the business
results with storage sizing decisions derived from two ES modelling approaches: the dis-
crete storage model and the continuous storage model. This analysis takes place within
a generation planning framework that considers uncertainties introduced by RESs and
balancing reserves provided by ES. Authors in [48] integrate ES into a centralised plan-
ning model for providing ancillary services, co-optimising distribution and generation,
and accounting for the uncertainties related to demand, wind speed, and solar irradiation.
Authors in [49] introduce a coordinated planning framework for generation and ES, aimed
at optimising both the siting and sizing of ES systems alongside the primary frequency
response services they offer.
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2.1.5 Low-Carbon Policy

The power sector is a significant contributor to carbon dioxide (CO2) emissions, a pri-
mary greenhouse gas responsible for global warming and climate change. This is largely
due to the consumption of fossil fuels [50]. In response, a diverse range of low-carbon
policies have been implemented to reduce carbon emissions and encourage the integration
of large-scale renewable energy into the power grid. These policies can be categorised into
two main types: carbon emission constraints and renewable energy promotion policies.

In terms of the first category, authors in [51] develop a stochastic generation planning
model that incorporates a cumulative carbon emission limit, aiming to analyse multi-scale
uncertainties using both scenario partitioning and scenario reduction methods. Authors
in [52] introduce a generation planning model that accounts for carbon targets to examine
the impact of operational flexibility in the context of stringent renewable portfolio stan-
dard (RPS) requirements. The studies [53, 54] explore the impact of carbon emission
constraints on an integrated electricity and natural gas planning model, which includes
electric vehicle fast-charging stations and addresses multi-scale uncertainties. Authors
in [55] incorporate the carbon emission cost into a long-term generation planning model
based on Portuguese and Spanish power systems. The carbon emission constraints em-
ployed in the aforementioned studies solely enforce a mandatory annual cap on system-
wide carbon emissions. This approach fails to account for the economic implications for
stakeholders in the power system within the current market environment.

The second category, renewable energy promotion policies, aims at fostering the growth
and integration of RESs. These policies, often market-driven and paired with rigorous car-
bon targets, are established by governments and authoritative organisations to expand the
scale of RESs in the energy structure. Authors in [56] propose and analyse the economic
benefits of two incentive-based regulations: carbon tax and cap-and-trade scheme, us-
ing a generation planning model. Authors in [57] examine the role of four low-carbon
policies—carbon tax, cap-and-trade scheme, RPS, and renewable production credit—in
a generation planning framework from the perspective of environmental and economic
benefits. Authors in [58] explore the combined effect of carbon tax and government sub-
sidy on facilitating investment in renewable energy in a centralised generation planning
model. In [59], authors incorporate the step-wise cap-and-trade scheme into a genera-
tion planning model, taking account of renewable energy uncertainty across multiple time
scales.
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2.2 Market Mechanisms

Historically, the GB’s power sector, like many others around the world, operated under
a vertically integrated monopoly structure. This model typically consists of a single entity
encompassing the generation, transmission, and distribution of electricity [60]. While this
approach offers advantages in terms of centralised planning and control, it also presents
significant drawbacks over time. The lack of competition in the market hinders tech-
nological innovation and lowers efficiency, finally leading to high prices for consumers.
Additionally, this monopoly structure makes it difficult to attract investment in new gen-
eration capacity and other infrastructure [60].

Recognising these shortcomings, the GB government initiated a series of reforms
throughout the 1980s and 1990s, gradually transitioning the power sector towards a more
competitive, market-based structure. This process, known as deregulation (or liberalisa-
tion), aims to introduce competition across the different stages of the power supply chain.
Deregulation fosters competition among different GenCos, retailers, and other market
participants, leading to potentially lower prices and a wider range of choices for con-
sumers. Moreover, market competition incentivizes participants to improve technological
innovation and efficiency, ultimately encouraging great investment and enhancing overall
system reliability [61].

At the core of this thesis, today’s electricity markets are subject to various strict envi-
ronmental regulations, presenting new opportunities and challenges for GenCos, as illus-
trated in Figure 2.1. GenCos can participate in various markets that span different time
scales, including the energy market, the balancing market, the carbon market, and the
green certificate market. Traditionally, GenCos can engage in energy and reserve trading
across different time horizons in the energy and balancing markets. The carbon market
and green certificate market are established based on the vision of the current low-carbon
transition, where GenCos trade carbon allowances and green certificates to reduce carbon
emissions and expand the proportion of renewable energy. These markets are detailed in
the following subsections.

2.2.1 Energy Market

The energy market is the central platform for buying and selling electricity for the
following day, as well as determining electricity prices through the locational marginal
pricing (LMP) scheme. In this thesis, the energy market is modelled as a pool-based,
energy-only market with a day-ahead horizon, reflecting the physical realities of the GB
power system. The market operator clears this energy market by matching the bids and
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Figure 2.1: The deregulated markets from the perspective of GenCo.

offers based on the principle of merit order, which prioritises generation from the cheapest
sources first, ensuring a cost-effective market clearing process.

2.2.2 Balancing Market

The balancing market plays a vital role in providing ancillary services to maintain grid
stability by addressing mismatches between the forecasted and actual electricity supply
and demand in real-time. In GB’s power system, the National Grid Electricity System
Operator (NG ESO) is responsible for this market [62]. In this thesis, the clearing of bal-
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ancing markets is modelled by the co-optimisation framework for energy and balancing
markets. The importance of the balancing market is increasing in the context of the GB’s
ambitious carbon goals, including achieving ’Net Zero’ by 2050. In parallel, as the GB
government continues to expand its renewable energy capacity and develop more sophis-
ticated demand-side management technologies, the role of the balancing market becomes
even more critical.

2.2.3 Carbon Market

The carbon market, particularly within the context of the GB’s power system, repre-
sents a critical mechanism for driving the low-carbon transition. This market-based ap-
proach utilises economic incentives to reduce CO2 and other greenhouse gas emissions.
In the GB power system, the carbon market is achieved by the UK Emissions Trading
Scheme (UK ETS), a cap-and-trade system that is operated by the GB government [63].
Specifically, the UK ETS will impose a cap on the total carbon emissions of the power
sector on a yearly basis. This cap is gradually reduced over time, finally leading to a
zero-carbon power system. The GenCos require allowances to emit carbon. These carbon
allowances can be bought and sold on the carbon market. The prices are determined by
the auctions [63]. In this thesis, the carbon emission cost is applied to the generators us-
ing fossil fuels. Furthermore, it is assumed that the free carbon allowances are allocated
based on renewable generation dispatches.

2.2.4 Green Certificate Market

The transition towards a sustainable and low-carbon power system involves not only
reducing carbon emissions but also encouraging the integration of renewable energy.
While the carbon market addresses the former, the green certificate market plays a unique
role in supporting the latter. GenCos can obtain the green certificates based on the green
electricity they generate and then sell them on the green certificate market. Similar to the
carbon market, the green certificate market offers a market-based approach to promoting
investment in renewable energy capacity through an additional revenue stream. Addition-
ally, it is a promising approach to dealing with the ’missing money’ dilemma incurred by
a 100% renewable energy system [64].



2.3. Flexibility Models 17

2.3 Flexibility Models

In this thesis, the models of two key flexibility resources, demand flexibility and ES,
are incorporated into the generation planning framework to explore the pathway towards
a 100% renewable power system. Thus, their models are introduced in the following
subsections.

2.3.1 Demand Flexibility

A time-coupling demand flexibility model is employed across the DA and RT market
horizons, accompanied by the uncertainty introduced by demand shifting, as expressed in
(2.1)-(2.4). The variable LSHt represents the demand shifting with respect to the realisa-
tion of baseline demand LRt at period t. Constraint (2.1) expresses the DA demand con-
sumption PDA

t is limited by the predetermined ratio of demand flexibility α (0 ⩽α⩽ 1),
where subscript LDAt indicates baseline demand. Constraint (2.2) identifies the energy-
neutral characteristic of the demand shifting, i.e., the total amount of demand reduction
is equal to the total amount of demand increase on a daily basis. Chance constraint (2.3)
represents that demand shifting is limited to the range of the predetermined proportion α
regarding the realisation of baseline demand with a confidence level of 1 − ρL. Chance
constraint (2.4) expresses that the total demand across the DA and RT markets, PDA

t +

P dev
t , follows the realisation of net baseline demand, LRt + LSHt , with a probability no

less than 1− ρL.
(1− α)LDAt ⩽ PDA

t ⩽ (1 + α)LDAt ∀t (2.1)∑
t

LSHt = 0 (2.2)

P
[
−αLRt ⩽ LSHt ⩽ αLRt

]
⩾ 1− ρL ∀t (2.3)

P
[
PDA
t + P dev

t ⩾ LRt + LSHt

]
⩾ 1− ρL ∀t (2.4)

2.3.2 Energy Storage

A dynamic continuous model is employed in this study to capture the characteristics
of ES across the DA and RT market horizons, as formulated in (2.5)-(2.11). Constraint
(2.5) defines the ES’s dynamic energy balance with charge-discharge cycles. Constraint
(2.6) requires that the initial energy level of ES be identical to the energy level of the end
period. Constraint (2.7) expresses the lower and upper bounds of the ES’s energy level.
Constraints (2.8)-(2.11) represent the power capacity for ES’s charging and discharging
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across the DA and RT markets.

Et = Et−1 + ηc(sc,DAt + sc,RTt )− sd,DAt + sd,RTt

ηd
∀t (2.5)

E0 = ET (2.6)

Emin ⩽ Et ⩽ Emax ∀t (2.7)

0 ⩽ sc,DAt ⩽ smax ∀t (2.8)

0 ⩽ sc,DAt + sc,RTt ⩽ smax ∀t (2.9)

0 ⩽ sd,DAt ⩽ smax ∀t (2.10)

0 ⩽ sd,DAt + sd,RTt ⩽ smax ∀t (2.11)

The ES entity in this thesis is allowed to participate in the DA energy and RT balancing
markets, thereby making profit by energy arbitrage utilising the price differentials across
the DA and RT markets. The profit of ES entity can be formulated as follows:

ProES =
∑
t

(λDAt sd,DAt + λRTt sd,RTt )−
∑
t

(λDAt sc,DAt + λRTt sc,RTt ) (2.12)

where λDAt and λRTt are clearing prices for DA and RT markets, respectively.

2.4 Uncertainty Model

In this thesis, all the proposed generation planning models take account of the un-
certainties sourced from demand and renewable energy production, which are modelled
through a series of chance constraints. Therefore, the mathematical formulations related
to chance constraints are interpreted in this section.

2.4.1 Chance Constraint

Power systems are experiencing a growing integration of RESs, which are charac-
terised by the uncertainties that arise from their volatility and intermittency. Traditional
methods such as RO and SO have been prevalent in addressing these uncertainties. How-
ever, they exhibit certain limitations in the complex modelling of modern power systems.

The incorporation of RESs introduces multiple layers of uncertainty into power sys-
tem operations. SO tackles these challenges by considering a range of possible scenarios.
However, with the growing RESs, the need to account for a broader array of scenarios
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escalates, thereby significantly increasing the computational burden. This high computa-
tional requirement for extensive scenarios will lead to a more time-consuming optimisa-
tion process and a heightened risk of non-convergence in the MIP gap [65]. In parallel,
RO is designed to provide solutions that can withstand worst-case scenarios. While this
approach ensures reliability, it tends to lead to solutions that are overly conservative [31].
In the context of extreme fluctuations incurred by large-scale renewable energy integra-
tion, utilising RO to cope with the absolute worst-case scenario will result in solutions
that are not only excessively conservative but also economically inefficient, as they may
require substantial overcapacity or stringent operational constraints.

Given these limitations, CCP has emerged as an attractive alternative [66]. CCP offers
a more balanced approach to handling uncertainties in power systems with high levels of
RES integration. Specifically, as illustrated by the constraints (3.21) and (3.22), the focus
is on limiting decision variables that fulfil the chance constraints with a predetermined
confidence level. CCP distinguishes itself from traditional RO and SO by striking a bal-
ance between these two approaches, as detailed in the [66]. On the one hand, in contrast
to SO, CCP does not depend on a vast array of scenarios, which makes it computationally
tractable. This aspect is particularly beneficial in power systems where the high penetra-
tion of RESs could otherwise necessitate a number of unwieldy scenarios in SO, leading
to increased computational burdens. On the other hand, CCP transforms the rigid con-
straints of RO into probabilistic chance constraints. This approach ensures that system
reliability and safety are maintained without the excessive conservatism characteristic of
RO solutions.

The general chance-constrained optimisation problem can be expressed as follows:

min
x
cTx (2.13)

s.t. Pξ(f(x, ξ) ⩽ 0) ⩾ 1− ϵ (2.14)

where x represents decision variables and ξ is a random vector introducing uncertainties.
The constraint (2.14) is a general chance constraint, which means that the inner function
f(x, ξ) should be no less than zero with a probability higher than 1-ϵ. It can be observed
that the chance constraint (2.14) is nonlinear. Therefore, based on the techniques detailed
in [67], it gives a special instance of the CCP problem that can be linearized, aligning with
the mathematical form of chance-constrained uncertainties in our model. This special case
of CCP can be detailed as follows:

min
x
cTx (2.15)
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s.t. P(aTx+ bT ξ + ξTDx ⩽ e) ⩾ 1− ϵ (2.16)

where a, b, D, and e are the parameters with appropriate dimensions, and ξ represents the
multivariate normal distribution with mean m and covariance Σ. As proved in [67], if ϵ is
no more than 0.5, the special case (2.15)-(2.16) is equivalent to the following problem:

min
x
cTx (2.17)

s.t. e− bTm− (a+DTm)Tx ⩾ Φ−1(1− ϵ)
√

(b+Dx)TΣ(b+Dx) (2.18)

where Φ−1(·) is the inverse cumulative distribution function of a standard normal distri-
bution.

Given that the normal distributions adopted in this work are one-dimensional and they
are not correlated with the decision variables (indicated byD=0), the equivalent constraint
(2.18) can be further reduced to the following linear constraint:

e− bTm− aTx ⩾ Φ−1(1− ϵ)|b|s (2.19)

where s is the standard deviation of the normal distribution.

2.5 Solution Approaches

In this thesis, two optimisation approaches are utilised: the centralised approach and
the game-theoretic approach, corresponding to the two types of generation planning mod-
elling summarised in the literature review, namely the system-driven model and the market-
driven model. These two optimisation approaches are detailed in the following subsec-
tions.

2.5.1 Centralised Approach

The power system was once regulated under a vertically integrated structure, where
the system operator handled generation, transmission, and distribution. In such a sce-
nario, the centralised approach was used to model the whole system from the perspective
of the system operator. Single-level optimisation serves as a fundamental centralised ap-
proach for addressing these system-driven generation planning problems. The general
formulation is listed as (2.20)-(2.22).

min
x
f(x) (2.20)
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subject to:
gj(x) ⩽ 0 ∀j (2.21)

hk(x) = 0 ∀k (2.22)

The decision variables are denoted as x. Constraints (2.21)-(2.22) represent inequality
and equality constraints, respectively. Since the single-level structure is perfectly com-
patible with the commercial solvers, this single-level optimisation problem can be solved
efficiently.

2.5.2 Game-Theoretic Approach

The increasing penetration of RESs in the power system necessitates secure and cost-
effective planning strategies within the complex market environment. In this context,
bi-level optimisation has become a powerful game-theoretic approach for addressing the
complexities of market-driven generation planning problems over the last two decades
[68]. Unlike the traditional single-level optimisation framework employed in the cen-
tralised approach, bi-level optimisation acknowledges the hierarchical decision-making
structure, reflecting the interactions among multi-level market participants in the real
world. Generally, bi-level optimisation models the market-driven generation planning
problems through two levels: an upper level for profit-seeking players (leader) and a
lower level for energy market clearing (follower).

Typically, when the LL problem is convex, a bi-level optimisation problem can be
transformed into a single-level problem, known as a MPEC, by replacing the LL problem
with a set of equivalent conditions. As shown in Figure 2.2, this method of replacement
can be divided into two types: the KKT optimality conditions and the primal-dual trans-
formation. It is important to note that the bi-level model has a cyclic nature, thus requiring
a fixed point for solution process. Typically, in generation planning problems, the optimal
investment capacity in the LL problem is considered a fixed value (parameter).

MPEC Formulation through KKT Optimality Conditions

Regarding the first method, the KKT optimality conditions can be divided into three
parts: equality conditions, stationarity conditions, and complementarity conditions. Let
us illustrate these KKT conditions through a general bi-level optimisation problem, for-
mulated in (2.23)-(2.28).

min
x,yl

F (x, y∗1, y
∗
2, . . . , y

∗
l ) (2.23)
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LL problem: 

Minimize LL objective
subject to:
• LL problem

UL problem: 

Minimize UL objective
subject to:
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MPEC problem: 

Minimize UL objective
subject to:
• UL constraints
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Bi-level problem:

UL decisions LL responses

Conversion

Figure 2.2: Recasting the bi-level optimisation model into a MPEC.

subject to:
G(x, y∗1, y

∗
2, . . . , y

∗
l ) ⩽ 0 (2.24)

H(x, y∗1, y
∗
2, . . . , y

∗
l ) = 0 (2.25)

y∗l ∈ argmin
yl

{fl(x, yl) (2.26)

subject to:

g(x, yl) ⩽ 0 (2.27)

h(x, yl) = 0} ∀l (2.28)

This bilevel optimisation problem (2.23)-(2.28) represents a single-leader multi-follower
game, consisting of a UL problem (2.23)-(2.25) and Nl LL problems (2.26)-(2.28). It
should be noted that the y∗l indicates the optimal solution of the l-th LL problem. Addi-
tionally, although x represents the UL decision variables, they are treated as parameters
from the view of the LL problems.

In detail, the KKT equality conditions consist of the equality constraints from the
original problem. The KKT stationarity conditions are obtained by differentiating the La-
grangian equation with respect to the primal variables. The KKT complementarity condi-
tions represent the complementary relationships between the inequality constraints of the
original problem and the corresponding dual variables [69]. By replacing the LL prob-
lems (2.26)-(2.28) with their KKT conditions, the proposed bi-level optimisation problem
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can be reduced to a single-level MPEC problem (2.29)-(2.36).

min
x,yl,µl,λl

F (x, yl) (2.29)

subject to:
UL constraints :

{G(x, yl) ⩽ 0 (2.30)

H(x, yl) = 0 (2.31)

LL KKT equality conditions :

h(x, yl) = 0 (2.32)

LL KKT stationarity conditions :

∇ylfl(x, yl) + µl∇ylg(x, yl) + λl∇ylh(x, yl) = 0 (2.33)

µl ⩾ 0 (2.34)

λl is free (2.35)

LL KKT complementarity conditions :

µlg(x, yl) = 0} ∀l (2.36)

where µl and λl are dual variables corresponding to constraints (2.27) and (2.28), respec-
tively. Note that the symbol ∇yl identifies the gradient with respect to variables yl.

However, it should be noted that the KKT complementarity conditions (2.36) are still
non-linear. Thus, to make the reduced problem compatible with branch-and-cut solvers,
these non-linearities can be eliminated by the big-M method. Finally, the bi-level opti-
misation is converted into a mixed-integer programming (MIP) problem, which is formu-
lated as follows:

min
x,yl,µl,λl,ψl

F (x, yl) (2.37)

subject to:
(2.30) − (2.35) (2.38)

{µl ⩽ ψlM (2.39)

−g(x, yl) ⩽ (1− ψl)M (2.40)

ψl ∈ {0, 1}} ∀l (2.41)

where ψl is the auxiliary binary variable and M is a large constant. It should be noted that
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the large constants M involved in the respective constraints should be carefully selected
in terms of the physical bounds of variables, since they determine the search space of the
MIP problem and further computational efficiency is profoundly affected.

MPEC Formulation through Primal-Dual Transformation

In order to transform the bi-level optimisation problem into a single-level MPEC, the
LL problems can be replaced by their equivalent primal and dual constraints, as well as
strong duality equality constraints. Similarly, let us illustrate the process of primal-dual
transformation using the following example of a bi-level optimisation problem (2.42)-
(2.46):

min
x,yl

F (x, y∗1, y
∗
2, . . . , y

∗
l ) (2.42)

subject to:
G(x, y∗1, y

∗
2, . . . , y

∗
l ) ⩽ 0 (2.43)

H(x, y∗1, y
∗
2, . . . , y

∗
l ) = 0 (2.44)

y∗l ∈ argmin
yl

{cTx+ d(x)Tyl (2.45)

subject to:

Ax+B(x)yl ⩽ b1 : µl (2.46)

Cx+D(x)yl = b2 : λl (2.47)

yl ⩾ 0 : γl} ∀l (2.48)

where µl, λl, and γl are dual variables corresponding to the LL constraints (2.46), (2.47),
and (2.48), respectively. Compared with the bi-level optimisation present in the previous
subsection, this illustrative example (2.42)-(2.48) includes Nl linear LL problems.

Since the LL problems can be seen as the linear x-parameterized linear problems, their
dual problems are formulated as follows:

cTx+ max
µl,λl,γl

µTl (b1 − Ax) + λTl (b2 − Cx) (2.49)

subject to:
B(x)Tµl +D(x)Tλl = d(x) (2.50)

µl ⩾ 0 (2.51)

γl ⩾ 0 (2.52)
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λl is free (2.53)

Due to the convexity of the LL problems, the strong duality theorem holds as follows:

d(x)Tyl = µTl (b1 − Ax) + λTl (b2 − Cx) (2.54)

Finally, the bi-level optimisation problem is converted into a single-level optimisation
problem by substituting the LL problems by their primal-dual equivalent conditions.

min
x,yl,µl,λl,γl

F (x, yl) (2.55)

subject to:
UL constraints :

{G(x, yl) ⩽ 0 (2.56)

H(x, yl) = 0 (2.57)

LL primal constraints :

Ax+B(x)yl ⩽ b1 (2.58)

Cx+D(x)yl = b2 (2.59)

yl ⩾ 0 (2.60)

LL dual constraints :

B(x)Tµl +D(x)Tλl = d(x) (2.61)

µl ⩾ 0 (2.62)

γl ⩾ 0 (2.63)

λl is free (2.64)

LL strong duality equality :

d(x)Tyl = µTl (b1 − Ax) + λTl (b2 − Cx) } ∀l (2.65)

It should be noted that the KKT stationarity conditions of LL problems are equiva-
lent to the equality constraints of the LL dual problems, and the KKT complementarity
conditions of LL problems are consistent with the strong duality equality of primal-dual
transformation [70].
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System-Driven Generation Planning

3.1 Introduction

The landscape of the GB power industry has been subject to significant evolution,
shaped by the shift from the previous integrated operating monopoly structure to today’s
deregulated market structure. Historically, the GB’s power system was characterised by
an integrated operating monopoly structure, a model that centralised control over genera-
tion, transmission, and distribution within a single entity. This configuration, emblematic
of many national power systems during the 20th century, was established on the rationale
that electricity supply constituted a natural monopoly, best managed through a centralised
approach to ensure its efficiency and reliability, thereby maximising social welfare [60].

In this context, this chapter proposes a system-driven generation planning framework
that reflects the characteristics of generation planning in a traditional vertically integrated
monopoly structure. It offers a holistic approach to generation capacity expansion with
an overarching cost-minimising objective.

Despite the transition towards a deregulated market structure in the latter decades,
the principles of system-driven generation planning retain their importance. Specifically,
system-driven generation planning can serve as a benchmark, inspiring today’s complex
multi-layer market design. Moreover, in the context of the GB’s commitment to achieve
net-zero carbon emissions by 2050, the roles of various low-carbon policies, such as car-
bon allowance and green certificate, should also be incorporated into the system-driven
model to uncover their implicit impacts on centralised generation planning, offering guid-
ance for future integration into the market framework. Overall, in an era where the energy
sector faces the dual challenges of designing cost-effective market mechanisms and nav-
igating towards a low-carbon future, this system-driven generation planning model can
provide invaluable insights for policymakers.

26
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The system-driven generation planning model proposed in this chapter is established
for quantitative analysis of the GB power grid regulated by an integrated monopoly. Ad-
ditionally, the GB’s carbon emission limits are incorporated into this model. A series of
case studies is designed to evaluate its business results, utilising the data sourced from
the 2021 GB power system. The findings clearly demonstrate that despite the system cost
remaining low, the system-driven generation planning framework cannot recover the total
cost and integrate more RESs.

3.2 Problem Statement

This section mathematically expands upon the decision-making process involved in
the system-driven generation planning and outlines the key assumptions underpinning the
modelling.

3.2.1 Structure of the Single-Level Optimisation Model

The system-driven model is presented within a two-stage, single-level LP optimisa-
tion framework, reflecting the vertically integrated structure of the electricity industry
regulated by the centralised decision-maker, the system operator. This monopoly struc-
ture is visually represented in Figure 3.1, providing a clear depiction of the single-level
modelling approach. Specifically, at the core of this single-level framework, the system
operator pursues minimising total cost. In parallel, this cost-minimising pursuit is subject
to a series of constraints stemming from the operation of the power system and environ-
mental policies. The examined vertically integrated utility is characterised by a two-stage
architecture that accommodates both the DA scheduling stage and the RT balancing stage,
capturing the centralised system operator’s perspective.

3.2.2 Modelling Assumptions

For comprehensive understanding, the major assumptions that frame the scope of the
proposed system-driven generation planning are outlined below:

1. The proposed single-level optimisation model represents the system-driven single-
stage generation planning faced by the system operator for the sake of minimising
total cost. Specifically, power generation is under an integrated operating monopoly
structure regulated by the system operator. The system operator is provided with
various investment options for generation capacities utilising flexible, must-run, and
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subject to:
➢Carbon allowance allocation constraints
➢Demand-supply balance constraints in the DA and RT stages
➢System-wide carbon emission regulatory constrains
➢Generation operating constraints
➢Upward and downward reserve constraints
➢Transmission network constraints in the DA and RT stages
➢Chance constraints for renewable energy uncertainty
➢Chance constraints for demand uncertainty

Investment decisions from the perspective of  centralized system operator
Min   System Cost + Investment Cost

Figure 3.1: Illustration of the two-stage single-level optimisation problem.

renewable technologies. Additionally, the flexible generation is divided into a series
of production blocks to model its output characteristics. In parallel, demand blocks
are also included in the proposed system-driven model.

2. To efficiently solve the model with uncertainties stemming from renewable power
generation and demand, a set of chance constraints is utilised.

3. The primary focus of this work is to investigate the composition of system-level
generation in future power networks, especially under the conditions of strict carbon
emission regulations. Therefore, the existing generation capacity is ignored in the
proposed system-driven model.

4. To maintain the convexity of the model, linear generation costs are implemented.
Moreover, it is assumed that renewable generation technologies incur no cost.

5. In the system-driven model, it is assumed that the generation capacities of RESs
and must-run technologies are utilised at their full capacities.
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6. The network transmission is represented through a linear DC power flow approxi-
mation.

7. In response to decarbonisation, the proposed model integrates a comprehensive
framework of carbon emission restrictions. On the one hand, the total flexible gen-
eration capacity within the system, which consumes fossil fuels, is constrained by
an annual limit on carbon emissions. On the other hand, the flexible generation is
charged for its carbon emissions. This framework is designed to guide the system
towards a more sustainable and low-carbon future.

3.3 Mathematical Model

The system-driven generation planning is a single-level optimisation problem derived
from the perspective of the system operator, and it can be formulated as follows:

min
V SY S

∑
d

ωd

[∑
i,t,n,b

CEN
i,b g

DA
i,d,t,n,b︸ ︷︷ ︸

DA energy cost

+
∑
i,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b)︸ ︷︷ ︸

RT reserve cost

+
∑

i∈IFL,t,n

λCO2Qemi
i,d,t,n

]
︸ ︷︷ ︸

Carbon emission cost

+
∑
i,n

CIN
i Gi,n︸ ︷︷ ︸

Investment cost

(3.1)

where:

V SY S =
{
Gi,n, Q

emi
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j,d,t,o, g
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i,d,t,n, δ
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d,t,n, δ

DA,ref
d,t ,

δRTd,t,n, δ
RT,ref
d,t

} (3.2)

subject to:
Gi,n ⩾ 0 ∀i ∈ I, ∀n (3.3)

Gi,n,b = ωFLb Gi,n ∀i ∈ IFL, ∀n, ∀b (3.4)

Qemi
i,d,t,n = (gDAi,d,t,n + gUi,d,t,n − gDi,d,t,n)η

CO2
i ∀i ∈ IFL, ∀d, ∀t, ∀n (3.5)∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ⩽ ηGrid

∑
j,t,o

LDAj,d,t,o ∀d (3.6)

∑
j∈Ψn,o

LDAj,d,t,o +
∑
m∈Λn

bnm(δ
DA
d,t,n − δDAd,t,m)−

∑
i∈Ψn,b

gDAi,d,t,n,b = 0 ∀d, ∀t, ∀n (3.7)
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∑
j∈Ψn,o

P dev
j,d,t,o +

∑
i∈IFL∩Ψn,b

(−gUi,d,t,n,b + gDi,d,t,n,b) +
∑

i∈IRE∩Ψn

gdevi,d,t,n−∑
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bnm(δ
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d,t,n − δRTd,t,n − δDAd,t,m + δRTd,t,m) = 0 ∀d, ∀t, ∀n

(3.8)

gDAi,d,t,n,b + gUi,d,t,n,b ⩽ Gi,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (3.9)

gDi,d,t,n,b ⩽ gDAi,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (3.10)

0 ⩽ gUi,d,t,n,b ⩽ GU
i,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (3.11)

0 ⩽ gDi,d,t,n,b ⩽ GD
i,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (3.12)

gDAi,d,t,n = Gi,n ∀i ∈ IMR, ∀d, ∀t, ∀n (3.13)

gDAi,d,t,n = kREi,d,tGi,n ∀i ∈ IRE, ∀d, ∀t, ∀n (3.14)
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nm ⩽ bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ Cmax

nm ∀d, ∀t, ∀n, ∀m ∈ Λn (3.15)

−π ⩽ δDAd,t,n ⩽ π ∀d, ∀t, ∀n (3.16)

δDA,refd,t = 0 ∀d, ∀t (3.17)

−Cmax
nm ⩽ bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ Cmax

nm ∀d, ∀t, ∀n, ∀m ∈ Λn (3.18)

−π ⩽ δRTd,t,n ⩽ π ∀d, ∀t, ∀n (3.19)

δRT,refd,t = 0 ∀d, ∀t (3.20)

P
[
gDAi,d,t,n − gdevi,d,t,n ⩽ gRi,d,t,n

]
⩾ 1− ρRE ∀i ∈ IRE, ∀d, ∀t, ∀n (3.21)

P
[∑

o

LDAj,d,t,o +
∑
o

P dev
j,d,t,o ⩾ LRj,d,t

]
⩾ 1− ρL ∀j, ∀d, ∀t (3.22)

The objective function of the system-driven generation planning model is formulated
in (3.1), aiming to minimise the overall system cost. Specifically, the overall system
cost consists of four components: (i) the energy cost incurred by energy transactions in
the DA stage; (ii) the reserve cost posed by reserve deployment in the RT stage; (iii)
the caron emission cost caused by flexible generation dispatches; and (iv) the investment
cost for new generation capacity. The decision variables of the system-driven model
include the total invested capacities across all generation technologies, carbon emission
quantities, DA generation dispatches, RT upward and downward reserves, demand and
renewable power deviations, DA voltage angles, and RT voltage angles, as outlined in the
set (3.2). It is important to note that the subscript b in DA generation dispatches, used for
compact notation, can be omitted when calculating dispatches for renewable and must-run
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capacities.

The system-driven generation planning is bound by six sets of constraints, which are
detailed as follows:

(i) Invested capacity constraints (3.3) - (3.4).
This set of constraints imposes restrictions on the new investments in generation ca-
pacities with various technologies. Constraint (3.3) ensures that the newly invested
generation capacities by the GenCo are not negative, reflecting the physical reality
that generation capacities cannot be less than zero. Constraint (3.4) determines the
weighting factors of production blocks within flexible generation capacities.

(ii) Carbon-aware constraints (3.5) - (3.6).
This set of constraints imposes restrictions on carbon emissions. Constraint (3.5)
quantifies the carbon emissions resulting from the use of fossil-fired flexible tech-
nologies. Constraint (3.6) limits system-wide carbon emissions from flexible gen-
eration capacities on a yearly basis.

(iii) Demand-supply balance constraints (3.7) - (3.8).
This set of constraints imposes the mandatory demand-supply balancing limits on
the DA and RT stages for stable system operation. Constraint (3.7) ensures that
demand and supply are balanced at each bus in the DA stage on an hourly basis.
Constraint (3.8) expresses unexpected imbalances that arise from demand, and re-
newable power deviations are counteracted by the deployment of reserves in the RT
stage.

(iv) Generation operating constraints (3.9) - (3.14).
This set of constraints regulates the operation of generation capacities using various
technologies. Constraints (3.9) and (3.10) present the coupled limits of DA gener-
ation dispatches and RT reserve provisions of flexible technologies. Constraints
(3.11) and (3.12) set the caps on the amount of upward reserve and downward re-
serve that can be deployed. Constraint (3.13) stipulates that the must-run generation
capacities are required to operate at their full capacity during the DA stage. Con-
straint (3.14) incorporates normalised forecasting output parameters into the DA
generation dispatches using renewable technologies.

(v) Network constraints (3.15) - (3.20).
This set of constraints models the power network topology and transmission across
the DA stage and RT stage. Constraint (3.15) regulates the transmission capacities
for linear DC power flow between two interconnected buses. The notation m ∈
Λn is used to specify the buses m that are directly connected to a given bus n.
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Constraint (3.16) imposes upper and lower limits on the voltage angles at each bus
in the DA stage. Constraint (3.17) designates bus n = 1 as the slack bus in the
DA stage. Accordingly, constraints (3.18) - (3.20) are analogous to those in the DA
stage but are tailored for the RT stage.

(vi) Chance constraints for uncertainties (3.21) - (3.22).
This set of constraints relates to the uncertainties derived from demand and renew-
able power deviations. Chance constraint (3.21) accounts for the variability and
unpredictability of wind generation, ensuring that the total wind power production
is lower than its expected realisation with a specific confidence level of 1 − ρRE .
They mean that the probabilistic model regulates the actual wind power generation
lower than its realisation with a certain degree of probability 1− ρRE . Chance con-
straint (3.22) ensures that the overall demand consumption is projected to be higher
than the realisation of baseline demand, again with a defined confidence level of
1 − ρL. Similarly, they mean the overall demand consumption is higher than the
baseline demand realisation with a probability of 1− ρL.

3.4 Solution

This section details the solution approach for addressing the non-convex, system-
driven generation planning model. The non-convexities incurred by the chance constraints
are eliminated by the linearization techniques. After this, the proposed model can be
transformed into a LP problem, which can be solved efficiently by commercial solvers.

3.4.1 CCP Reformulation

In our research, the chance constraints include the stochastic variables, denoted as gR

and LR, for addressing the uncertainties related to renewable power and demand. Ac-
cording to the central limit theorem, these stochastic variables are modelled as following
normal distributions:

gRi,d,t,n ∼ N (mRE
i,d,t,n, (s

RE
i,d,t,n)

2), LRj,d,t ∼ N (mL
j,d,t, (s

L
j,d,t)

2) (3.23)

where parameter m is the mean of the corresponding normal distribution and parameter s
is its standard deviation. It should be noted that the chance constraints (3.21) and (3.22)
are non-convex. In order to make the proposed model solvable, the non-convexities in
these chance constraints are required to be eliminated.
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Based on the techniques detailed in [67], it gives a special instance of the CCP prob-
lem that can be linearized, aligning with the mathematical form of chance-constrained
uncertainties in our model. This special case of CCP can be detailed as follows:

min
x
cTx (3.24)

s.t. P(aTx+ bT ξ + ξTDx ⩽ e) ⩾ 1− ϵ (3.25)

where a, b, D, and e are the parameters with appropriate dimensions, and ξ represents the
multivariate normal distribution with mean m and covariance Σ. As proved in [67], if ϵ is
no more than 0.5, the special case (3.24)-(3.25) is equivalent to the following problem:

min
x
cTx (3.26)

s.t. e− bTm− (a+DTm)Tx ⩾ Φ−1(1− ϵ)
√

(b+Dx)TΣ(b+Dx) (3.27)

Given that the normal distributions adopted in this work are one-dimensional and they
are not correlated with the decision variables (indicated byD=0), the equivalent constraint
(3.27) can be further reduced to the following linear constraint:

e− bTm− aTx ⩾ Φ−1(1− ϵ)|b|s (3.28)

where s is the standard deviation of the normal distribution.

To illustrate the linearization process, let us consider the example of wind power un-
certainty represented by the chance constraint (3.21). In this example, the corresponding
parameters are listed as follows:

e = 0, a = [1,−1]T , b = −1, ξ = gRi,d,t,n,m = mRE
i,d,t,n, s = sREi,d,t,n,

x = [gDAi,d,t,n, g
dev
i,d,t,n]

T , ϵ = ρRE
(3.29)

Subsequently, the linear expression can be obtained by substituting the parameters
(3.29) into the constraint (3.28):

mRE
i,d,t,n − gDAi,d,t,n + gdevi,d,t,n ⩾ Φ−1(1− ρRE)sREi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (3.30)

Similarly, in terms of the chance constraint (3.22) representing the demand uncertainty,
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the relevant parameters can be expressed as follows:

e =
∑
o

LDAj,d,t,o, a = −1, b = 1, ξ = LRj,d,t,m = mL
j,d,t, s = sLj,d,t,

x =
∑
o

P dev
j,d,t,o, ϵ = ρL

(3.31)

Finally, the chance constraint related to the demand-side uncertainty, (3.22), can be
simplified into a linear constraint using the same methodology. The formulation is listed
below:

−mL
j,d,t +

∑
o

P dev
j,d,t,o +

∑
o

LDAj,d,t,o ⩾ Φ−1(1− ρL)sLj,d,t ∀j, ∀d, ∀t (3.32)

3.4.2 Final LP

Finally, the proposed system-driven model is converted into a single-level LP. The LP’s
linear objective function (3.33) and set of decision variables (3.34) concur with those in
the original model. Furthermore, the LP’s constraints are composed of the linear con-
straints in the original system-driven model (3.35) and the linearized chance constraints
(3.36). The final LP is mathematically formulated as follows:
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subject to:

Linear constraints of original system-driven model : (3.3) − (3.20) (3.35)

Linearized chance constraints : (3.30) − (3.32) (3.36)
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3.5 Case Studies

3.5.1 Data Descriptions and Implementation

The objective of case studies is to explore the impact of power generation under the
supervision of a vertically integrated monopoly and subsequently serve as a benchmark to
evaluate the value of the deregulated energy market discussed later. To this end, the case
studies are carried out using the data from the GB power grid in 2021. All necessary data
are presented in this subsection.

The case studies explore a range of investment options for the system operator, de-
tailing the holistic technical data sourced from [31]. As described in Table 3.1, the tech-
nical specifications cover six distinct technologies for investment, including two variants
of combined cycle gas turbines (CCGT1 and CCGT2), two variants of open cycle gas
turbines (OCGT1 and OCGT2), one option for nuclear power, and one option for wind
power. These technologies are differentiated based on their operational characteristics.
Specifically, CCGT1, CCGT2, OCGT1, and OCGT2 are recognised as flexible genera-
tion technologies, nuclear power is categorised as a must-run generation source, and wind
power is identified as a renewable power generation option. It is noteworthy that in terms
of flexible generation technologies, the marginal cost for providing upward reserve is set
at 1.1 times the marginal energy cost; conversely, the marginal cost for providing down-
ward reserve is set at 0.9 times the marginal energy cost, indicating a discount for the
ability to reduce output when demand falls below expectations. Furthermore, a compar-
ison between the two pairs of technologies, CCGT1 versus CCGT2, and OCGT1 versus
OCGT2, reveals a trade-off between cost and operational flexibility. CCGT1 and OCGT1
are characterised by lower investment and marginal energy costs, making them economi-
cally attractive options. However, these technologies have a relatively limited capability
to provide reserves. On the other hand, CCGT2 and OCGT2, despite their higher invest-
ment and marginal energy costs, offer greater reserve provision capability.

As detailed in the fourth row of Table 3.1, the differentiation in environmental impact
among the generation technologies is a key consideration for the system operator. CCGT
technologies are noted for being more environmentally friendly compared to OCGT tech-
nologies due to lower carbon emissions. Furthermore, nuclear and wind power are recog-
nised as sustainable energies with zero carbon emissions during operation.

The last five rows of Table 3.1 refer to the marginal energy costs associated with differ-
ent generation blocks of flexible technologies (CCGT1, CCGT2, OCGT1, and OCGT2),
with five production blocks designed to capture the input-output characteristics of these
flexible technologies. The allocation of weights to these blocks is set as [0.1, 0.15, 0.2,
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0.25, 0.3]. It should be clarified that although energy prices are not included in the
proposed system-driven model, they can be determined by the marginal energy cost of
marginal generation capacities. Accordingly, the same pricing mechanism is applied to
derive the prices of both upward and downward reserves.

Table 3.1: Parameters of investment options.

Investment option CCGT1 CCGT2 OCGT1 OCGT2 Nuclear Wind
Type Flexible Flexible Flexible Flexible Must-run Renewable

Investment cost CIN (£/MW/yr) 14413 17440 8610 10418 114849 35756
Carbon intensity ηCO2 (t/MWh) 0.39 0.39 0.65 0.65 0 0

Maximum upward reserve capacity GU (MW) 4000 8000 4000 8000 - -
Maximum downward reserve capacity GD (MW) 4000 8000 4000 8000 - -

Marginal energy cost CEN (£/MWh)

Block 1 7.43 20.05 40.99 49.25

4.72 0
Block 2 9.03 24.34 49.78 59.81
Block 3 10.62 28.64 58.56 70.36
Block 4 12.21 32.94 67.34 80.91
Block 5 13.81 37.23 76.13 91.47

Table 3.2 displays crucial parameters for analysing the business cases derived from the
system-driven model in the context of the 2021 GB power grid, focusing on the carbon
intensity, carbon price, and system demand. These parameters are sourced from authori-
tative datasets: the system-wide carbon intensity is given by the National Grid Electricity
System Operator (NG ESO) [71], the carbon price is collected from the UK Emissions
Trading Scheme (UK ETS) [72], and the total system demand is provided by the National
Grid Future Energy Scenarios (NG FES).

Table 3.2: Parameters of the GB power grid in 2021.

Year 2021
System-wide carbon intensity ηGrid (t/MWh) 183.11
Carbon price λCO2 (£/t) 71.54
Total system demand (TWh) 248.30

In order to serve as a benchmark, despite taking no account of the wind power devia-
tion penalty, carbon allowance, or TGC transaction in the proposed system-driven model,
their business results can be obtained using the two frameworks. Firstly, the wind power
deviation penalty and carbon allowance revenue are formulated as below:

Wind power deviation penalty =
∑
d

ωd
∑

i∈IRE ,t,n

λRTd,t,ng
dev
i,d,t,n (3.37)

QCA
i,d,t,n = (gDAi,d,t,n − gdevi,d,t,n)η

Gridϵi ∀i ∈ IRE, ∀d, ∀t, ∀n (3.38)
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Carbon allowance revenue =
∑
d

ωd
∑

i∈IRE ,t,n

λCO2QCA
i,d,t,n (3.39)

Equation (3.38) defines the allocation of carbon allowances, aligning with environ-
mental regulations. It should be noted that the values of DA wind generation dispatch
gDAi,d,t,n, RT wind power deviation gdevi,d,t,n, and RT price λRTd,t,n are known since their optimal
results are obtained by the proposed system-driven model. Thus, wind power deviation
penalty and carbon allowance revenue can be calculated through (3.37) and (3.39), respec-
tively. Moreover, it should be clarified that the wind power deviation penalty is derived
from insufficient wind power generation. Conversely, if the actual wind power exceeds
expectations, this term will be negative, representing a form of revenue.

Secondly, the TGC revenue is from the present TGC market and the future TGC mar-
ket, which is derived through the following single-level optimisation framework:

max
V TGC

∑
d

ωd

[ ∑
i∈IRE

(λPGCi,d QPGC
i,d + λFGCQFGC

i,d )︸ ︷︷ ︸
Green certificate revenue

]
(3.40)

where:

V TGC =
{
QPGC
i,d , QFGC

i,d , λPGCi,d

}
(3.41)

subject to:
QPGC
i,d +QFGC

i,d =
∑
t,n

(gDAi,d,t,n − gdevi,d,t,n) ∀i ∈ IRE, ∀d (3.42)

λPGCi,d = lPGC − qPGCQPGC
i,d ∀i ∈ IRE, ∀d (3.43)

λFGC = γFGCλRPS0 (3.44)

The objective function (3.40) is to maximise the revenue from TGC transactions in the
present TGC market (first term) and future TGC market (second term). It is necessary to
explain that renewable generation dispatch and deviation have already been determined
by solving the system-driven generation planning model. The related variables are col-
lected in the set V TGC , including TGC quantity trading in the present TGC market QPGC

i,d ,
TGC quantity trading in the future TGC market QFGC

i,d , and present TGC price λPGCi,d . It
should be noted that the estimated price for the future TGC market, λFGC , is known as
a parameter according to (3.44). This set of TGC constraints (3.42)-(3.44) relates to the
present TGC market and the future TGC market. Constraint (3.42) represents the total
amount of TGCs related to wind generation dispatches in the DA stage and deviations in
the RT stage. Constraint (3.43) expresses that the present TGC prices are captured by a
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quantity-based inverse demand function. Constraint (3.44) approximates the future TGC
price based on the penalty price of RPS deficiency.

It is observable that the bilinear term, λPGCi,d QPGC
i,d , exists in objective function (3.40).

To erase this bilinear term, it can be converted into a quadratic term by adopting con-
straints (3.43)-(3.44), which can be expressed as follows:∑

i∈IRE ,d

(λPGCi,d QPGC
i,d + λFGCQFGC

i,d ) =

∑
i∈IRE ,d

[
lPGCQPGC

i,d − qPGC(QPGC
i,d )2 + λFGCQFGC

i,d

] (3.45)

The business cases related to wind power deviation, carbon allowance, and TGC can
be derived from these two frameworks after the outcomes of the system-driven model are
obtained. The comprehensive trading mechanisms for carbon allowance and TGC will
be detailed later. Apart from the energy-related parameters, the additional parameters
associated with carbon allowance and TGC are essential. As referenced from [73] and
[64], the carbon allowance allocation ratio, ϵi, is set as 0.4; the RPS requirement ratio,
γRPS , is set as 40%; the approximated price ratio in the future TGC market, γFGC , is
set as 0.3; and the price coefficient in the present TGC market, θPGC , is also set as 0.3.
It should be noted that the penalty price for RPS deficiency, λRPS0 , is assumed to be 1.1
times the carbon price.
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Figure 3.2: Data profiles of the 2021 GB power system.

The GB demand profile and the normalised power output of wind energy in 2021
are illustrated in Figure 3.2. The corresponding data is derived from the National Grid
Electricity System Operator (NG ESO) and the research paper [16]. In line with the set-
ting of production blocks, the demand is accurately modelled by the five demand blocks,
incorporating weighting factors as [0.6, 0.1, 0.1, 0.1, 0.1]. By virtue of computational
burden, the demand profile is simulated on a representative day with an hourly resolution
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(T = {1, 2, . . . , 24}), scaled across a target year (ω = 365) to capture daily fluctuations
in energy consumption and production patterns.

In order to enhance the realism of the experiments, chance constraints are employed in
the proposed system-driven model to address the inherent uncertainties, which are cate-
gorised into two types: demand uncertainty and wind power production uncertainty. The
related coefficients used in the chance constraints are given by [31]. Overall, the model
sets confidence levels for all the chance constraints at 95% (1−ρL = 1−ρRE = 95%), con-
veying the ρ-reliable threshold for both demand and wind power production uncertainty.

The linearized CCP formulations incorporate stochastic variables for wind power and
demand realisations, which are modelled using two normal distributions, N (mRE, (sRE)2)

for wind power and N (mL, (sL)2) for demand. The means of these distributions (mL and
mRE) are aligned with the baseline demand and DA power dispatch, respectively. Mean-
while, the standard deviations (sL and sRE), set at 1% of the baseline demand and 10%
of the DA wind power dispatch, respectively, quantify the anticipated variability around
these means.

The case studies are implemented in the developed MIQP model solved with the well-
known solver, Gurobi 10.0, on a PC with a 6-core 3.50 GHz Intel(R) Xeon(R) E5-1650
processor and 64 GB of RAM [74]. All the cases are coded in Python 3.10, integrated
with Pyomo 6.4.3 [75]. Due to the simplification of CCP, all cases are computationally
tractable within a reasonable time.

3.5.2 System Outcomes and Business Cases

Table 3.3: Investment decisions and business results for the system-driven scenario re-
garding the 2021 GB power system.

CCGT1 (MW) 14,184 Investment cost (mil.£) 2,631
CCGT2 (MW) - DA energy cost (mil.£) 1,497
OCGT1 (MW) - DA energy revenue (mil.£) 2,970
OCGT2 (MW) - RT reserve cost (mil.£) 47
Nuclear (MW) 20,172 RT reserve revenue (mil.£) 72
Wind (MW) 3,562 Wind power deviation penalty (mil.£) 20
Carbon emission cost (mil.£) 1,902 Carbon allowance revenue (mil.£) 43
Green certificate revenue (mil.£) 552 Profit (mil.£) -2,460

It should be clarified that the comprehensive investment decisions and business results
derived from the system-driven scenario are listed in Table 3.3. Additionally, the DA
generation dispatches and RT imbalances of the system-driven scenario are illustrated in
Figures 3.3 and 3.4, respectively. The DA and RT price profiles are shown in Figure 3.5.
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Figure 3.3: Daily generation dispatches in the DA stage for the system-driven scenario
regarding the 2021 GB power system.

Analysis of Investment Decisions

The first to sixth row in the first column of Table 3.3 exhibits the optimal investment
decisions derived from the system-driven model in the context of the 2021 GB power sys-
tem. Under the rigid 2021 GB carbon limitations, emission-free generation technologies,
i.e., nuclear and wind power, have become increasingly popular. Due to their ’must-run’
characteristics in the DA stage, the total power generation from emission-free capacity is
capped by the bottom level of baseline system demand, as illustrated in Figure 3.3. Addi-
tionally, it should be noted that the legends ’Demand’ and ’Wind’ in Figure 3.3 represent
DA demand consumption and DA wind power dispatch, respectively, while in Figure 3.4,
they depict the deviations in demand and wind power generation. However, it is observ-
able that the investment in nuclear power is much greater than in wind power. This is
because nuclear power has two main advantages in a system-driven scenario: on the one
hand, despite the high investment cost of nuclear power, unlike the inherent intermit-
tency and variability of wind power, nuclear does not introduce uncertainty that would
increase the reserve requirement, thereby leading to increased system cost; on the other
hand, compared with the high capacity factor of nuclear power, wind power generation
is highly affected by the weather conditions, resulting in a relatively low capacity factor,
ultimately making the efficiency of investing in wind power capacity quite low.

Flexible generation capacity plays two necessary roles: in the DA stage, since both
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Figure 3.4: Daily imbalances in the RT stage for the system-driven scenario regarding the
2021 GB power system.
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Figure 3.5: Daily prices in the DA and RT stages for the system-driven scenario regarding
the 2021 GB power system.

wind and nuclear are inflexible, one of the primary roles of flexible generation capacity
is to compensate for the peak-valley difference in system demand, as illustrated in Figure
3.3; then, in the RT stage, the necessary reserve needs to be provided by flexible gener-
ation to eliminate uncertainties from wind power and demand, as seen in Figure 3.4. It
is evident that the flexible generation capacity in the optimal investment mix is entirely
provided by CCGT1 technology. This phenomenon is due to the cost-effective advantage
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of CCGT1 technology. Specifically, CCGT1 technology has three natural advantages
compared to other flexible generation technologies: first, the low marginal energy cost
characteristic of CCGT1 technology means that both its generation cost in the DA stage
and reserve cost in the RT stage are low, aligning with the goal of minimising system
cost; second, the investment cost of CCGT1 is quite low; and third, the carbon intensity
of CCGT1 technology is the lowest among the available flexible generation technologies,
facilitating compliance with the 2021 GB carbon limits and reducing carbon emission
cost. Additionally, CCGT1 serves as the marginal unit in both the DA and RT stages;
therefore, the clearing prices of the DA and RT stages are determined by the marginal
cost of CCGT1, as illustrated in Figure 3.5.

Analysis of Business Cases

The business results of the system-driven case are fully displayed in the last two rows
in the first column and the first to eighth row in the second column of Table 3.3. It is note-
worthy that, since the system-driven scenario is committed to minimising the total system
cost, all components of the system cost, including investment cost, DA energy cost, RT
reserve cost, and carbon emission cost, are maintained at low levels. Simultaneously, the
wind power deviation penalty remains low due to the low scale of integrated wind power.
However, as the system-driven framework fails to capture the implicit economic benefits,
all components of revenue, including DA energy revenue, RT reserve revenue, carbon
allowance revenue, and TGC revenue, are also low, ultimately leading to a negative total
profit for the GenCo, indicating a serious problem of cost recovery.

3.6 Conclusions

This chapter aims to explore the impact of the vertically integrated monopoly structure
on generation planning with the current carbon emission limits. In parallel, it also serves
as a benchmark for the market-driven framework discussed later. To this end, we first
develop a chance-constrained single-level optimisation model to reflect the perspective of
a centralised system operator, where the objective is to minimise the total cost and a series
of constraints imposed by power system operation and environmental regulation. After-
ward, the chance constraints employed to depict the uncertainties introduced by RESs
and demand are converted into linear expressions by the linearization technique. Finally,
this chance-constrained single-level optimisation problem is recast as a LP, which can be
efficiently solved. The case studies have been carried out based on the 2021 GB power
system, and the findings are detailed as follows:
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1. The optimal investment mix derived from the proposed system-driven model indi-
cates that wind power capacity accounts for 9%, suggesting that the wind energy
integration capability of a vertically integrated electricity system is poor, conflicting
with the current GB’s vision to expand wind power scale.

2. The business results obtained from the proposed system-driven model indicate that
total profit is negative (-£2,460 million). This implies that while a vertically inte-
grated electricity system can ensure low costs, it fails to generate sufficient profit to
recover costs, thereby losing economic vitality.



Chapter 4

Market-Driven Generation Planning

4.1 Introduction

The deregulation of the GB’s power system, initiated in the 1980s and progressing
through the 1990s, marked a shift towards a liberalised energy market, fundamentally
transforming the landscape of generation planning. The GB’s journey towards deregu-
lation was characterised by the unbundling of generation, transmission, and distribution
functions, along with the introduction of multi-scale market competitions, i.e., the whole-
sale energy market, retail market, local energy market, and so on [60]. This restructuring
incorporates the impact of economic incentives into the investment decisions in power
generation. The historic transition from a traditional vertically integrated monopoly to
a competitive market environment introduced new complexities and set the stage for the
emergence of market-driven generation planning.

In this context, market-driven generation planning becomes a crucial methodology
that reflects the complexities of market dynamics in the expansion of generation capac-
ity within a deregulated power system. This approach employs a bi-level optimisation
framework, capturing the coupled relationships between the GenCos and market oper-
ator. The upper level of the framework focuses on the profit-maximising objectives of
GenCos, strategizing investment decisions in response to market signals. Conversely, the
lower level encompasses the perspectives of a cost-minimising market operator, ensuring
the efficient allocation of resources and compliance with regulatory standards.

Nowadays, under the GB’s ambitious zero-carbon targets, market-driven generation
planning acquires enhanced significance. It becomes a powerful tool for factoring in
the role and value of various low-carbon policies under the market framework aimed at
steering generation planning towards a sustainable pathway. This planning approach par-
ticularly focuses on integrating renewable generation capacity and responding to market

44
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signals for profitability.

The market-driven generation planning model proposed in this chapter is established
for quantitatively analysing the impact of the GB’s deregulated market environment. Ad-
ditionally, multi-scale low-carbon policies, including carbon emission limits, carbon al-
lowances, and green certificates, are incorporated into this model. A series of case studies
are designed to evaluate market outcomes and business results, utilising the data sourced
from the 2021 GB power system. The findings clearly demonstrate that the deregulated
market framework not only sharply raises the total profit of the GenCo but also enhances
the integration of renewable power capacity.

4.2 Problem Statement

This section generalises the decision-making process of the investigated market-driven
generation planning and the main assumptions for its mathematical modelling.

4.2.1 Structure of the Bi-Level Optimisation Model

The market-driven model is presented as a two-stage bi-level optimisation framework,
capturing the dynamic interplay between a profit-seeking GenCo at the UL problem and
the intricate clearing processes of multiple markets at the two LL problems (LL1 and
LL2). This structure is visually represented in Figure 4.1, providing a clear depiction
of the comprehensive modelling approach. Specifically, at the core of this framework,
the LL1 problem adopts a two-stage architecture that concurrently clears the DA energy
market and the RT balancing market. Meanwhile, the LL2 problem employs the inverse
demand function to capture the present TGC market’s dynamics and estimate the price in
the future TGC market, offering a strategic perspective on TGC trading.

The interdependence between the UL problem and the two LL problems is pronounced.
The investment decisions made by GenCo at the UL significantly affect the market out-
comes realised within the two LL problems. In turn, the business cases emerging from
the LL1 problem, characterised by energy prices and generation dispatches in both the
DA and RT markets, along with the TGC quantities and prices obtained in the LL2 prob-
lem, critically influence GenCo’s profitability. This bidirectional feedback loop under-
scores the complex relationship between generation planning and market performance,
highlighting the feature of capturing real-world market dynamics and GenCo’s decision-
making processes.
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DA and RT market joint clearing algorithm 
(LL1)

Min   DA Energy Cost + RT Balancing Cost 
subject to:
➢Demand-supply balance constraints in the 

DA and RT markets
➢System-wide carbon emission constrains
➢Generation operating constraints
➢Upward and downward reserve constraints
➢Transmission network constraints
➢Chance constraints for renewable energy 

uncertainty
➢Chance constraints for demand uncertainty

Investment decisions of the GenCo (UL)
Max   GenCo Profit 
subject to:
➢Caron allowance allocation constraints
➢Carbon emission constraints
➢Green certificate allocation constraints

TGC market clearing algorithm (LL2)
➢Inverse demand function of the present 

TGC market
➢Future TGC pricing constraints

DA prices, 
RT prices,

DA dispatches, 
RT deviations

Investment 
decisions

Present TGC 
quantities,

Future TGC 
quantities

Present 
TGC prices, 

Future 
TGC prices  

Figure 4.1: Illustration of the proposed two-stage bi-level optimisation model.
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4.2.2 Modelling Assumptions

Aiming at clarity and completeness, the major assumptions of the proposed two-stage
bi-level market-driven model are listed below:

1. The proposed two-stage bi-level optimisation model represents the market-driven
generation planning faced by a self-interested GenCo seeking to maximise its long-
term profit. The GenCo is allowed to invest in generation capacities utilising flex-
ible, must-run, and renewable technologies. Furthermore, the flexible generation
capacities are explicitly modelled by the production blocks to capture their output
characteristics. Accordingly, demand blocks are also incorporated into the proposed
model.

2. The examined GenCo is permitted to participate in four different markets. The two-
stage energy markets adopted for this work include the DA energy market and the
RT balancing market with an hourly time resolution. Furthermore, the proposed
model takes into consideration the present TGC market and the future TGC market.

3. Based on the study in [76], its pricing scheme, namely LMP, is applied within the
proposed two-stage energy market framework. This approach leverages the LMPs
for determining the electricity prices at different locations in the network, which
are calculated using the dual variables of the hourly demand-supply balance in both
the DA and RT markets. The so-called LMP scheme reflects the marginal cost of
supplying the next unit of electricity at a specific location, considering the effect
of network transmission congestion, thereby facilitating efficient market operations
and signaling appropriate economic incentives.

4. The model incorporates the pricing mechanism outlined in [64] for trading in the
present and future TGC markets. Specifically, the prices in the present TGC market
are determined using an inverse demand function. Furthermore, the future TGC
price is estimated based on the penalty price associated with RPS deficiency.

5. Once the GenCo finalises its investment decisions, the sequential clearing process
of the DA, RT, and TGC markets is arranged by the market operator. Specifically,
the market operator first clears the DA energy market, taking into account the un-
certainties incurred by demand and renewable generation as well as scheduling the
generation dispatches. Subsequently, the depolyment of reserves is organised by
market operator in the RT market to eliminate the unexpected uncertainties aris-
ing from wind power and demand-side deviations. Following this, the prices and
quantities of TGC are determined based on the clearing results of the DA and RT
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markets. By comparing the present TGC market clearing price with the estimated
future TGC market price, the examined GenCo can choose either to trade its TGCs
in the present TGC market or retain them for future trading, thus completing the
transactions in the TGC market. Finally, the outcomes of these three markets are
relayed to the examined GenCo, significantly influencing its profit-oriented invest-
ment decision-making process.

6. Although the DA and RT markets are cleared sequentially from the perspective of
the examined GenCo, investment decisions are required to maximise the overall
expected profit simultaneously [77]. Additionally, as highlighted in research works
[78, 79], a co-optimised approach to managing energy and reserves significantly
enhances the efficiency of generation dispatch compared to scenarios where energy
and reserves are cleared separately. Therefore, this paper adopts a joint clearing
model for the DA and RT markets. Furthermore, it is assumed that GenCo sells the
TGCs in the present TGC market or withholds the TGCs for future trading after
the outcomes of the energy markets are obtained. This assumption is logical since
the allocation of TGCs becomes definitive after the results of renewable generation
dispatches and deviations are available, which is more conducive to risk mitigation
[64].

7. In order to facilitate the mathematical solution, the uncertainties sourced from RESs
and demand are realised by a set of chance constraints.

8. As the primary objective of this paper is to explore the system-level generation
mix of the future grid under stringent carbon emission regulations, the proposed
generation planning model excludes the consideration of other GenCos.

9. In order to ensure the convex characteristics of the LL1 problem, linear generation
costs are adopted in the proposed model. Additionally, it is assumed that renewable
generation technologies are cost-free.

10. In the DA market, the generation capacities of renewable and must-run technologies
are assumed to operate at their full capacity.

11. The network transmission is modelled based on a linear DC power flow approxi-
mation.

12. In the face of decarbonisation, a series of carbon emission restrictions and green en-
ergy incentives are imposed on the examined GenCo. Firstly, GenCo is limited by
an annual cap on carbon emissions. Moreover, it is assumed that carbon emissions
only depend on the generation of flexible technologies that consume fossil fuels.
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Secondly, carbon emissions from the GenCo are subject to a carbon tax. Thirdly,
carbon allowances are allocated to the GenCo based on its renewable energy gen-
eration, and the GenCo can profit by trading these carbon allowances. Fourthly,
GenCo can earn TGCs through renewable power production and participate in the
present and future TGC markets to gain profits. Finally, the RPS ratio is incorpo-
rated into the parameter setting of TGC markets. These environmental policies are
set to work together towards a fully decarbonised power system.

4.3 Mathematical Model

This section details the specific formulations of the UL problem pertaining to GenCo
and the two LL problems (LL1 and LL2) with respect to the multiple market clearing
processes.

4.3.1 UL Problem: Investment Decisions of GenCo

The UL problem in the framework focuses on the decision-making process of the
profit-driven GenCo, aiming to maximise its total profit through the optimal investment
mix in light of the evolving market dynamics. It can be mathematically articulated through
the following formulations:

max
V UL

∑
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}
(4.2)
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subject to:
Gi,n ⩾ 0 ∀i ∈ I, ∀n (4.3)

Gi,n,b = ωFLb Gi,n ∀i ∈ IFL, ∀n, ∀b (4.4)

QCA
i,d,t,n = (gDAi,d,t,n − gdevi,d,t,n)η

Gridϵi ∀i ∈ IRE, ∀d, ∀t, ∀n (4.5)

Qemi
i,d,t,n = (gDAi,d,t,n + gUi,d,t,n − gDi,d,t,n)η

CO2
i ∀i ∈ IFL, ∀d, ∀t, ∀n (4.6)

QPGC
i,d +QFGC

i,d =
∑
t,n

(gDAi,d,t,n − gdevi,d,t,n) ∀i ∈ IRE, ∀d (4.7)

The objective function of the UL problem, defined as (4.1), is structured to maximise
the total profit of the examined GenCo on a yearly basis. This comprehensive objective
encompasses various aspects of GenCo’s business cases through nine distinct elements:
(i) energy revenue earned from invested generation capacities in DA market (first term);
(ii) energy cost posed by generation in DA market (second term); (iii) reserve revenue
earned from reserve provision of flexible generation capacities in RT market (third term);
(iv) reserve cost posed by reserve provision in RT market (fourth term); (v) penalty in-
curred by renewable power deviations (fifth term); (vi) carbon emission cost incurred
by flexible generation technologies (sixth term); (vii) revenue earned from trading car-
bon allowance (seventh term); (viii) revenue earned from TGC transaction (eighth term);
and (ix) investment cost for procuring new generation capacities (last term). The deci-
sion variables in the UL problem are composed of the total invested capacities across all
generation technologies, as well as the quantities of carbon allowances, emissions, and
TGCs, as defined in (4.2). It should be clarified that the renewable deviation penalty
captures the cost incurred by the unexpected curtailment of renewable power generation.
Conversely, if the actual renewable power exceeds expectations, this term will be positive,
implying a profit for overperformance. Note that although the DA generation dispatches
are uniformly denoted with the subscript b, in practice, this subscript b can be omitted
when calculating dispatches of renewable and must-run capacities. Additionally, the sym-
bol i/k/q/j/e ∈ Ψn indicates new-invested capacities using flexible/must-run/renewable
generation technologies i/k/q, demand j, and ES unit e, are located at bus n.

The UL problem is bound by various constraints. Constraint (4.3) ensures that the new
capacities invested by the GenCo are non-negative, reflecting the real-world physics. Con-
straint (4.4) details the weighting factors of the production blocks corresponding to flex-
ible generation capacities. Constraint (4.5) presents the allocation of carbon allowances.
Constraint (4.6) quantifies the carbon emissions produced by the operation of fossil-fired
flexible generation technologies. Lastly, constraint (4.7) calculates the total quantities of
TGCs that are generated based on renewable energy production in the DA market and its
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deviation in the RT market.

4.3.2 LL1 Problem: Joint Clearing Process of DA Energy and RT
Balancing Markets

From the perspective of the market operator, the two-stage electricity markets, namely
the DA energy market and the RT balancing market, are jointly cleared in order to min-
imise the overall system cost, which can be mathematically expressed as follows:

{
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subject to:∑
j∈Ψn,o

LDAj,d,t,o +
∑
m∈Λn

bnm(δ
DA
d,t,n − δDAd,t,m)−

∑
i∈Ψn,b

gDAi,d,t,n,b = 0 : λDAd,t,n ∀t, ∀n (4.10)

∑
j∈Ψn,o

P dev
j,d,t,o +

∑
i∈IFL∩Ψn,b

(−gUi,d,t,n,b + gDi,d,t,n,b) +
∑

i∈IRE∩Ψn

gdevi,d,t,n−∑
m∈Λn

bnm(δ
DA
d,t,n − δRTd,t,n − δDAd,t,m + δRTd,t,m) = 0 : λRTd,t,n ∀t, ∀n

(4.11)

∑
i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ⩽ ηGrid

∑
j,t,o

LDAj,d,t,o : ζd (4.12)

gDAi,d,t,n,b + gUi,d,t,n,b ⩽ Gi,n,b : µUi,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (4.13)

gDi,d,t,n,b ⩽ gDAi,d,t,n,b : µDi,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (4.14)

0 ⩽ gUi,d,t,n,b ⩽ GU
i,b : ϕU,−i,d,t,n,b, ϕ

U,+
i,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (4.15)

0 ⩽ gDi,d,t,n,b ⩽ GD
i,b : ϕD,−i,d,t,n,b, ϕ

D,+
i,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (4.16)

gDAi,d,t,n = Gi,n : γi,d,t,n ∀i ∈ IMR, ∀t, ∀n (4.17)

gDAi,d,t,n = kREi,d,tGi,n : θi,d,t,n ∀i ∈ IRE, ∀t, ∀n (4.18)

−Cmax
nm ⩽ bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ Cmax

nm : νDA,−d,t,n,m, ν
DA,+
d,t,n,m ∀t, ∀n, ∀m ∈ Λn (4.19)



52 Chapter 4. Market-Driven Generation Planning
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The objective function of the LL1 problem, represented as (4.8), focuses on minimis-
ing two key components within the energy system: the total energy cost (first term) and
the reserve cost (last two terms). This function reflects the overarching goal of reduc-
ing the overall system cost from the perspective of the market operator. The decision
variables for the LL1 problem are grouped in the set (4.9), encompassing DA generation
dispatches, RT upward and downward reserve provisions, demand and renewable power
uncertainties, as well as DA and RT voltage angles.

The LL1 problem is subject to system balance constraints (4.10) - (4.11), system-
wide carbon emission constraint (4.12), generation operating constraints (4.13) - (4.18),
network constraints (4.19) - (4.24), and chance constraints (4.25) - (4.26), respectively.
These constraints are detailed as follows:

(i) System balance constraints (4.10) - (4.11).
This set of constraints imposes demand-supply balance restrictions on the two-stage
energy markets. Constraint (4.10) enforces the DA demand-supply balance at each
bus, where the DA market clearing price is derived from the associated dual vari-
able λDAd,t,n. Similarly, constraint (4.11) guarantees the RT unexpected imbalance
arises from the demand and renewable power deviations are counterbalanced by
the reserve deployment, where the dual variable, λRTd,t,n, constitutes the RT market
clearing price.

(ii) System-wide carbon emission constraint (4.12).
This constraint limits the system-level carbon emissions derived from flexible gen-
eration capacities that consume carbon-intensive fossil fuels.

(iii) Generation operating constraints (4.13) - (4.18).
This set of constraints details the operational features of the generators using vari-
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ous technologies across the DA energy market and the RT balancing market. Con-
straints (4.13) and (4.14) are instrumental in describing the coupled operational
bounds for DA generation dispatches and RT reserves offered by flexible genera-
tion capacities. Constraints (4.15) and (4.16) define the upper bounds for the up-
ward and downward reserve provisions, respectively. Constraint (4.17) mandates
that generators using must-run technologies are operated at their full capacities in
the DA market, while constraint (4.18) expresses that renewable generation capaci-
ties always operate at the maximum output normalised by their forecast parameters
in the DA market.

(iv) Network constraints (4.19) - (4.24).
This set of constraints relates to the physical limitations of network transmission
with DC power flow approximation across both DA and RT markets. Constraint
(4.19) presents the transmission capacity limits of the linear DC power flow ap-
proximation between any two interconnected buses during the DA market. The
notation m ∈ Λn identifies the buses m that are directly connected to bus n. Con-
straint (4.20) sets the physical lower and upper bounds for the nodal voltage angles
in the DA market. Constraint (4.21) designates bus n = 1 as the slack bus in the
DA network model. The slack bus serves as a reference point for voltage angles. In
parallel, constraints (4.22)-(4.24) extend the network transmission constraints into
the RT market.

(v) Chance constraints for renewable energy and demand uncertainties (4.25) - (4.26).
This set of chance constraints manages the inherent uncertainties in wind power
production and demand. Specifically, the chance constraint (4.25) is designed to
express that the total wind power production does not exceed its actual realisation
at the probability of 1 − ρRE . Chance constraint (4.26) guarantees that the overall
demand consumption is higher than its realisation with a probability of 1− ρL.

In the formulation of the LL1 problem, the dual variables associated with the specified
constraints are meticulously recorded following the colon. It is important to emphasise
that, from the market operator’s viewpoint, the generation capacities resulting from in-
vestment decisions are treated as given parameters within the LL1 problem.

4.3.3 LL2 Problem: Clearing Process of TGC Market

The clearing process of the present TGC market and the forecast for the future TGC
market can be formulated as follows:
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V LL2 =
{
λPGCi,d , QPGC

i,d

}
(4.27)

λPGCi,d = lPGC − qPGCQPGC
i,d ∀i ∈ IRE, ∀d (4.28)

λFGC = γFGCλRPS0 (4.29)

In the LL2 problem, the decision variables are encapsulated within the set (4.27),
which notably includes the present TGC price and the TGC quantity trading in the present
TGC market. It should be noted that the estimated future TGC price, λFGC , is known as
a parameter since it is calculated by the other parameters. Additionally, readers might
be confused that the TGC quantity trading in the present TGC market, QPGC

i,d , appears in
both the variable sets V UL and V LL2. It is not surprising that the UL problem decides the
total quantity of TGC quantity (e.g., QPGC

i,d +QFGC
i,d ), while the LL2 problem determines

the TGC quantity trading in the present TGC market, QPGC
i,d .

The present TGC market is structured based on a quantity-dependent inverse demand
function. Under this framework, the present TGC price is determined by equation (4.28)
that represents the linear correlation between the present price of TGC and its quantity.
On the other hand, equation (4.29) articulates the estimation of future TGC price, which
is related to the penalty price associated with RPS deficiency.

The determination of the coefficients is critical to the inverse demand function of the
present TGC market, specifically lPGC and qPGC , which is also a fundamental aspect
of accurately modelling the dynamics of the present TGC market. These coefficients
are obtained from equations (4.30) and (4.31), respectively, capturing the relationship
between the price and quantity of TGCs. The methodology employed to derive these
coefficients is proved in [64].

lPGC = λRPS0 (4.30)

qPGC =
(1− θPGC)λRPS0

γRPS
∑

j,d,t L
DA
j,d,t

(4.31)

4.4 Solution

The solution approach for the proposed two-stage bi-level optimisation model involves
a series of steps, which are detailed in this section. Initially, the non-convex chance con-
straints present in the LL1 problem are linearized, as seen in Subsection 4.4.1. Following
this linearization, the entire bi-level problem is transformed into a single-level MPEC, as
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detailed in Subsection 4.4.2. This transformation leverages the KKT optimality conditions
to replace the LL1 problem; simultaneously, it integrates the constraints from the LL2
problem with the UL problem. To further ensure the solvability, non-linear components
identified within the MPEC problem are eliminated through linearization techniques, as
explored in Subsection 4.4.3. Ultimately, in order to guarantee global optimality, the
MPEC problem undergoes a final transformation into a computationally tractable MIQP,
as described in Subsection 4.4.4.

4.4.1 CCP Reformulation

In this thesis, the chance constraints adopt the stochastic variables for tackling RES
and demand uncertainties, gR and LR, following the normal distributions:

gRi,d,t,n ∼ N (mRE
i,d,t,n, (s

RE
i,d,t,n)

2), LRj,d,t ∼ N (mL
j,d,t, (s

L
j,d,t)

2) (4.32)

where parameter m is the mean of the corresponding normal distribution and parameter s
is its standard deviation. It should be noted that the chance constraints (4.25) and (4.26)
are non-convex. In order to make the proposed model solvable, the non-convexities in
these chance constraints are required to be eliminated. By employing the linearization
process detailed in Subsection 3.4.1, chance constraints (4.25) and (4.26) present in the
market-driven model are reformulated as follows:

mRE
i,d,t,n−gDAi,d,t,n+gdevi,d,t,n ⩾ Φ−1(1−ρRE)sREi,d,t,n : χREi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (4.33)

−mL
j,d,t +

∑
o

P dev
j,d,t,o +

∑
o

LDAj,d,t,o ⩾ Φ−1(1− ρL)sLj,d,t : χLj,d,t ∀j, ∀d, ∀t (4.34)

4.4.2 MPEC Formulation

Since the continuity and convexity of the LL1 problem are maintained through lin-
earized chance constraints (4.33)-(4.34), the LL1 problem can be replaced by a series of
constraints obtained by its KKT optimality conditions. Moreover, the LL2 problem, char-
acterised completely by constraints, is seamlessly combined with the UL problem. Con-
sequently, the original two-stage bi-level optimisation problem (4.1)-(4.29) is converted
into a single-level MPEC problem. This transformation is aimed at enhancing computa-
tional efficiency by avoiding the inherent challenges of bi-level optimisation problems.
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KKT Conditions Associated with the LL1 Problem

In order to derive the KKT optimality conditions corresponding to the LL1 problem,
its Lagrangian function LLL1 is essential, which is listed as follows:

LLL1 =
∑

i,d,t,n,b

CEN
i,b g

DA
i,d,t,n,b +

∑
i,d,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b) +

∑
d,t,n

λDAd,t,n
[ ∑
j∈Ψn,o

LDAj,d,t,o

+
∑
m∈Λn

bnm(δ
DA
d,t,n − δDAd,t,m)−

∑
i∈Ψn,b

gDAi,d,t,n,b
]
+
∑
d,t,n

λRTd,t,n
[ ∑
j∈Ψn,o

P dev
j,d,t,o+∑

i∈IFL∩Ψn,b

(−gUi,d,t,n,b + gDi,d,t,n,b) +
∑

i∈IRE∩Ψn

gdevi,d,t,n −
∑
m∈Λn

bnm(δ
DA
d,t,n − δRTd,t,n−

δDAd,t,m + δRTd,t,m)
]
+
∑
d

ζd
[ ∑
i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b)−

ηGrid
∑
j,t,o

LDAj,d,t,o
]
+

∑
i∈IFL,d,t,n,b

µUi,d,t,n,b(g
DA
i,d,t,n,b + gUi,d,t,n,b −Gi,n,b)+∑

i∈IFL,d,t,n,b

µDi,d,t,n,b(g
D
i,d,t,n,b − gDAi,d,t,n,b)−

∑
i∈IFL,d,t,n,b

ϕU,−i,d,t,n,bg
U
i,d,t,n,b+∑

i∈IFL,d,t,n,b

ϕU,+i,d,t,n,b(g
U
i,d,t,n,b −GU

i,b)−
∑

i∈IFL,d,t,n,b

ϕD,−i,d,t,n,bg
D
i,d,t,n,b+∑

i∈IFL,d,t,n,b

ϕD,+i,d,t,n,b(g
D
i,d,t,n,b −GD

i,b) +
∑

i∈IMR,d,t,n

γi,d,t,n(g
DA
i,d,t,n −Gi,n)+∑

i∈IRE ,d,t,n

θi,d,t,n(g
DA
i,d,t,n − kREi,d,tGi,n) +

∑
d,t,n,m∈Λn

νDA,−d,t,n,m[−C
max
nm − bnm(δ

DA
d,t,n−

δDAd,t,m)] +
∑

d,t,n,m∈Λn

νDA,+d,t,n,m[bnm(δ
DA
d,t,n − δDAd,t,m)− Cmax

nm ]+∑
d,t,n

ξDA,−d,t,n (−π − δDAd,t,n) +
∑
d,t,n

ξDA,+d,t,n (δDAd,t,n − π) +
∑
d,t,n=1

ξDA,refd,t δDA,refd,t +∑
d,t,n,m∈Λn

νRT,−d,t,n,m[−C
max
nm − bnm(δ

RT
d,t,n − δRTd,t,m)] +

∑
d,t,n,m∈Λn

νRT,+d,t,n,m[bnm(δ
RT
d,t,n

− δRTd,t,m)− Cmax
nm ] +

∑
d,t,n

ξRT,−d,t,n (−π − δRTd,t,n) +
∑
d,t,n

ξRT,+d,t,n (δRTd,t,n − π)+∑
d,t,n=1

ξRT,refd,t δRT,refd,t +
∑

i∈IRE ,d,t,n

χREi,d,t,n[Φ
−1(1− ρRE)sREi,d,t,n −mRE

i,d,t,n+

gDAi,d,t,n − gdevi,d,t,n] +
∑
j,d,t

χLj,d,t[Φ
−1(1− ρL)sLj,d,t +mL

j,d,t −
∑
o

P dev
j,d,t,o

−
∑
o

LDAj,d,t,o] (4.35)

According to the Lagrangian function (4.35), the comprehensive KKT optimality con-
ditions are listed as below:
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LL1 KKT equality conditions : (4.10) − (4.11), (4.17) − (4.18), (4.21), (4.24) (4.36)

LL1 KKT stationarity conditions :

∂LLL1
∂gDAi,d,t,n,b

= CEN
i,b −λDAd,t,n+η

CO2
i ζd+µ

U
i,d,t,n,b−µDi,d,t,n,b = 0 ∀i ∈ IFL∩Ψn, ∀d, ∀t, ∀n, ∀b

(4.37)
∂LLL1
∂gDAi,d,t,n

= CEN
i − λDAd,t,n + γi,d,t,n = 0 ∀i ∈ IMR ∩Ψn, ∀d, ∀t, ∀n (4.38)

∂LLL1
∂gDAi,d,t,n

= −λDAd,t,n + θi,d,t,n + χREi,d,t,n = 0 ∀i ∈ IRE ∩Ψn, ∀d, ∀t, ∀n (4.39)

∂LLL1
∂gUi,d,t,n,b

=CU
i,b − λRTd,t,n + ηCO2

i ζd + µUi,d,t,n,b − ϕU,−i,d,t,n,b + ϕU,+i,d,t,n,b = 0

∀i ∈ IFL ∩Ψn, ∀d, ∀t, ∀n, ∀b
(4.40)

∂LLL1
∂gDi,d,t,n,b

=− CD
i,b + λRTd,t,n − ηCO2

i ζd + µDi,d,t,n,b − ϕD,−i,d,t,n,b + ϕD,+i,d,t,n,b = 0

∀i ∈ IFL ∩Ψn, ∀d, ∀t, ∀n, ∀b
(4.41)

∂LLL1
∂P dev

j,d,t,o

= λRTd,t,n − χLj,d,t = 0 ∀j ∈ Ψn, ∀d, ∀t (4.42)

∂LLL1
∂gdevi,d,t,n

= λRTd,t,n − χREi,d,t,n = 0 ∀i ∈ IRE ∩Ψn, ∀d, ∀t, ∀n (4.43)

∂LLL1
∂δDAd,t,n

=
∑
m∈Λn

bnm(λ
DA
d,t,n − λDAd,t,m)−

∑
m∈Λn

bnm(λ
RT
d,t,n − λRTd,t,m)+∑

m∈Λn

bnm(ν
DA,+
d,t,n,m − νDA,+d,t,m,n)−

∑
m∈Λn

bnm(ν
DA,−
d,t,n,m − νDA,−d,t,m,n) + ξDA,+d,t,n

− ξDA,−d,t,n + (ξDA,refd,t )n=1 = 0 ∀d, ∀t, ∀n

(4.44)

∂LLL1
∂δRTd,t,n

=
∑
m∈Λn

bnm(λ
RT
d,t,n − λRTd,t,m) +

∑
m∈Λn

bnm(ν
RT,+
d,t,n,m − νRT,+d,t,m,n)−∑

m∈Λn

bnm(ν
RT,−
d,t,n,m − νRT,−d,t,m,n) + ξRT,+d,t,n − ξRT,−d,t,n + (ξRT,refd,t )n=1 = 0 ∀d, ∀t, ∀n

(4.45)

LL1 KKT complementarity conditions :

0 ⩽
[
ηGrid

∑
j,t,o

LDAj,d,t,o −
∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b)

]
⊥ ζd ⩾ 0 ∀d

(4.46)
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0 ⩽ (Gi,n,b − gDAi,d,t,n,b − gUi,d,t,n,b) ⊥ µUi,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.47)

0 ⩽ (gDAi,d,t,n,b − gDi,d,t,n,b) ⊥ µDi,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.48)

0 ⩽ gUi,d,t,n,b ⊥ ϕU,−i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.49)

0 ⩽ (GU
i,b − gUi,d,t,n,b) ⊥ ϕU,+i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.50)

0 ⩽ gDi,d,t,n,b ⊥ ϕD,−i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.51)

0 ⩽ (GD
i,b − gDi,d,t,n,b) ⊥ ϕD,+i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.52)

0 ⩽
[
Cmax
nm + bnm(δ

DA
d,t,n − δDAd,t,m)

]
⊥ νDA,−d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (4.53)

0 ⩽
[
Cmax
nm − bnm(δ

DA
d,t,n − δDAd,t,m)

]
⊥ νDA,+d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (4.54)

0 ⩽ (π + δDAd,t,n) ⊥ ξDA,−d,t,n ⩾ 0 ∀d, ∀t, ∀n (4.55)

0 ⩽ (π − δDAd,t,n) ⊥ ξDA,+d,t,n ⩾ 0 ∀d, ∀t, ∀n (4.56)

0 ⩽
[
Cmax
nm + bnm(δ

RT
d,t,n − δRTd,t,m)

]
⊥ νRT,−d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (4.57)

0 ⩽
[
Cmax
nm − bnm(δ

RT
d,t,n − δRTd,t,m)

]
⊥ νRT,+d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (4.58)

0 ⩽ (π + δRTd,t,n) ⊥ ξRT,−d,t,n ⩾ 0 ∀d, ∀t, ∀n (4.59)

0 ⩽ (π − δRTd,t,n) ⊥ ξRT,+d,t,n ⩾ 0 ∀d, ∀t, ∀n (4.60)

0 ⩽
[
mRE
i,d,t,n−gDAi,d,t,n+gdevi,d,t,n−Φ−1(1−ρRE)sREi,d,t,n

]
⊥ χREi,d,t,n ⩾ 0 ∀i ∈ IRE, ∀d, ∀t, ∀n

(4.61)
0 ⩽

[
−mL

j,d,t +
∑
o

P dev
j,d,t,o +

∑
o

LDAj,d,t,o − Φ−1(1− ρL)sLj,d,t
]
⊥ χLj,d,t ⩾ 0 ∀j, ∀d, ∀t

(4.62)

The KKT optimality conditions for the LL1 problem are a critical component in trans-
forming the bi-level optimisation problem into a single-level MPEC. These conditions are
segmented into three distinct parts, which are detailed as follows:

1. KKT equality conditions (4.36).
The first part of the KKT conditions encompasses the equality constraints that are
directly extracted from the LL1 problem.

2. KKT stationarity conditions (4.37)-(4.45).
The second part involves the KKT stationarity conditions, which are derived from
the first-order partial derivatives of the Lagrangian function of the LL1 problem
LLL1 with respect to its primal variables. It is noteworthy that the order of taking
the partial derivatives coincides with the sequence of LL1 decision variables listed
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in the set V LL1 (4.9).

3. KKT complementarity conditions (4.46)-(4.62).
The third part consists of the KKT complementarity conditions, which describe the
complementary slackness between the inequality constraints of the LL1 problem
and their corresponding dual variables. The notation a ⊥ b implies that either a
is zero, or b is zero, or both are zero, indicating that for an inequality constraint,
either the constraint is active (equality holds) and its dual variable is positive, or the
constraint is inactive (inequality holds strictly) and the dual variable is zero.

Collectively, these KKT conditions provide a rigorous mathematical framework to embed
the LL1 problem’s optimality criteria into the MPEC problem.

Final MPEC Formulation

Since the LL2 problem consists solely of a series of constraints, it can be easily in-
tegrated into the MPEC. As a result, the MPEC formulation is mathematically given as
below:

max
VMPEC

∑
d

ωd

[ ∑
i∈Ψn,t,n,b

λDAd,t,ng
DA
i,d,t,n,b −

∑
i,t,n,b

CEN
i,b g

DA
i,d,t,n,b+∑

i∈IFL∩Ψn,t,n,b

λRTd,t,n(g
U
i,d,t,n,b − gDi,d,t,n,b)−

∑
i∈IFL,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b)

+
∑

i∈IRE∩Ψn,t,n

λRTd,t,ng
dev
i,d,t,n −

∑
i∈IFL,t,n

λCO2Qemi
i,d,t,n +

∑
i∈IRE ,t,n

λCO2QCA
i,d,t,n

+
∑
i∈IRE

(λPGCi,d QPGC
i,d + λFGCQFGC

i,d )

]
−
∑
i,n

CIN
i Gi,n (4.63)

where:

V MPEC = V UL ∪ V LL1 ∪ V LL2 ∪ V DUAL (4.64)

V DUAL =
{
λDAd,t,n, λ

RT
d,t,n, ζd, µ

U
i,d,t,n,b, µ

D
i,d,t,n,b, ϕ

U,−
i,d,t,n,b, ϕ

U,+
i,d,t,n,b, ϕ

D,−
i,d,t,n,b, ϕ

D,+
i,d,t,n,b, γi,d,t,n,

θi,d,t,n, ν
DA,−
d,t,n,m, ν

DA,+
y,t,n,m, ξ

DA,−
d,t,n , ξDA,+d,t,n , ξDA,refd,t , νRT,−d,t,n,m, ν

RT,+
d,t,n,m, ξ

RT,−
d,t,n , ξ

RT,+
d,t,n ,

ξRT,refd,t , χREi,d,t,n, χ
L
j,d,t

}
(4.65)

subject to:
UL constraints : (4.3) − (4.7) (4.66)



60 Chapter 4. Market-Driven Generation Planning

LL1 KKT equality conditions : (4.36) (4.67)

LL1 KKT stationarity conditions : (4.37) − (4.45) (4.68)

LL1 KKT complementarity conditions : (4.46) − (4.62) (4.69)

LL2 constraints : (4.28) − (4.29) (4.70)

The objective function of the MPEC problem (4.63) harmonises with that of the UL
problem (4.1). The set of decision variables in the MPEC problem (4.64) comprehen-
sively includes the decision variables from the UL problem (4.2), both LL problems (4.9)
and (4.27), as well as the dual variables emerging from the LL1 problem (4.65). The con-
straints of the MPEC problem encompass the original constraints from the UL problem
(4.66), the KKT optimality conditions corresponding to the LL1 problem (4.67)-(4.69),
and the constraints inherent in the LL2 problem (4.70).

4.4.3 Linearization of MPEC

To enhance the computational tractability of the proposed MPEC problem, the appli-
cation of effective linearization techniques is crucial for transforming the inherently non-
linear MPEC into a MIQP, which is well-suited for commercial branch-and-cut solvers,
thereby guaranteeing global optimality. The non-linearities within the MPEC formulation
arise from two sources:

1. The first source of non-linearity is found in the KKT complementarity conditions
for the LL1 problem (4.69). These conditions include bilinear terms that are the
products of primal variables and dual variables.

2. The second source of non-linearity stems from the calculation of GenCo’s profit,
represented by the MPEC’s objective function (4.63). This includes bilinear terms
formed by the products of energy prices and generation dispatches across the two-
stage electricity markets and the products of TGC quantities and TGC prices.

The linearization of these non-linearities is meticulously addressed in this subsection,
where different strategies and mathematical techniques are employed to reformulate these
bilinear terms into linear equivalences.

Linearization of KKT Complementarity Conditions

The big-M approach, as outlined in [76], offers a linearization technique for handling
the KKT complementarity conditions (4.69). This method effectively translates the KKT
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complementarity conditions, which inherently include bilinear terms, into mixed-integer
linear constraints that are solvable using MIP solvers.

The essential principle behind the big-M method involves the introduction of large
positive constants (denoted as Ma and M b) and auxiliary binary variables (denoted as
β) to decompose the original complementarity condition 0 ⩽ a ⊥ b ⩾ 0 into a set of
linear conditions combined with binary variables. Specifically, a represents a primal vari-
able in KKT conditions, and b represents the corresponding dual variable. The resulting
equivalent mixed-integer linear conditions are formulated as follows: {a ⩾ 0, b ⩾ 0, a ⩽

βMa, b ⩽ (1 − β)M b, β ∈ {0, 1}}. This setup ensures that either a is zero or b is zero,
guaranteeing the original complementary relationship but within a MIP framework that
can be handled by commercial solvers.

The general form of linearized KKT complementarity conditions is formulated as be-
low:

CComp =
{
0 ⩽ aComp ⩽ βM, 0 ≤ bComp ≤ (1− β)M

}
(4.71)

By employing a series of auxiliary binary variables contained in set (4.72) in line with
the general form, the comprehensive mixed-integer linearized equivalences for the KKT
complementarity conditions (4.46)-(4.62) are listed as follows:

V BINARY =

{
βCO2
d , βUi,d,t,n,b, β

D
i,d,t,n,b, β

U,−
i,d,t,n,b, β

U,+
i,d,t,n,b, β

D,−
i,d,t,n,b, β

D,+
i,d,t,n,b, β

DA,net,−
d,t,n,m ,

βDA,net,+d,t,n,m , βDA,π,−d,t,n , βDA,π,+d,t,n , βRT,net,−d,t,n,m , βRT,net,+d,t,n,m , βRT,π,−d,t,n , βRT,π,+d,t,n ,

βREi,d,t,n, β
L
j,d,t

}
(4.72)

0 ⩽ ηGrid
∑
j,t,o

LDAj,d,t,o −
∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ⩽ βCO2

d M ∀d

(4.73)
0 ⩽ ζd ⩽ (1− βCO2

d )M ∀d (4.74)

0 ⩽ Gi,n,b − gDAi,d,t,n,b − gUi,d,t,n,b ⩽ βUi,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.75)

0 ⩽ µUi,d,t,n,b ⩽ (1− βUi,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.76)

0 ⩽ gDAi,d,t,n,b − gDi,d,t,n,b ⩽ βDi,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.77)

0 ⩽ µDi,d,t,n,b ⩽ (1− βDi,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.78)

0 ⩽ gUi,d,t,n,b ⩽ βU,−i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.79)

0 ⩽ ϕU,−i,d,t,n,b ⩽ (1− βU,−i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.80)
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0 ⩽ GU
i,b − gUi,d,t,n,b ⩽ βU,+i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.81)

0 ⩽ ϕU,+i,d,t,n,b ⩽ (1− βU,+i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.82)

0 ⩽ gDi,d,t,n,b ⩽ βD,−i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.83)

0 ⩽ ϕD,−i,d,t,n,b ⩽ (1− βD,−i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.84)

0 ⩽ GD
i,b − gDi,d,t,n,b ⩽ βD,+i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.85)

0 ⩽ ϕD,+i,d,t,n,b ⩽ (1− βD,+i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.86)

0 ⩽ Cmax
nm + bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ βDA,net,−d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (4.87)

0 ⩽ νDA,−d,t,n,m ⩽ (1− βDA,net,−d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (4.88)

0 ⩽ Cmax
nm − bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ βDA,net,+d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (4.89)

0 ⩽ νDA,+d,t,n,m ⩽ (1− βDA,net,+d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (4.90)

0 ⩽ π + δDAd,t,n ⩽ βDA,π,−d,t,n M ∀d, ∀t, ∀n (4.91)

0 ⩽ ξDA,−d,t,n ⩽ (1− βDA,π,−d,t,n )M ∀d, ∀t, ∀n (4.92)

0 ⩽ π − δDAd,t,n ⩽ βDA,π,+d,t,n M ∀d, ∀t, ∀n (4.93)

0 ⩽ ξDA,+d,t,n ⩽ (1− βDA,π,+d,t,n )M ∀d, ∀t, ∀n (4.94)

0 ⩽ Cmax
nm + bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ βRT,net,−d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (4.95)

0 ⩽ νRT,−d,t,n,m ⩽ (1− βRT,net,−d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (4.96)

0 ⩽ Cmax
nm − bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ βRT,net,+d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (4.97)

0 ⩽ νRT,+d,t,n,m ⩽ (1− βRT,net,+d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (4.98)

0 ⩽ π + δRTd,t,n ⩽ βRT,π,−d,t,n M ∀d, ∀t, ∀n (4.99)

0 ⩽ ξRT,−d,t,n ⩽ (1− βRT,π,−d,t,n )M ∀d, ∀t, ∀n (4.100)

0 ⩽ π − δRTd,t,n ⩽ βRT,π,+d,t,n M ∀d, ∀t, ∀n (4.101)

0 ⩽ ξRT,+d,t,n ⩽ (1− βRT,π,+d,t,n )M ∀d, ∀t, ∀n (4.102)

0 ⩽ mRE
i,d,t,n − gDAi,d,t,n + gdevi,d,t,n − Φ−1(1− ρRE)sREi,d,t,n ⩽ βREi,d,t,nM ∀i ∈ IRE, ∀d, ∀t, ∀n

(4.103)
0 ⩽ χREi,d,t,n ⩽ (1− βREi,d,t,n)M ∀i ∈ IRE, ∀d, ∀t, ∀n (4.104)

0 ⩽ −mL
j,d,t+

∑
o

P dev
j,d,t,o+

∑
o

PDA
j,d,t,o−Φ−1(1−ρL)sLj,d,t ⩽ βLj,d,tM ∀j, ∀d, ∀t (4.105)
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0 ⩽ χLj,d,t ⩽ (1− βLj,d,t)M ∀j, ∀d, ∀t (4.106)

For notational simplicity, the unified symbol M has been used to denote the large con-
stants introduced by the big-M method across various constraints listed above. However,
it is crucial to acknowledge that in practical applications, the large constants (M ) associ-
ated with different constraints should indeed be distinct to suit their physical bounds.

Linearization of GenCo’s Profit

To address the challenge of bilinear terms in GenCo’s profit within the MPEC’s ob-
jective function (4.63), the linearization technique outlined in [23] is employed. This
approach leverages the strong duality theorem and the KKT optimality conditions to un-
cover implicit linear forms of these bilinear terms, thereby facilitating their incorporation
into the model in a linearized structure.

Specifically, the bilinear terms (
∑

i∈I λ
DA
d,t,n g

DA
i,d,t,n,b,

∑
i∈IFL λRTd,t,n g

U
i,d,t,n,b,

∑
i∈IFL

λRTd,t,n g
D
i,d,t,n,b,

∑
i∈IRE λRTd,t,n g

dev
i,d,t,n, and

∑
i∈IRE λPGCi,d QPGC

i,d ) of the MPEC’s objective
function (4.63) need to be restructured as their linearized form by adopting the strong
duality theorem and the KKT optimality conditions. The derivation process is detailed as
follows.

First, in order to linearize the bilinear term
∑

i∈I λ
DA
d,t,n g

DA
i,d,t,n,b, the KKT stationarity

condition (4.37) is rearranged as:

λDAd,t,n = CEN
i,b + ηCO2

i ζd + µUi,d,t,n,b − µDi,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.107)

Multiplying both sides by gDAi,d,t,n,b (∀i ∈ IFL), it renders:

λDAd,t,ng
DA
i,d,t,n,b =C

EN
i,b g

DA
i,d,t,n,b + ηCO2

i ζdg
DA
i,d,t,n,b + µUi,d,t,n,bg

DA
i,d,t,n,b

− µDi,d,t,n,bg
DA
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b

(4.108)

Given that the term (4.108) exclusively accounts for the DA energy revenue derived
from flexible generators, the same linearization procedure can be applied to address the
revenue from must-run and renewable generators. Therefore, the KKT stationarity condi-
tion (4.38) is rewritten as:

λDAd,t,n = CEN
i + γi,d,t,n ∀i ∈ IMR, ∀d, ∀t, ∀n (4.109)

Similarly, multiplying both sides by gDAi,d,t,n (∀i ∈ IMR), it gives:

λDAd,t,ng
DA
i,d,t,n = CEN

i gDAi,d,t,n + γi,d,t,ng
DA
i,d,t,n ∀i ∈ IMR, ∀d, ∀t, ∀n (4.110)
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Subsequently, after the LL1 constraint (4.17) is plugged into (4.110), it renders:

λDAd,t,ng
DA
i,d,t,n = CEN

i gDAi,d,t,n + γi,d,t,nGi,n ∀i ∈ IMR, ∀d, ∀t, ∀n (4.111)

It should be emphasised that in terms of the realisation for renewable power generation,
its mean is set as the DA renewable generation dispatch gDAi,d,t,n(∀i ∈ IRE), and its standard
deviation is assumed to be proportional to the DA renewable generation dispatch. The
specific setting will be detailed in the section on the case study. As a result, the chance
constraint pertaining to renewable power production (4.33) should be rewritten as below:

gdevi,d,t,n ⩾ Φ−1(1− ρRE)ΓgDAi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (4.112)

where Γ identifies the proportion of wind power deviation with respect to DA renewable
generation dispatch.

Thus, the KKT stationarity condition (4.39) should be reformulated as follows:

−λDAd,t,n + θi,d,t,n + Φ−1(1− ρRE)ΓχREi,d,t,n = 0 ∀i ∈ IRE, ∀d, ∀t, ∀n (4.113)

Then, rearranging the terms in the KKT stationarity condition (4.113) and multiplying
both sides by gDAi,d,t,n(i ∈ IRE), the energy revenue from renewable generation is recast as
below:

λDAd,t,ng
DA
i,d,t,n = θi,d,t,ng

DA
i,d,t,n+Φ−1(1−ρRE)ΓχREi,d,t,ngDAi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (4.114)

By substituting the LL1 constraint (4.18) into the above expression (4.114), it further
produces:

λDAd,t,ng
DA
i,d,t,n = θi,d,t,nk

RE
i,d,tGi,n + Φ−1(1− ρRE)ΓχREi,d,t,ng

DA
i,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n

(4.115)

In conclusion, the bilinear DA energy revenue, which is a critical component of the
GenCo’s profit, can be equivalently expressed by combining the expressions (4.108),
(4.111), and (4.115) with respect to different generation technologies.

The next step is to deal with the bilinear terms related to the RT reserve revenues∑
i∈IFL λRTd,t,n g

U
i,d,t,n,b and

∑
i∈IFL λRTd,t,n g

D
i,d,t,n,b. To this end, we first rearrange the terms

in the KKT stationarity conditions (4.40) and (4.41), and then multiplying both sides by
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gUi,d,t,n,b and gDi,d,t,n,b, respectively, it renders:

λRTd,t,ng
U
i,d,t,n,b =C

U
i,bg

U
i,d,t,n,b + ηCO2

i ζdg
U
i,d,t,n,b + µUi,d,t,n,bg

U
i,d,t,n,b − ϕU,−i,d,t,n,bg

U
i,d,t,n,b+

ϕU,+i,d,t,n,bg
U
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b

(4.116)

λRTd,t,ng
D
i,d,t,n,b =C

D
i,bg

D
i,d,t,n,b + ηCO2

i ζdg
D
i,d,t,n,b − µDi,d,t,n,bg

D
i,d,t,n,b + ϕD,−i,d,t,n,bg

D
i,d,t,n,b−

ϕD,+i,d,t,n,bg
D
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b

(4.117)

Furthermore, by employing the KKT complementarity conditions (4.49) - (4.52), we
obtain the following expressions:

gUi,d,t,n,bϕ
U,−
i,d,t,n,b = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.118)

GU
i,bϕ

U,+
i,d,t,n,b = gUi,d,t,n,bϕ

U,+
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.119)

gDi,d,t,n,bϕ
D,−
i,d,t,n,b = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.120)

GD
i,bϕ

D,+
i,d,t,n,b = gDi,d,t,n,bϕ

D,+
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.121)

By substituting KKT complementarity conditions (4.118)-(4.121) into the equations
for RT upward and downward reserve revenues, denoted as (4.116) and (4.117) respec-
tively, it gives:

λRTd,t,ng
U
i,d,t,n,b =C

U
i,bg

U
i,d,t,n,b + ηCO2

i ζdg
U
i,d,t,n,b + µUi,d,t,n,bg

U
i,d,t,n,b+

ϕU,+i,d,t,n,bG
U
i,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b

(4.122)

λRTd,t,ng
D
i,d,t,n,b =C

D
i,bg

D
i,d,t,n,b + ηCO2

i ζdg
D
i,d,t,n,b − µDi,d,t,n,bg

D
i,d,t,n,b−

ϕD,+i,d,t,n,bG
D
i,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b

(4.123)

After this, the bilinear term of the renewable deviation penalty
∑

i∈IRE λRTd,t,n g
dev
i,d,t,n

should be addressed. To this end, we employ the KKT complementarity condition (4.61)
related to the uncertainty of renewable power production and reformulate it as follows:

[
−gdevi,d,t,n − Φ−1(1− ρRE)ΓgDAi,d,t,n

]
χREi,d,t,n = 0 ∀i ∈ IRE, ∀d, ∀t, ∀n (4.124)

By combining the KKT stationarity condition (4.43) with the complementary expres-
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sion (4.124), the bilinear term λRTd,t,n g
dev
i,d,t,n is recast as follows:

λRTd,t,ng
dev
i,d,t,n = χREi,d,t,ng

dev
i,d,t,n = −Φ−1(1− ρRE)ΓgDAi,d,t,nχ

RE
i,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n

(4.125)

Collectively, an alternative representation for the first four bilinear terms in the MPEC’s
objective function (the left side of the following equation) can be derived by integrating
the expressions of (4.108), (4.111), (4.115), (4.122), (4.123), (4.125), and summing over
their respective indices, which is formulated as follows:∑
i∈I,d,t,n,b

λDAd,t,ng
DA
i,d,t,n,b +

∑
i∈IFL,d,t,n,b

λRTd,t,n(g
U
i,d,t,n,b − gDi,d,t,n,b)−

∑
i∈IRE ,d,t,n

λRTd,t,ng
dev
i,d,t,n =

∑
i∈I,d,t,n,b

CEN
i,b g

DA
i,d,t,n,b +

∑
i∈IFL,d,t,n,b

CU
i,bg

U
i,d,t,n,b −

∑
i∈IFL,d,t,n,b

CD
i,bg

D
i,d,t,n,b+∑

i∈IFL,d,t,n,b

ηCO2
i ζd(g

DA
i,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) +

∑
i∈IFL,d,t,n,b

ϕU,+i,d,t,n,bG
U
i,b+∑

i∈IFL,d,t,n,b

ϕD,+i,d,t,n,bG
D
i,b +

∑
i∈IFL,d,t,n,b

µDi,d,t,n,b(g
D
i,d,t,n,b − gDAi,d,t,n,b)+∑

i∈IFL,d,t,n,b

µUi,d,t,n,b(g
DA
i,d,t,n,b + gUi,d,t,n,b) +

∑
i∈IMR,d,t,n

γi,d,t,nGi,n +
∑

i∈IRE ,d,t,n

θi,d,t,nk
RE
i,d,tGi,n

(4.126)

It is observable that some nonlinear terms on the right side of equation (4.126) can be
eliminated through the application of the KKT complementarity conditions (4.46), (4.47)
and (4.48), which are expressed as below:

ζdη
Grid

∑
j,t,o

LDAj,d,t,o = ζd
∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ∀d (4.127)

µUi,d,t,n,bGi,n,b = µUi,d,t,n,b(g
DA
i,d,t,n,b + gUi,d,t,n,b) ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.128)

µDi,d,t,n,b(g
DA
i,d,t,n,b − gDi,d,t,n,b) = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (4.129)

By substituting the above KKT complementarity conditions (4.127)-(4.129) into the
equation (4.126), the representation for the first four bilinear terms in the MPEC’s objec-
tive function can be partially linearized, which is given as follows:∑
i∈I,d,t,n,b

λDAd,t,ng
DA
i,d,t,n,b +

∑
i∈IFL,d,t,n,b

λRTd,t,n(g
U
i,d,t,n,b − gDi,d,t,n,b)−

∑
i∈IRE ,d,t,n

λRTd,t,ng
dev
i,d,t,n =

∑
i∈I,d,t,n,b

CEN
i,b g

DA
i,d,t,n,b +

∑
i∈IFL,d,t,n,b

CU
i,bg

U
i,d,t,n,b −

∑
i∈IFL,d,t,n,b

CD
i,bg

D
i,d,t,n,b+



4.4. Solution 67

∑
j,d,t,o

ηGridζdL
DA
j,d,t,o +

∑
i∈IFL,d,t,n,b

ϕU,+i,d,t,n,bG
U
i,b +

∑
i∈IFL,d,t,n,b

ϕD,+i,d,t,n,bG
D
i,b+∑

i∈IFL,d,t,n,b

µUi,d,t,n,bGi,n,b +
∑

i∈IMR,d,t,n

γi,d,t,nGi,n +
∑

i∈IRE ,d,t,n

θi,d,t,nk
RE
i,d,tGi,n (4.130)

However, it is noticeable that the presence of the nonlinearities posed by the last three
bilinear terms of equation (4.130) needs to be further addressed. In order to remove
these non-linearities, the strong duality theorem of the LL1 problem is utilised, which is
expressed as follows:∑

i,d,t,n,b

CEN
i,b g

DA
i,d,t,n,b +

∑
i,d,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b) =

∑
j,d,t,o

λDAj,d,tL
DA
j,d,t,o

−
∑
j,d,t,o

ηGridζdL
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j,d,t,o −

∑
i∈IFL,d,t,n,b

µUi,d,t,n,bGi,n,b −
∑

i∈IFL,d,t,n,b

ϕU,+i,d,t,n,bG
U
i,b

−
∑

i∈IFL,d,t,n,b

ϕD,+i,d,t,n,bG
D
i,b −

∑
i∈IMR,d,t,n

γi,d,t,nGi,n −
∑

i∈IRE ,d,t,n

θi,d,t,nk
RE
i,d,tGi,n

−
∑

d,t,n,m∈Λn

Cmax
nm (νDA,−d,t,n,m + νDA,+d,t,n,m)−

∑
d,t,n

π(ξDA,−d,t,n + ξDA,+d,t,n )

−
∑

d,t,n,m∈Λn

Cmax
nm (νRT,−d,t,n,m + νRT,+d,t,n,m)−

∑
d,t,n

π(ξRT,−d,t,n + ξRT,+d,t,n )

+
∑
j,d,t

[
Φ−1(1− ρL)sLj,d,t +mL

j,d,t

]
χLj,d,t (4.131)

It is observed that the last three nonlinear terms in equation (4.130) are also present
within the strong duality equality (4.131). Given that the remaining terms in (4.131) are
linear, this property facilitates the complete linearization of equation (4.130) by incorpo-
rating (4.131) into it. Hence, the linear representation for the first four bilinear terms in
the MPEC’s objective function is formulated as follows:∑
i∈I,d,t,n,b
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]
χLj,d,t (4.132)

The final step is to handle the last bilinear term related to the TGC revenue
∑

i∈IRE

λPGCi,d QPGC
i,d . It can be converted into a quadratic term by adopting LL2 constraint (4.28),
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which is presented as follows:∑
i∈IRE ,d

λPGCi,d QPGC
i,d =

∑
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[
lPGCQPGC

i,d − qPGC(QPGC
i,d )2

]
(4.133)

Ultimately, the substitution of expressions from (4.132) and (4.133) into the bilinear
MPEC’s objective function (4.63) leads to a comprehensive linearization of the GenCo’s
profit representation, which is reformed as follows:

∑
d

ωd

{
−

∑
i,t,n,b

CEN
i,b g

DA
i,d,t,n,b −

∑
i,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b) +

∑
j,t,o

λDAj,d,tL
DA
j,d,t,o

−
∑

t,n,m∈Λn

Cmax
nm (νDA,−d,t,n,m + νDA,+d,t,n,m)−

∑
t,n

π(ξDA,−d,t,n + ξDA,+d,t,n )

−
∑

t,n,m∈Λn

Cmax
nm (νRT,−d,t,n,m + νRT,+d,t,n,m)−

∑
t,n

π(ξRT,−d,t,n + ξRT,+d,t,n )

+
∑
j,t

[
Φ−1(1− ρL)sLj,d,t +mL

j,d,t

]
χLj,d,t −

∑
i∈IFL,t,n

λCO2Qemi
i,d,t,n +

∑
i∈IRE ,t,n

λCO2QCA
i,d,t,n

+
∑
i∈IRE

[
lPGCQPGC

i,d − qPGC(QPGC
i,d )2 + λFGCQFGC

i,d

]}
−
∑
i,n

CIN
i Gi,n (4.134)

As a result of this linearization process, the MPEC problem is simplified and reformu-
lated into a MIQP, and its quadratic objective function is presented in (4.134).

4.4.4 Final MIQP

Through the process of linearization, the MPEC is ultimately transformed into a MIQP
that can be solved efficiently. The MIQP’s objective function (4.135) represents the
GenCo’s profit maximisation strategy within a linearized form that retains the essence
of the original problem while being computationally solvable. The variable set for the
MIQP (4.136) is the integration of the variable set of the MPEC problem (4.64) and the
auxiliary binary variable set (4.72) introduced in the linearized LL1 KKT complementar-
ity conditions. The constraints of the MIQP are comprised of three key components: i)
original constraints from the UL problem (4.137), ii) linearized KKT optimality condi-
tions of the LL1 problem (4.138), and iii) constraints from the LL2 problem (4.139). The
final MIQP is provided as below:
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where:

V MIQP = V MPEC ∪ V BINARY (4.136)

subject to:
UL constraints : (4.3) − (4.7) (4.137)

LL1 KKT conditions :

(4.10) − (4.11), (4.17) − (4.18), (4.21), (4.24), (4.37) − (4.45), (4.73) − (4.106) (4.138)

LL2 constraints : (4.28) − (4.29) (4.139)

4.5 Case Studies

4.5.1 Data Descriptions and Implementation

The case studies aim to investigate the impact of the deregulated market environment
on the GenCo’s optimal investment decisions and the corresponding business cases. To
this end, the data from the GB power grid in 2021 is utilised to verify the proposed market-
driven generation planning model. All necessary data are detailed below.

Table 4.1 presents comprehensive data about investment options for the GenCo. It is
noteworthy that in terms of flexible generation technologies, the marginal cost for provid-
ing upward reserve is set at 1.1 times the marginal energy cost; conversely, the marginal
cost for providing downward reserve is set at 0.9 times the marginal energy cost.

Table 4.2 displays crucial parameters for the 2021 GB power system. Additionally, the
allocation of weights to these blocks is set as [0.1, 0.15, 0.2, 0.25, 0.3], and the demand
is also accurately modelled by the five demand blocks, incorporating weighting factors
as [0.6, 0.1, 0.1, 0.1, 0.1]. By virtue of computational burden, the demand profile is
simulated on a representative day with an hourly resolution (T = {1, 2, . . . , 24}), scaled
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Table 4.1: Parameters of investment options.

Investment option CCGT1 CCGT2 OCGT1 OCGT2 Nuclear Wind
Type Flexible Flexible Flexible Flexible Must-run Renewable

Investment cost CIN (£/MW/yr) 14413 17440 8610 10418 114849 35756
Carbon intensity ηCO2 (t/MWh) 0.39 0.39 0.65 0.65 0 0

Maximum upward reserve capacity GU (MW) 4000 8000 4000 8000 - -
Maximum downward reserve capacity GD (MW) 4000 8000 4000 8000 - -

Marginal energy cost CEN (£/MWh)

Block 1 7.43 20.05 40.99 49.25

4.72 0
Block 2 9.03 24.34 49.78 59.81
Block 3 10.62 28.64 58.56 70.36
Block 4 12.21 32.94 67.34 80.91
Block 5 13.81 37.23 76.13 91.47

across a target year (ω = 365) to capture daily fluctuations in energy consumption and
production patterns.

Table 4.2: Parameters of the GB power grid in 2021.

Year 2021
System-wide carbon intensity ηGrid (t/MWh) 183.11
Carbon price λCO2 (£/t) 71.54
Total system demand (TWh) 248.30

The additional parameters associated with carbon allowance and TGC are essential.
Specifically, the carbon allowance allocation ratio, ϵi, is set as 0.4; the RPS requirement
ratio, γRPS , is set as 40%; the approximated price ratio in the future TGC market, γFGC ,
is set as 0.3; and the price coefficient in the present TGC market, θPGC , is also set as 0.3.
It should be noted that the penalty price for RPS deficiency, λRPS0 , is assumed to be 1.1
times the carbon price.

The related coefficients used in the chance constraints should be given. Overall, the
model sets confidence levels for all the chance constraints at 95% (1 − ρL = 1 − ρRE

= 95%), conveying the ρ-reliable threshold for both demand and wind power produc-
tion uncertainty. The linearized CCP formulations incorporate stochastic variables for
wind power and demand realisations, which are modelled using two normal distributions,
N (mRE, (sRE)2) for wind power and N (mL, (sL)2) for demand. The means of these dis-
tributions (mL and mRE) are aligned with the baseline demand and DA power dispatch,
respectively. Meanwhile, the standard deviations (sL and sRE), set at 1% of the baseline
demand and 10% of the DA wind power dispatch, respectively, quantify the anticipated
variability around these means.

In order to evaluate the value of the market-driven model, the system-driven model
is employed as a benchmark. Therefore, two market design cases are established for the
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quantitative analysis of their business cases:

1. System-driven case: The investment decisions and business results are obtained
through the system-driven generation planning model, aligning with the description
in Chapter 3. This case constitutes the benchmark.

2. Market-driven case: The investment decisions and business results are derived
from the market-driven generation planning model.

4.5.2 Market Outcomes and Business Cases

Table 4.3: Investment decisions and business results for two market design scenarios
regarding the 2021 GB power system.

System-driven case Market-driven case

CCGT1 (MW) 14,184 1,331
CCGT2 (MW) - -
OCGT1 (MW) - -
OCGT2 (MW) - 13,050
Total flexible capacity (MW) 14,184 14,381
Nuclear (MW) 20,172 15,749
Wind (MW) 3,562 17,243
Investment cost (mil.£) 2,631 2,494
DA energy cost (mil.£) 1,497 5,055
DA energy revenue (mil.£) 2,970 19,835
RT reserve cost (mil.£) 47 177
RT reserve revenue (mil.£) 72 982
Wind power deviation penalty (mil.£) 20 637
Carbon allowance revenue (mil.£) 43 209
Green certificate revenue (mil.£) 552 2,044
Carbon emission cost (mil.£) 1,902 3,269
GenCo Profit (mil.£) -2,460 11,438

Observably, the comprehensive investment decisions and business results regarding
two market design scenarios are listed in Table 4.3. Furthermore, the DA generation
dispatches and RT imbalances of the market-driven scenario are illustrated in Figures 4.2
and 4.3, respectively. The DA and RT price profiles for the market-driven scenario are
shown in Figure 4.4.

Analysis of Investment Decisions

The optimal investment decisions derived from the market-driven model are presented
in the third column of Table 4.3, from rows two to eight. Similar to the system-driven
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Figure 4.2: Daily generation dispatches in the DA energy market for the market-driven
scenario regarding the 2021 GB power system.
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Figure 4.3: Daily imbalances in the RT balancing market for the market-driven scenario
regarding the 2021 GB power system.

case, due to the 2021 GB carbon emission restrictions, zero-emission generation tech-
nologies, namely nuclear and wind power, remain highly popular. Moreover, their total
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Figure 4.4: Daily DA and RT market clearing prices for market-driven scenario in the
2021 GB power system.

generation capacity is still constrained by the minimum system demand level due to their
’must-run’ operational characteristics, as illustrated in Figure 4.2. However, a differ-
ence is observed in the market-driven case, where the investment in wind power capacity
significantly exceeds that in nuclear power capacity. This is because, compared to the
system-driven model, the market-driven model captures the implicit economic value of
wind power, thereby integrating more wind power capacity. Specifically, the uncertainty
caused by wind power leads to an increased reserve requirement, subsequently raising the
overall system cost, which contradicts the objective pursued in the system-driven case.
Conversely, in the market-driven case, the increased reserve requirement introduced by
wind power has the potential to increase revenue from reserve provision, thereby enhanc-
ing the GenCo’s profit.

The total flexible generation capacity invested in the market-driven case is slightly
higher than in the system-driven case. This is because, in addition to compensating for
the peak-valley difference of system demand in the DA market, flexible generation ca-
pacity is also used to meet the increased reserve need in the RT market, caused by the
integration of large-scale wind generation capacity, as shown in Figure 4.3. Unlike the
system-driven case, in the market-driven case, the flexible generation capacity comprises
a large proportion of OCGT2 capacity (91%) and a small proportion of CCGT1 capacity
(9%). This is due to OCGT2’s high marginal energy cost, which can raise clearing prices
in both the DA and RT markets, thereby significantly increasing profitability. Specifically,
a large high-marginal-cost OCGT2 capacity is strategically scheduled in the DA market
to fill the peak-valley gap in system demand, followed by deployment as a provider of
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marginal reserve capacity in the RT market, thus raising clearing prices in both the DA
and RT markets, as seen in Figure 4.4. Furthermore, in order to reduce the reserve cost,
the cheap CCGT1 capacity is employed in the RT market to provide reserve.

Analysis of Business Cases

The business results of the market-driven case are fully displayed in the third column
of Table 4.3, from rows nine to eighteen. Compared to the system-driven case, investment
costs in the market-driven case are reduced due to the substitution of a large amount of
expensive nuclear power capacity with wind power capacity. In the DA market, despite
an increase in energy costs, energy revenue surges, leading to a significant increase in
profit sourced from the DA market. A similar trend is observed in the RT market. This is
because, under a market-based framework, the clearing prices in both DA and RT markets
are strategically increased to align with the objective of maximising profit. A substantial
capacity of high-polluting OCGT2 is invested in to raise market clearing prices; thus, car-
bon emission costs surge but comply with the 2021 GB carbon emission limits. As the
market-driven case integrates more wind energy, the wind power deviation penalty sig-
nificantly rises; concurrently, carbon allowance revenue and TGC revenue also increase.
Overall, since the market-driven case aims at maximising profits, although many com-
ponents of the system cost, such as DA energy cost, RT reserve cost, wind power devi-
ation penalty, and carbon emission cost, are notably increased, the revenue from various
sources, including DA energy revenue, RT reserve revenue, carbon allowance revenue,
and TGC revenue, surges even more. Consequently, GenCo earns a substantial profit,
thereby avoiding the risk of cost recovery present in the system-driven case.

4.6 Conclusions

This chapter focuses on the role of the deregulated energy market in generation plan-
ning under carbon emission restrictions. To this end, a two-stage bi-level optimisation
model is developed to quantitatively analyse the investment decisions and business re-
sults of the GenCo. It is composed of the UL problem, which identifies the self-interested
GenCo, and two LL problems. The first LL (LL1) problem represents the joint clearing
process of the DA and RT markets, accompanied by the chance-constrained uncertainty
and environmental regulation derived from the GB’s carbon targes. The second LL (LL2)
problem represents the clearing process of the TGC market. After the linearization of
chance constraints, the proposed model is first converted into the MPEC problem by KKT
conditions and then solved by recasting it as a MIQP with the strong duality theorem. The
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proposed model is not only a powerful tool for investigating the investment strategy of the
GenCo, but also a valuable reference for market design from the perspective of policy-
makers. The case studies have been conducted in the context of the 2021 GB power
system, and the findings are detailed as follows:

1. Compared with the system-driven model, the optimal investment mix obtained from
the proposed market-driven model shows an increase in the share of wind power ca-
pacity from 9% to 28%. This increase indicates that the deregulated energy market
significantly promotes wind energy integration, aligning with the GB government’s
plan to expand the proportion of renewable energy in the grid.

2. There is a significant difference in the investment preferences for flexible gener-
ation capacity between the system-driven and market-driven models. In the opti-
mal investment decisions of the system-driven model, flexible generation capacity
entirely comes from the low-cost CCGT1 technology. In contrast, in the market-
driven model, high-cost OCGT2 generation capacity accounts for 91% of the total
flexible generation capacity. This is because, in the market-driven model, high-
marginal-cost OCGT2 capacity is strategically deployed in both DA and RT mar-
kets as marginal capacity, ensuring high clearing prices in the DA and RT markets.

3. Compared to the negative profit in the system-driven model, the profit obtained from
the market-driven model increases to £11,438 million, ensuring sufficient profitabil-
ity for GenCo and thus avoiding the risk of cost non-recovery.



Chapter 5

Impact of Demand Flexibility

5.1 Introduction

Demand flexibility has become an important concept in the modern power system,
especially within the context of the deregulated energy market. Demand flexibility refers
to the capacity of demands to adjust their consumption patterns in response to external
signals, such as price changes and economic incentives [70]. This adjustment can range
from reducing overall consumption during peak demand periods to shifting demand-side
electricity use to periods with abundant renewable energy. In the deregulated market,
demand flexibility emerges as a vital element in reducing the need for expensive peaking
power plants and flattening the demand profile, thereby facilitating a more cost-effective
and resilient generation landscape to maintain demand-supply balancing. In practice,
demand flexibility in the GB power system is facilitated through the Demand Flexibility
Service (DFS), operated by NG ESO from 2022, to manage near 350 MW of flexible
demand [62].

The model of time-coupling demand flexibility proposed in this chapter is embedded
in the LL1 problem, participating in the joint clearing process of DA energy and RT bal-
ancing markets. Specifically, it spans the time scales of both the DA and RT markets. It
possesses the capability to modify the demand pattern in the DA market by a predeter-
mined proportion, thereby allowing for adjustments in anticipation of market dynamics.
Additionally, it influences demand deviations in the RT market, providing a mechanism
for strategic utilisation of the discrepancies between forecasted and actual demand. Fur-
thermore, this time-coupling demand flexibility embodies the operational characteristic
of maintaining the net-zero energy shift during a representative day.

The market-driven generation planning model proposed in this chapter focuses on fac-
toring in the impact of demand flexibility in a deregulated energy market under the strin-

76
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gent carbon emission limits imposed by the GB’s net-zero target. To this end, a series
of case studies with different levels of demand flexibility are designed. The findings
clearly demonstrate that demand flexibility plays a dual role in the context of market-
driven generation planning. Firstly, it enhances GenCo’s profitability. By allowing for
more strategic and flexible electricity use to respond to market signals, demand flexibil-
ity can significantly improve the economic performance of GenCo. Secondly, demand
flexibility facilitates the integration of higher levels of renewable power capacity into the
system. By smoothing out the variability in demand to match the intermittent supply from
RESs, demand flexibility supports a higher penetration of renewables, contributing to the
decarbonisation of the power sector.

5.2 Problem Statement

This section outlines the decision-making framework for the market-driven generation
planning, taking into account demand flexibility, and details the foundational assumptions
for its modelling.

5.2.1 Structure of the Bi-Level Optimisation Model

This chapter introduces a market-driven generation planning model using a two-stage,
bi-level optimisation framework to determine the role of demand flexibility in the current
market environment regulated by the carbon emission constraints. In brief, the proposed
bi-level optimisation framework captures the coupled relationship between GenCo and
market operators: the UL problem represents GenCo pursuing profit maximisation, the
first LL (LL1) problem represents the joint clearing process of the DA and RT markets,
and the second LL (LL2) problem represents the clearing of the green certificate market.
This hierarchical structure is shown in Figure 5.1. Different from previously proposed
market models, the LL1 problem of the model introduced in this chapter accommodates
time-coupling demand flexibility. Specifically, this demand flexibility spans the horizons
of the DA and RT markets and is capable of altering the demand pattern in the DA market
by a fixed proportion, as well as influencing the demand deviations in the RT market.
Furthermore, this time-coupling demand flexibility is energy-natural in a typical day.

The interdependence between the UL problem and the two LL problems is pronounced.
The investment decisions made by GenCo at the UL significantly affect the market out-
comes realised within the two LL problems. In turn, the business cases emerging from
the LL1 problem, characterised by energy prices and generation dispatches in both the
DA and RT markets, along with the TGC quantities and prices obtained in the LL2 prob-
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DA and RT market joint clearing algorithm 
(LL1)

Min   DA Energy Cost + RT Balancing Cost 
subject to:
➢Demand-supply balance constraints in the 

DA and RT markets
➢System-wide carbon emission constrains
➢Generation operating constraints
➢Upward and downward reserve constraints
➢Transmission network constraints
➢Time-coupling demand flexibility 

constraints
➢Chance constraints for renewable energy 

uncertainty
➢Chance constraints for demand uncertainty

Investment decisions of the GenCo (UL)
Max   GenCo Profit 
subject to:
➢Caron allowance allocation constraints
➢Carbon emission constraints
➢Green certificate allocation constraints

TGC market clearing algorithm (LL2)
➢Inverse demand function of the present 

TGC market
➢Future TGC pricing constraints

DA prices, 
RT prices,

DA dispatches, 
RT deviations

Investment 
decisions

Present TGC 
quantities,

Future TGC 
quantities

Present 
TGC prices, 

Future 
TGC prices  

Figure 5.1: Illustration of the proposed two-stage bi-level optimisation model.
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lem, critically influence GenCo’s profitability. This bidirectional feedback loop under-
scores the complex relationship between generation planning and market performance,
highlighting the feature of capturing real-world market dynamics and GenCo’s decision-
making processes.

5.2.2 Modelling Assumptions

For clarity and completeness, the key assumptions underpinning the proposed two-
stage bi-level optimisation model are listed below:

1. The proposed two-stage bi-level optimisation model represents the market-driven
generation planning faced by a self-interested GenCo seeking to maximise its long-
term profit. The GenCo is allowed to invest in generation capacities utilising flex-
ible, must-run, and renewable technologies. Furthermore, the flexible generation
capacities are explicitly modelled by the production blocks to capture their output
characteristics. Accordingly, demand blocks are also incorporated into the proposed
model.

2. The examined GenCo is permitted to participate in four different markets. The two-
stage energy markets adopted for this work include the DA energy market and the
RT balancing market with an hourly time resolution. Furthermore, the proposed
model takes into consideration the present TGC market and the future TGC market.

3. Based on the study in [76], its pricing scheme, namely LMP, is applied within the
proposed two-stage energy market framework. This approach leverages the LMPs
for determining the electricity prices at different locations in the network, which
are calculated using the dual variables of the hourly demand-supply balance in both
the DA and RT markets. The so-called LMP scheme reflects the marginal cost of
supplying the next unit of electricity at a specific location, considering the effect
of network transmission congestion, thereby facilitating efficient market operations
and signaling appropriate economic incentives.

4. The model incorporates the pricing mechanism outlined in [64] for trading in the
present and future TGC markets. Specifically, the prices in the present TGC market
are determined using an inverse demand function. Furthermore, the future TGC
price is estimated based on the penalty price associated with RPS deficiency.

5. Once the GenCo finalises its investment decisions, the sequential clearing process
of the DA, RT, and TGC markets is arranged by the market operator. Specifically,
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the market operator first clears the DA energy market, taking into account the un-
certainties incurred by demand and renewable generation as well as scheduling the
generation dispatches. Subsequently, the depolyment of reserves is organised by
market operator in the RT market to eliminate the unexpected uncertainties aris-
ing from wind power and demand-side deviations. Following this, the prices and
quantities of TGC are determined based on the clearing results of the DA and RT
markets. By comparing the present TGC market clearing price with the estimated
future TGC market price, the examined GenCo can choose either to trade its TGCs
in the present TGC market or retain them for future trading, thus completing the
transactions in the TGC market. Finally, the outcomes of these three markets are
relayed to the examined GenCo, significantly influencing its profit-oriented invest-
ment decision-making process.

6. Although the DA and RT markets are cleared sequentially from the perspective of
the examined GenCo, investment decisions are required to maximise the overall
expected profit simultaneously [77]. Additionally, as highlighted in research works
[78, 79], a co-optimised approach to managing energy and reserves significantly
enhances the efficiency of generation dispatch compared to scenarios where energy
and reserves are cleared separately. Therefore, this paper adopts a joint clearing
model for the DA and RT markets. Furthermore, it is assumed that GenCo sells the
TGCs in the present TGC market or withholds the TGCs for future trading after
the outcomes of the energy markets are obtained. This assumption is logical since
the allocation of TGCs becomes definitive after the results of renewable generation
dispatches and deviations are available, which is more conducive to risk mitigation
[64].

7. In order to facilitate the mathematical solution, the uncertainties sourced from RESs
and demand are realised by a set of chance constraints.

8. As the primary objective of this paper is to explore the system-level generation
mix of the future grid under stringent carbon emission regulations, the proposed
generation planning model excludes the consideration of other GenCos.

9. In order to ensure the convex characteristics of the LL1 problem, linear generation
costs are adopted in the proposed model. Additionally, it is assumed that renewable
generation technologies are cost-free.

10. In the DA market, the generation capacities of renewable and must-run technologies
are assumed to operate at their full capacity.
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11. The network transmission is modelled based on a linear DC power flow approxi-
mation.

12. In the face of decarbonisation, a series of carbon emission restrictions and green en-
ergy incentives are imposed on the examined GenCo. Firstly, GenCo is limited by
an annual cap on carbon emissions. Moreover, it is assumed that carbon emissions
only depend on the generation of flexible technologies that consume fossil fuels.
Secondly, carbon emissions from the GenCo are subject to a carbon tax. Thirdly,
carbon allowances are allocated to the GenCo based on its renewable energy gen-
eration, and the GenCo can profit by trading these carbon allowances. Fourthly,
GenCo can earn TGCs through renewable power production and participate in the
present and future TGC markets to gain profits. Finally, the RPS ratio is incorpo-
rated into the parameter setting of TGC markets. These environmental policies are
set to work together towards a fully decarbonised power system.

13. Time-coupling demand flexibility is implemented through a generic and technology-
agnostic model. The demand flexibility model permits adjustments in demand, ei-
ther decreasing or increasing, within a specified proportion for each time interval,
while maintaining a net-zero demand-side energy shift throughout the market du-
ration [80]. Essentially, the sum of demand reductions matches the sum of demand
increases, ensuring energy neutrality over the market horizon. It is assumed that
demand flexibility does not compromise the quality or satisfaction of consumer ex-
periences.

5.3 Mathematical Model

This section elaborates on the specific formulations of the UL problem related to the
GenCo and the two LL problems (LL1 and LL2), which correspond to various market
clearing processes.

5.3.1 UL Problem: Investment Decisions of GenCo

The UL problem within this framework captures the decision-making process of the
profit-driven GenCo, pursuing to maximise its total profit by determining the optimal
investment mix, taking into account the multi-scale market dynamics. This UL problem
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is mathematically formulated as follows:

max
V UL

∑
d

ωd

[ ∑
i∈Ψn,t,n,b

λDAd,t,ng
DA
i,d,t,n,b︸ ︷︷ ︸

DA energy revenue

−
∑
i,t,n,b

CEN
i,b g

DA
i,d,t,n,b︸ ︷︷ ︸

DA energy cost

+
∑

i∈IFL∩Ψn,t,n,b

λRTd,t,n(g
U
i,d,t,n,b − gDi,d,t,n,b)︸ ︷︷ ︸

RT reserve revenue

−
∑

i∈IFL,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b)︸ ︷︷ ︸

RT reserve cost

−
∑

i∈IRE∩Ψn,t,n

λRTd,t,ng
dev
i,d,t,n︸ ︷︷ ︸

Renewable deviation penalty

−
∑

i∈IFL,t,n

λCO2Qemi
i,d,t,n︸ ︷︷ ︸

Carbon emission cost

+
∑

i∈IRE ,t,n

λCO2QCA
i,d,t,n︸ ︷︷ ︸

Carbon allowance revenue

+
∑
i∈IRE

(λPGCi,d QPGC
i,d + λFGCQFGC

i,d )︸ ︷︷ ︸
Green certificate revenue

]
−
∑
i,n

CIN
i Gi,n︸ ︷︷ ︸

Investment cost

(5.1)

where:
V UL =

{
Gi,n, Q

CA
i,d,t,n, Q

emi
i,d,t,n, Q

PGC
i,d , QFGC

i,d

}
(5.2)

subject to:
Gi,n ⩾ 0 ∀i ∈ I, ∀n (5.3)

Gi,n,b = ωFLb Gi,n ∀i ∈ IFL, ∀n, ∀b (5.4)

QCA
i,d,t,n = (gDAi,d,t,n − gdevi,d,t,n)η

Gridϵi ∀i ∈ IRE, ∀d, ∀t, ∀n (5.5)

Qemi
i,d,t,n = (gDAi,d,t,n + gUi,d,t,n − gDi,d,t,n)η

CO2
i ∀i ∈ IFL, ∀d, ∀t, ∀n (5.6)

QPGC
i,d +QFGC

i,d =
∑
t,n

(gDAi,d,t,n − gdevi,d,t,n) ∀i ∈ IRE, ∀d (5.7)

The objective function of the UL problem is to maximise the total profit of the exam-
ined GenCo, consisting of nine components, as defined in (5.1). Constraint (5.3) ensures
that the new capacities invested by the GenCo are non-negative. Constraint (5.4) details
the weighting factors of the production blocks corresponding to flexible generation ca-
pacities. Constraint (5.5) presents the allocation of carbon allowances. Constraint (5.6)
quantifies the carbon emissions produced by the operation of fossil-fired flexible genera-
tion technologies. Lastly, constraint (5.7) calculates the total quantities of TGCs that are
generated based on renewable energy production in the DA market and its deviation in
the RT market.
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5.3.2 LL1 Problem: Joint Clearing Process of DA Energy and RT
Balancing Markets

From the viewpoint of the market operator, the LL1 problem represents that the joint
clearing of the two-stage electricity markets, specifically the DA energy market and the
RT balancing market, is undertaken with the objective of minimising the overall system
cost. It needs to be emphasised that the focus of this chapter, demand flexibility, is accu-
rately incorporated into the LL1 constraints. The formulation of this LL1 problem can be
expressed as follows:

{
min
V LL

∑
i,t,n,b

CEN
i,b g

DA
i,d,t,n,b +

∑
i,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b) (5.8)

where:

V LL1 =
{
PDA
j,d,t,o, g

DA
i,d,t,n,b, g

U
i,d,t,n,b, g

D
i,d,t,n,b, P

dev
j,d,t,o, g

dev
i,d,t,n, δ

DA
d,t,n, δ

DA,ref
d,t ,

δRTd,t,n, δ
RT,ref
d,t , LSHj,d,t,o

} (5.9)

subject to:∑
j∈Ψn,o

PDA
j,d,t,o +

∑
m∈Λn

bnm(δ
DA
d,t,n − δDAd,t,m)−

∑
i∈Ψn,b

gDAi,d,t,n,b = 0 : λDAd,t,n ∀t, ∀n (5.10)

∑
j∈Ψn,o

P dev
j,d,t,o +

∑
i∈IFL∩Ψn,b

(−gUi,d,t,n,b + gDi,d,t,n,b) +
∑

i∈IRE∩Ψn

gdevi,d,t,n−∑
m∈Λn

bnm(δ
DA
d,t,n − δRTd,t,n − δDAd,t,m + δRTd,t,m) = 0 : λRTd,t,n ∀t, ∀n

(5.11)

∑
i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ⩽ ηGrid

∑
j,t,o

LDAj,d,t,o : ζd (5.12)

gDAi,d,t,n,b + gUi,d,t,n,b ⩽ Gi,n,b : µUi,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (5.13)

gDi,d,t,n,b ⩽ gDAi,d,t,n,b : µDi,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (5.14)

0 ⩽ gUi,d,t,n,b ⩽ GU
i,b : ϕU,−i,d,t,n,b, ϕ

U,+
i,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (5.15)

0 ⩽ gDi,d,t,n,b ⩽ GD
i,b : ϕD,−i,d,t,n,b, ϕ

D,+
i,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (5.16)

gDAi,d,t,n = Gi,n : γi,d,t,n ∀i ∈ IMR, ∀t, ∀n (5.17)

gDAi,d,t,n = kREi,d,tGi,n : θi,d,t,n ∀i ∈ IRE, ∀t, ∀n (5.18)
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−Cmax
nm ⩽ bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ Cmax

nm : νDA,−d,t,n,m, ν
DA,+
d,t,n,m ∀t, ∀n, ∀m ∈ Λn (5.19)

−π ⩽ δDAd,t,n ⩽ π : ξDA,−d,t,n , ξDA,+d,t,n ∀t, ∀n (5.20)

δDA,refd,t = 0 : ξDA,refd,t ∀t (5.21)

−Cmax
nm ⩽ bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ Cmax

nm : νRT,−d,t,n,m, ν
RT,+
d,t,n,m ∀t, ∀n, ∀m ∈ Λn (5.22)

−π ⩽ δRTd,t,n ⩽ π : ξRT,−d,t,n , ξ
RT,+
d,t,n ∀t, ∀n (5.23)

δRT,refd,t = 0 : ξRT,refd,t ∀t (5.24)

(1− α)LDAj,d,t,o ≤ PDA
j,d,t,o ≤ (1 + α)LDAj,d,t,o : ψ−

j,d,t,o, ψ
+
j,d,t,o ∀j, ∀t, ∀o (5.25)∑

t,o

LSHj,d,t,o = 0 : σj,d ∀j (5.26)

P
[
−αLRj,d,t ⩽

∑
o

LSHj,d,t,o ⩽ αLRj,d,t

]
⩾ 1− ρL : χSH,−j,d,t , χ

SH,+
j,d,t ∀j, ∀t (5.27)

P
[
gDAi,d,t,n − gdevi,d,t,n ⩽ gRi,d,t,n

]
⩾ 1− ρRE : χREi,d,t,n ∀i ∈ IRE, ∀t, ∀n (5.28)

P
[∑

o

PDA
j,d,t,o +

∑
o

P dev
j,d,t,o ⩾ LRj,d,t +

∑
o

LSHj,d,t,o

]
⩾ 1− ρL : χLj,d,t ∀j, ∀t

}
∀d

(5.29)

The LL1 problem’s objective function is to minimise the overall system cost, including
the energy cost (first term) and the reserve cost (last two terms). The LL1 problem is sub-
ject to various sets of constraints: system balance constraints (5.10)-(5.11), system-wide
carbon emission constraint (5.12), generation operating constraints (5.13)-(5.18), network
constraints (5.19)-(5.24), demand flexibility constraints (5.25)-(5.26), and chance con-
straints (5.27)-(5.29).

Due to the incorporation of flexible demand, some new features should be clarified.
Specifically, the decision variable set V LL1 includes the new variables PDA

j,d,t,o and LSHj,d,t,o,
which are employed to model flexible demand and demand shifting, respectively. Addi-
tionally, the demand consumption in the DA demand-supply constraint (5.10) is replaced
by the variable PDA

j,d,t,o, instead of parametric baseline demand LDAj,d,t,o. Furthermore, the
constraints (5.25)-(5.27) are proposed to accurately reflect the impact of demand flexibil-
ity. Constraint (5.25) indicates that the DA demand consumption, relative to the baseline
demand for each hour, is confined within a predetermined ratio α (0 ⩽ α ⩽ 1). Con-
straint (5.26) ensures that the time-coupling demand shifting results in energy neutrality
over the course of a single representative day. Chance constraint (5.27) conveys that the
hourly shifting of baseline demand is confined to a specified proportion, α, of the baseline
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demand realisation, with a probability exceeding 1− ρL.

5.3.3 LL2 Problem: Clearing Process of TGC Market

The clearing process for the present TGC market and the projections for the future
TGC market are formulated as follows:

V LL2 =
{
λPGCi,d , QPGC

i,d

}
(5.30)

λPGCi,d = lPGC − qPGCQPGC
i,d ∀i ∈ IRE, ∀d (5.31)

λFGC = γFGCλRPS0 (5.32)

The present TGC market is built on a quantity-dependent inverse demand function.
Under this framework, the present TGC price is determined by equation (5.31) that rep-
resents the linear correlation between the present price of TGC and its quantity. On the
other hand, equation (5.32) indicates the estimation of the future TGC price. The neces-
sary coefficients are obtained from equations (5.33) and (5.34), as proved in [64].

lPGC = λRPS0 (5.33)

qPGC =
(1− θPGC)λRPS0

γRPS
∑

j,d,t L
DA
j,d,t

(5.34)

5.4 Solution

The methodology for solving the proposed two-stage bi-level optimisation model un-
folds in a structured sequence of steps, detailed in this section. Initially, the challenge of
non-convex chance constraints in the LL1 problem is addressed by applying linearization
techniques, a process described in Subsection 5.4.1. After this, the model undergoes a
transformation into a single-level MPEC and its comprehensive procedure is detailed in
Subsection 5.4.2. This transformation employs the KKT optimality conditions to effec-
tively substitute the LL1 problem, while concurrently incorporating the constraints from
the LL2 problem into the UL problem. To enhance the computational tractability, the next
step involves tackling the non-linear components appearing in the MPEC formulation, as
discussed in Subsection 5.4.3. Finally, the model is converted into a MIQP problem, as
depicted in Subsection 5.4.4.
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5.4.1 CCP Reformulation

In this chapter, the chance constraints employ stochastic variables to address uncer-
tainties associated with RESs and demand, denoted as gR and LR respectively. These
stochastic variables are assumed to follow normal distributions, which are formulated as
follows:

gRi,d,t,n ∼ N (mRE
i,d,t,n, (s

RE
i,d,t,n)

2), LRj,d,t ∼ N (mL
j,d,t, (s

L
j,d,t)

2) (5.35)

where parameter m is the mean of the normal distribution and parameter s is the standard
deviation of the normal distribution. It should be noted that the chance constraints (5.27),
(5.28), and (5.29) are non-convex. In order to make the proposed model solvable, the
non-convexities in these chance constraints are required to be eliminated. By employing
the linearization process detailed in Subsection 3.4.1, the chance constraints (5.27)-(5.29)
of the LL1 problem can be reformulated as follows:

αmL
j,d,t +

∑
o

LSHj,d,t,o ⩾ Φ−1(1− ρL)αsLj,d,t : χSH,−j,d,t ∀j, ∀d, ∀t (5.36)

αmL
j,d,t −

∑
o

LSHj,d,t,o ⩾ Φ−1(1− ρL)αsLj,d,t : χSH,+j,d,t ∀j, ∀d, ∀t (5.37)

mRE
i,d,t,n−gDAi,d,t,n+gdevi,d,t,n ⩾ Φ−1(1−ρRE)sREi,d,t,n : χREi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (5.38)

−mL
j,d,t−

∑
o

LSHj,d,t,o+
∑
o

P dev
j,d,t,o+

∑
o

PDA
j,d,t,o ⩾ Φ−1(1− ρL)sLj,d,t : χLj,d,t ∀j, ∀d, ∀t

(5.39)
Note that Φ−1(·) is the inverse cumulative distribution function of a standard normal dis-
tribution.

5.4.2 MPEC Formulation

Given that the continuity and convexity of the LL1 problem are preserved via the lin-
earized chance constraints (5.36)-(5.39), it becomes feasible to substitute the LL1 prob-
lem with a set of constraints derived from its KKT optimality conditions. Furthermore,
the LL2 problem, defined entirely by its constraints, is efficiently integrated into the UL
problem. As a result, the two-stage bi-level optimisation framework (5.1)-(5.32), under-
goes a transformation into a single-level MPEC problem.

KKT Conditions Associated with the LL1 Problem

To derive the KKT optimality conditions corresponding to the LL1 problem, it is cru-
cial to construct its Lagrangian function, denoted as LLL1. This function integrates the
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objective of the LL1 problem with its constraints, weighted by their respective Lagrange
multipliers, and is formulated as follows:

LLL1 =
∑

i,d,t,n,b

CEN
i,b g

DA
i,d,t,n,b +

∑
i,d,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b) +

∑
d,t,n

λDAd,t,n
[ ∑
j∈Ψn,o

PDA
j,d,t,o

+
∑
m∈Λn

bnm(δ
DA
d,t,n − δDAd,t,m)−

∑
i∈Ψn,b

gDAi,d,t,n,b
]
+
∑
d,t,n

λRTd,t,n
[ ∑
j∈Ψn,o

P dev
j,d,t,o+∑

i∈IFL∩Ψn,b

(−gUi,d,t,n,b + gDi,d,t,n,b) +
∑

i∈IRE∩Ψn

gdevi,d,t,n −
∑
m∈Λn

bnm(δ
DA
d,t,n − δRTd,t,n−

δDAd,t,m + δRTd,t,m)
]
+
∑
d

ζd
[ ∑
i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b)−

ηGrid
∑
j,t,o

LDAj,d,t,o
]
+

∑
i∈IFL,d,t,n,b

µUi,d,t,n,b(g
DA
i,d,t,n,b + gUi,d,t,n,b −Gi,n,b)+∑

i∈IFL,d,t,n,b

µDi,d,t,n,b(g
D
i,d,t,n,b − gDAi,d,t,n,b)−

∑
i∈IFL,d,t,n,b

ϕU,−i,d,t,n,bg
U
i,d,t,n,b+∑

i∈IFL,d,t,n,b

ϕU,+i,d,t,n,b(g
U
i,d,t,n,b −GU

i,b)−
∑

i∈IFL,d,t,n,b

ϕD,−i,d,t,n,bg
D
i,d,t,n,b+∑

i∈IFL,d,t,n,b

ϕD,+i,d,t,n,b(g
D
i,d,t,n,b −GD

i,b) +
∑

i∈IMR,d,t,n

γi,d,t,n(g
DA
i,d,t,n −Gi,n)+∑

i∈IRE ,d,t,n

θi,d,t,n(g
DA
i,d,t,n − kREi,d,tGi,n) +

∑
d,t,n,m∈Λn

νDA,−d,t,n,m[−C
max
nm − bnm(δ

DA
d,t,n−

δDAd,t,m)] +
∑

d,t,n,m∈Λn

νDA,+d,t,n,m[bnm(δ
DA
d,t,n − δDAd,t,m)− Cmax

nm ]+∑
d,t,n

ξDA,−d,t,n (−π − δDAd,t,n) +
∑
d,t,n

ξDA,+d,t,n (δDAd,t,n − π) +
∑
d,t,n=1

ξDA,refd,t δDA,refd,t +∑
d,t,n,m∈Λn

νRT,−d,t,n,m[−C
max
nm − bnm(δ

RT
d,t,n − δRTd,t,m)] +

∑
d,t,n,m∈Λn

νRT,+d,t,n,m[bnm(δ
RT
d,t,n

− δRTd,t,m)− Cmax
nm ] +

∑
d,t,n

ξRT,−d,t,n (−π − δRTd,t,n) +
∑
d,t,n

ξRT,+d,t,n (δRTd,t,n − π)+∑
d,t,n=1

ξRT,refd,t δRT,refd,t +
∑
j,d,t,o

ψ−
j,d,t,o[(1− α)LDAj,d,t,o − PDA

j,d,t,o]+∑
j,d,t,o

ψ+
j,d,t,o[P

DA
j,d,t,o − (1 + α)LDAj,d,t,o] +

∑
j,d

σj,d
∑
t,o

LSHj,d,t,o+∑
j,d,t

χSH,−j,d,t [Φ−1(1− ρL)αsLj,d,t − αmL
j,d,t −

∑
o

LSHj,d,t,o]+∑
j,d,t

χSH,+j,d,t [Φ−1(1− ρL)αsLj,d,t − αmL
j,d,t +

∑
o

LSHj,d,t,o]+∑
i∈IRE ,d,t,n

χREi,d,t,n[Φ
−1(1− ρRE)sREi,d,t,n −mRE

i,d,t,n + gDAi,d,t,n − gdevi,d,t,n]+
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∑
j,d,t

χLj,d,t[Φ
−1(1− ρL)sLj,d,t +mL

j,d,t +
∑
o

LSHj,d,t,o −
∑
o

P dev
j,d,t,o −

∑
o

PDA
j,d,t,o]

(5.40)

Based on the Lagrangian function defined in (5.40), the comprehensive KKT optimal-
ity conditions for the LL1 problem are detailed as follows:

KKT equality conditions : (5.10) − (5.11), (5.17) − (5.18), (5.21), (5.24), (5.26) (5.41)

LL1 KKT stationarity conditions :

∂LLL1
∂PDA

j,d,t,o

= λDAd,t,n + ψ+
j,d,t,o − ψ−

j,d,t,o − χLj,d,t = 0 ∀j ∈ Ψn, ∀d, ∀t, ∀n, ∀o (5.42)

∂LLL1
∂gDAi,d,t,n,b

= CEN
i,b −λDAd,t,n+η

CO2
i ζd+µ

U
i,d,t,n,b−µDi,d,t,n,b = 0 ∀i ∈ IFL∩Ψn, ∀d, ∀t, ∀n, ∀b

(5.43)
∂LLL1
∂gDAi,d,t,n

= CEN
i − λDAd,t,n + γi,d,t,n = 0 ∀i ∈ IMR ∩Ψn, ∀d, ∀t, ∀n (5.44)

∂LLL1
∂gDAi,d,t,n

= −λDAd,t,n + θi,d,t,n + χREi,d,t,n = 0 ∀i ∈ IRE ∩Ψn, ∀d, ∀t, ∀n (5.45)

∂LLL1
∂gUi,d,t,n,b

=CU
i,b − λRTd,t,n + ηCO2

i ζd + µUi,d,t,n,b − ϕU,−i,d,t,n,b + ϕU,+i,d,t,n,b = 0

∀i ∈ IFL ∩Ψn, ∀d, ∀t, ∀n, ∀b
(5.46)

∂LLL1
∂gDi,d,t,n,b

=− CD
i,b + λRTd,t,n − ηCO2

i ζd + µDi,d,t,n,b − ϕD,−i,d,t,n,b + ϕD,+i,d,t,n,b = 0

∀i ∈ IFL ∩Ψn, ∀d, ∀t, ∀n, ∀b
(5.47)

∂LLL1
∂P dev

j,d,t,o

= λRTd,t,n − χLj,d,t = 0 ∀j ∈ Ψn, ∀d, ∀t (5.48)

∂LLL1
∂gdevi,d,t,n

= λRTd,t,n − χREi,d,t,n = 0 ∀i ∈ IRE ∩Ψn, ∀d, ∀t, ∀n (5.49)

∂LLL1
∂δDAd,t,n

=
∑
m∈Λn

bnm(λ
DA
d,t,n − λDAd,t,m)−

∑
m∈Λn

bnm(λ
RT
d,t,n − λRTd,t,m)+∑

m∈Λn

bnm(ν
DA,+
d,t,n,m − νDA,+d,t,m,n)−

∑
m∈Λn

bnm(ν
DA,−
d,t,n,m − νDA,−d,t,m,n) + ξDA,+d,t,n

− ξDA,−d,t,n + (ξDA,refd,t )n=1 = 0 ∀d, ∀t, ∀n

(5.50)
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∂LLL1
∂δRTd,t,n

=
∑
m∈Λn

bnm(λ
RT
d,t,n − λRTd,t,m) +

∑
m∈Λn

bnm(ν
RT,+
d,t,n,m − νRT,+d,t,m,n)−∑

m∈Λn

bnm(ν
RT,−
d,t,n,m − νRT,−d,t,m,n) + ξRT,+d,t,n − ξRT,−d,t,n + (ξRT,refd,t )n=1 = 0 ∀d, ∀t, ∀n

(5.51)

∂LLL1
∂LSHj,d,t,o

= σj,d + χSH,+j,d,t − χSH,−j,d,t + χLj,d,t = 0 ∀j ∈ Ψn, ∀d, ∀t, ∀n (5.52)

LL1 KKT complementarity conditions :

0 ⩽
[
ηGrid

∑
j,t,o

LDAj,d,t,o −
∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b)

]
⊥ ζd ⩾ 0 ∀d

(5.53)
0 ⩽ (Gi,n,b − gDAi,d,t,n,b − gUi,d,t,n,b) ⊥ µUi,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.54)

0 ⩽ (gDAi,d,t,n,b − gDi,d,t,n,b) ⊥ µDi,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.55)

0 ⩽ gUi,d,t,n,b ⊥ ϕU,−i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.56)

0 ⩽ (GU
i,b − gUi,d,t,n,b) ⊥ ϕU,+i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.57)

0 ⩽ gDi,d,t,n,b ⊥ ϕD,−i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.58)

0 ⩽ (GD
i,b − gDi,d,t,n,b) ⊥ ϕD,+i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.59)

0 ⩽
[
Cmax
nm + bnm(δ

DA
d,t,n − δDAd,t,m)

]
⊥ νDA,−d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (5.60)

0 ⩽
[
Cmax
nm − bnm(δ

DA
d,t,n − δDAd,t,m)

]
⊥ νDA,+d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (5.61)

0 ⩽ (π + δDAd,t,n) ⊥ ξDA,−d,t,n ⩾ 0 ∀d, ∀t, ∀n (5.62)

0 ⩽ (π − δDAd,t,n) ⊥ ξDA,+d,t,n ⩾ 0 ∀d, ∀t, ∀n (5.63)

0 ⩽
[
Cmax
nm + bnm(δ

RT
d,t,n − δRTd,t,m)

]
⊥ νRT,−d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (5.64)

0 ⩽
[
Cmax
nm − bnm(δ

RT
d,t,n − δRTd,t,m)

]
⊥ νRT,+d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (5.65)

0 ⩽ (π + δRTd,t,n) ⊥ ξRT,−d,t,n ⩾ 0 ∀d, ∀t, ∀n (5.66)

0 ⩽ (π − δRTd,t,n) ⊥ ξRT,+d,t,n ⩾ 0 ∀d, ∀t, ∀n (5.67)

0 ⩽
[
PDA
j,d,t,o − (1− α)LDAj,d,t,o

]
⊥ ψ−

j,d,t,o ⩾ 0 ∀j, ∀d, ∀t, ∀o (5.68)

0 ⩽
[
(1 + α)LDAj,d,t,o − PDA

j,d,t,o

]
⊥ ψ+

j,d,t,o ⩾ 0 ∀j, ∀d, ∀t, ∀o (5.69)

0 ⩽
[
αmL

j,d,t +
∑
o

LSHj,d,t,o − Φ−1(1− ρL)αsLj,d,t
]
⊥ χSH,−j,d,t ⩾ 0 ∀j, ∀d, ∀t (5.70)
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0 ⩽
[
αmL

j,d,t −
∑
o

LSHj,d,t,o − Φ−1(1− ρL)αsLj,d,t
]
⊥ χSH,+j,d,t ⩾ 0 ∀j, ∀d, ∀t (5.71)

0 ⩽
[
mRE
i,d,t,n−gDAi,d,t,n+gdevi,d,t,n−Φ−1(1−ρRE)sREi,d,t,n

]
⊥ χREi,d,t,n ⩾ 0 ∀i ∈ IRE, ∀d, ∀t, ∀n

(5.72)
0 ⩽

[
−mL

j,d,t −
∑
o

LSHj,d,t,o +
∑
o

P dev
j,d,t,o +

∑
o

PDA
j,d,t,o − Φ−1(1− ρL)sLj,d,t

]
⊥ χLj,d,t ⩾ 0

∀j, ∀d, ∀t
(5.73)

The KKT optimality conditions for the LL1 problem play a significant role in con-
verting the bi-level optimisation model into a single-level MPEC. These conditions are
divided into three main categories: i) KKT equality conditions (5.41), ii) KKT stationar-
ity conditions (5.42)-(5.52), and iii) KKT complementarity conditions (5.53)-(5.73).

Final MPEC Formulation

Given that the LL2 problem is exclusively composed of a set of constraints, it seam-
lessly integrates into the MPEC. Consequently, the MPEC formulation is mathematically
presented as follows:

max
VMPEC

∑
d

ωd

[ ∑
i∈Ψn,t,n,b

λDAd,t,ng
DA
i,d,t,n,b −

∑
i,t,n,b

CEN
i,b g

DA
i,d,t,n,b+∑

i∈IFL∩Ψn,t,n,b

λRTd,t,n(g
U
i,d,t,n,b − gDi,d,t,n,b)−

∑
i∈IFL,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b)

+
∑

i∈IRE∩Ψn,t,n

λRTd,t,ng
dev
i,d,t,n −

∑
i∈IFL,t,n

λCO2Qemi
i,d,t,n +

∑
i∈IRE ,t,n

λCO2QCA
i,d,t,n

+
∑
i∈IRE

(λPGCi,d QPGC
i,d + λFGCQFGC

i,d )

]
−
∑
i,n

CIN
i Gi,n (5.74)

where:

V MPEC = V UL ∪ V LL1 ∪ V LL2 ∪ V DUAL (5.75)

V DUAL =
{
λDAd,t,n, λ

RT
d,t,n, ζd, µ

U
i,d,t,n,b, µ

D
i,d,t,n,b, ϕ

U,−
i,d,t,n,b, ϕ

U,+
i,d,t,n,b, ϕ

D,−
i,d,t,n,b, ϕ

D,+
i,d,t,n,b, γi,d,t,n,

θi,d,t,n, ν
DA,−
d,t,n,m, ν

DA,+
y,t,n,m, ξ

DA,−
d,t,n , ξDA,+d,t,n , ξDA,refd,t , νRT,−d,t,n,m, ν

RT,+
d,t,n,m, ξ

RT,−
d,t,n , ξ

RT,+
d,t,n ,

ξRT,refd,t , ψ−
j,d,t,o, ψ

+
j,d,t,o, σj,d, χ

SH,−
j,d,t , χ

SH,+
j,d,t , χ

RE
i,d,t,n, χ

L
j,d,t

}
(5.76)

subject to:
UL constraints : (5.3) − (5.7) (5.77)
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LL1 KKT equality conditions : (5.41) (5.78)

LL1 KKT stationarity conditions : (5.42) − (5.52) (5.79)

LL1 KKT complementarity conditions : (5.53) − (5.73) (5.80)

LL2 constraints : (5.31) − (5.32) (5.81)

5.4.3 Linearization of MPEC

To improve the computational tractability of the proposed MPEC problem, effective
linearization techniques are necessary to convert the inherently non-linear MPEC into a
MIQP, which is compatible with commercial branch-and-cut solvers. The non-linear ele-
ments within the MPEC formulation primarily originate from two sources: the KKT com-
plementarity conditions associated with the LL1 problem (5.80), and the bilinear terms
present in the GenCo’s profit calculation, as outlined in the MPEC’s objective function
(5.74). The process of linearizing these non-linearities is detailed in this subsection.

Linearization of KKT Complementarity Conditions

The big-M method is adopted to decompose the KKT complementarity condition into
a set of linear conditions mixed with binary variables. Specifically, a represents a primal
variable in KKT conditions, and b represents the corresponding dual variable. The result-
ing equivalent mixed-integer linear conditions are formulated as follows: {a ⩾ 0, b ⩾

0, a ⩽ βMa, b ⩽ (1 − β)M b, β ∈ {0, 1}}. Note that Ma and M b identify the large
positive constants. By following this linearization process, the KKT complementarity
conditions associated with the LL1 problem (5.80) can be reformed into a series of dis-
junctive constraints, which are expressed as follows:

V BINARY =

{
βCO2
d , βUi,d,t,n,b, β

D
i,d,t,n,b, β

U,−
i,d,t,n,b, β

U,+
i,d,t,n,b, β

D,−
i,d,t,n,b, β

D,+
i,d,t,n,b, β

DA,net,−
d,t,n,m ,

βDA,net,+d,t,n,m , βDA,π,−d,t,n , βDA,π,+d,t,n , βRT,net,−d,t,n,m , βRT,net,+d,t,n,m , βRT,π,−d,t,n , βRT,π,+d,t,n ,

βPDA,−j,d,t,o , βPDA,+j,d,t,o , βSH,−j,d,t , β
SH,+
j,d,t , β

RE
i,d,t,n, β

L
j,d,t

}
(5.82)

0 ⩽ ηGrid
∑
j,t,o

LDAj,d,t,o −
∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ⩽ βCO2

d M ∀d

(5.83)
0 ⩽ ζd ⩽ (1− βCO2

d )M ∀d (5.84)

0 ⩽ Gi,n,b − gDAi,d,t,n,b − gUi,d,t,n,b ⩽ βUi,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.85)
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0 ⩽ µUi,d,t,n,b ⩽ (1− βUi,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.86)

0 ⩽ gDAi,d,t,n,b − gDi,d,t,n,b ⩽ βDi,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.87)

0 ⩽ µDi,d,t,n,b ⩽ (1− βDi,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.88)

0 ⩽ gUi,d,t,n,b ⩽ βU,−i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.89)

0 ⩽ ϕU,−i,d,t,n,b ⩽ (1− βU,−i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.90)

0 ⩽ GU
i,b − gUi,d,t,n,b ⩽ βU,+i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.91)

0 ⩽ ϕU,+i,d,t,n,b ⩽ (1− βU,+i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.92)

0 ⩽ gDi,d,t,n,b ⩽ βD,−i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.93)

0 ⩽ ϕD,−i,d,t,n,b ⩽ (1− βD,−i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.94)

0 ⩽ GD
i,b − gDi,d,t,n,b ⩽ βD,+i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.95)

0 ⩽ ϕD,+i,d,t,n,b ⩽ (1− βD,+i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.96)

0 ⩽ Cmax
nm + bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ βDA,net,−d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (5.97)

0 ⩽ νDA,−d,t,n,m ⩽ (1− βDA,net,−d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (5.98)

0 ⩽ Cmax
nm − bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ βDA,net,+d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (5.99)

0 ⩽ νDA,+d,t,n,m ⩽ (1− βDA,net,+d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (5.100)

0 ⩽ π + δDAd,t,n ⩽ βDA,π,−d,t,n M ∀d, ∀t, ∀n (5.101)

0 ⩽ ξDA,−d,t,n ⩽ (1− βDA,π,−d,t,n )M ∀d, ∀t, ∀n (5.102)

0 ⩽ π − δDAd,t,n ⩽ βDA,π,+d,t,n M ∀d, ∀t, ∀n (5.103)

0 ⩽ ξDA,+d,t,n ⩽ (1− βDA,π,+d,t,n )M ∀d, ∀t, ∀n (5.104)

0 ⩽ Cmax
nm + bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ βRT,net,−d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (5.105)

0 ⩽ νRT,−d,t,n,m ⩽ (1− βRT,net,−d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (5.106)

0 ⩽ Cmax
nm − bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ βRT,net,+d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (5.107)

0 ⩽ νRT,+d,t,n,m ⩽ (1− βRT,net,+d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (5.108)

0 ⩽ π + δRTd,t,n ⩽ βRT,π,−d,t,n M ∀d, ∀t, ∀n (5.109)

0 ⩽ ξRT,−d,t,n ⩽ (1− βRT,π,−d,t,n )M ∀d, ∀t, ∀n (5.110)

0 ⩽ π − δRTd,t,n ⩽ βRT,π,+d,t,n M ∀d, ∀t, ∀n (5.111)
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0 ⩽ ξRT,+d,t,n ⩽ (1− βRT,π,+d,t,n )M ∀d, ∀t, ∀n (5.112)

0 ⩽ PDA
j,d,t,o − (1− α)LDAj,d,t,o ⩽ βPDA,−j,d,t,o M ∀j, ∀d, ∀t, ∀o (5.113)

0 ⩽ ψ−
j,d,t,o ⩽ (1− βPDA,−j,d,t,o )M ∀j, ∀d, ∀t, ∀o (5.114)

0 ⩽ (1 + α)LDAj,d,t,o − PDA
j,d,t,o ⩽ βPDA,+j,d,t,o M ∀j, ∀d, ∀t, ∀o (5.115)

0 ⩽ ψ+
j,d,t,o ⩽ (1− βPDA,+j,d,t,o )M ∀j, ∀d, ∀t, ∀o (5.116)

0 ⩽ αmL
j,d,t +

∑
o

LSHj,d,t,o − Φ−1(1− ρL)αsLj,d,t ⩽ βSH,−j,d,t M ∀j, ∀d, ∀t (5.117)

0 ⩽ χSH,−j,d,t ⩽ (1− βSH,−j,d,t )M ∀j, ∀d, ∀t (5.118)

0 ⩽ αmL
j,d,t −

∑
o

LSHj,d,t,o − Φ−1(1− ρL)αsLj,d,t ⩽ βSH,+j,d,t M ∀j, ∀d, ∀t (5.119)

0 ⩽ χSH,+j,d,t ⩽ (1− βSH,+j,d,t )M ∀j, ∀d, ∀t (5.120)

0 ⩽ mRE
i,d,t,n − gDAi,d,t,n + gdevi,d,t,n − Φ−1(1− ρRE)sREi,d,t,n ⩽ βREi,d,t,nM ∀i ∈ IRE, ∀d, ∀t, ∀n

(5.121)
0 ⩽ χREi,d,t,n ⩽ (1− βREi,d,t,n)M ∀i ∈ IRE, ∀d, ∀t, ∀n (5.122)

0 ⩽ −mL
j,d,t −

∑
o

LSHj,d,t,o +
∑
o

P dev
j,d,t,o +

∑
o

PDA
j,d,t,o − Φ−1(1− ρL)sLj,d,t ⩽ βLj,d,tM

∀j, ∀d, ∀t
(5.123)

0 ⩽ χLj,d,t ⩽ (1− βLj,d,t)M ∀j, ∀d, ∀t (5.124)

Linearization of GenCo’s Profit

In order to deal with the challenge of bilinear terms in GenCo’s profit within the
MPEC’s objective function (5.74), the strong duality theorem and the KKT optimality
conditions are leveraged to uncover implicit linear forms of these bilinear terms, thereby
facilitating their incorporation into the model in a linearized structure.

Specifically, the bilinear terms (
∑

i∈I λ
DA
d,t,n g

DA
i,d,t,n,b,

∑
i∈IFL λRTd,t,n g

U
i,d,t,n,b,

∑
i∈IFL

λRTd,t,n g
D
i,d,t,n,b,

∑
i∈IRE λRTd,t,n g

dev
i,d,t,n, and

∑
i∈IRE λPGCi,d QPGC

i,d ) of the MPEC’s objective
function (5.74) need to be restructured as their linearized form by adopting the strong
duality theorem and the KKT optimality conditions. The derivation process is detailed as
follows.

First, in order to linearize the bilinear term
∑

i∈I λ
DA
d,t,n g

DA
i,d,t,n,b, the KKT stationarity
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condition (5.43) is rearranged as:

λDAd,t,n = CEN
i,b + ηCO2

i ζd + µUi,d,t,n,b − µDi,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.125)

Multiplying both sides by gDAi,d,t,n,b (∀i ∈ IFL), it renders:

λDAd,t,ng
DA
i,d,t,n,b =C

EN
i,b g

DA
i,d,t,n,b + ηCO2

i ζdg
DA
i,d,t,n,b + µUi,d,t,n,bg

DA
i,d,t,n,b

− µDi,d,t,n,bg
DA
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b

(5.126)

Given that the term (5.126) exclusively accounts for the DA energy revenue derived
from flexible generators, the same linearization procedure can be applied to address the
revenue from must-run and renewable generators. Therefore, the KKT stationarity condi-
tion (5.44) is rewritten as:

λDAd,t,n = CEN
i + γi,d,t,n ∀i ∈ IMR, ∀d, ∀t, ∀n (5.127)

Similarly, multiplying both sides by gDAi,d,t,n (∀i ∈ IMR), it gives:

λDAd,t,ng
DA
i,d,t,n = CEN

i gDAi,d,t,n + γi,d,t,ng
DA
i,d,t,n ∀i ∈ IMR, ∀d, ∀t, ∀n (5.128)

Subsequently, after the LL1 constraint (5.17) is plugged into (5.128), it renders:

λDAd,t,ng
DA
i,d,t,n = CEN

i gDAi,d,t,n + γi,d,t,nGi,n ∀i ∈ IMR, ∀d, ∀t, ∀n (5.129)

It should be emphasised that in terms of the realisation for renewable power generation,
its mean is set as the DA renewable generation dispatch gDAi,d,t,n(∀i ∈ IRE), and its standard
deviation is assumed to be proportional to the DA renewable generation dispatch. The
specific setting will be detailed in the section on the case study. As a result, the chance
constraint pertaining to renewable power production (5.38) should be rewritten as below:

gdevi,d,t,n ⩾ Φ−1(1− ρRE)ΓgDAi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (5.130)

where Γ identifies the proportion of wind power deviation with respect to DA renewable
generation dispatch.

Thus, the KKT stationarity condition (5.45) should be reformulated as follows:

−λDAd,t,n + θi,d,t,n + Φ−1(1− ρRE)ΓχREi,d,t,n = 0 ∀i ∈ IRE, ∀d, ∀t, ∀n (5.131)

Then, rearranging the terms in the KKT stationarity condition (5.131) and multiplying
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both sides by gDAi,d,t,n(i ∈ IRE), the energy revenue from renewable generation is recast as
below:

λDAd,t,ng
DA
i,d,t,n = θi,d,t,ng

DA
i,d,t,n+Φ−1(1−ρRE)ΓχREi,d,t,ngDAi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (5.132)

By substituting the LL1 constraint (5.18) into the above expression (5.132), it further
produces:

λDAd,t,ng
DA
i,d,t,n = θi,d,t,nk

RE
i,d,tGi,n + Φ−1(1− ρRE)ΓχREi,d,t,ng

DA
i,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n

(5.133)

In conclusion, the bilinear DA energy revenue, which is a critical component of the
GenCo’s profit, can be equivalently expressed by combining the expressions (5.126),
(5.129), and (5.133) with respect to different generation technologies.

The next step is to deal with the bilinear terms related to the RT reserve revenues∑
i∈IFL λRTd,t,n g

U
i,d,t,n,b and

∑
i∈IFL λRTd,t,n g

D
i,d,t,n,b. To this end, we first rearrange the terms

in the KKT stationarity conditions (5.46) and (5.47), and then multiplying both sides by
gUi,d,t,n,b and gDi,d,t,n,b, respectively, it renders:

λRTd,t,ng
U
i,d,t,n,b =C

U
i,bg

U
i,d,t,n,b + ηCO2

i ζdg
U
i,d,t,n,b + µUi,d,t,n,bg

U
i,d,t,n,b − ϕU,−i,d,t,n,bg

U
i,d,t,n,b+

ϕU,+i,d,t,n,bg
U
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b
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(5.135)

Furthermore, by employing the KKT complementarity conditions (5.56) - (5.59), we
obtain the following expressions:

gUi,d,t,n,bϕ
U,−
i,d,t,n,b = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.136)

GU
i,bϕ

U,+
i,d,t,n,b = gUi,d,t,n,bϕ

U,+
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.137)

gDi,d,t,n,bϕ
D,−
i,d,t,n,b = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.138)

GD
i,bϕ

D,+
i,d,t,n,b = gDi,d,t,n,bϕ

D,+
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.139)

By substituting KKT complementarity conditions (5.136)-(5.139) into the equations
for RT upward and downward reserve revenues, denoted as (5.134) and (5.135) respec-
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tively, it gives:
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(5.140)
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(5.141)

After this, the bilinear term of the renewable deviation penalty
∑

i∈IRE λRTd,t,n g
dev
i,d,t,n

should be addressed. To this end, we employ the KKT complementarity condition (5.72)
related to the uncertainty of renewable power production and reformulate it as follows:

[
−gdevi,d,t,n − Φ−1(1− ρRE)ΓgDAi,d,t,n

]
χREi,d,t,n = 0 ∀i ∈ IRE, ∀d, ∀t, ∀n (5.142)

By combining the KKT stationarity condition (5.49) with the complementary expres-
sion (5.142), the bilinear term λRTd,t,n g

dev
i,d,t,n is recast as follows:

λRTd,t,ng
dev
i,d,t,n = χREi,d,t,ng

dev
i,d,t,n = −Φ−1(1− ρRE)ΓgDAi,d,t,nχ

RE
i,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n

(5.143)

Collectively, an alternative representation for the first four bilinear terms in the MPEC’s
objective function (the left side of the following equation) can be derived by integrating
the expressions of (5.126), (5.129), (5.133), (5.140), (5.141), (5.143), and summing over
their respective indices, which is formulated as follows:∑
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(5.144)

It is observable that some nonlinear terms on the right side of equation (5.144) can be
eliminated through the application of the KKT complementarity conditions (5.53), (5.54)
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and (5.55), which are expressed as below:

ζdη
Grid

∑
j,t,o

LDAj,d,t,o = ζd
∑
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ηCO2
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i,d,t,n,b − gDi,d,t,n,b) = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (5.147)

By substituting the above KKT complementarity conditions (5.145)-(5.147) into the
equation (5.144), the representation for the first four bilinear terms in the MPEC’s objec-
tive function can be partially linearized, which is given as follows:∑
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However, it is noticeable that the presence of the nonlinearities posed by the last three
bilinear terms of equation (5.148) needs to be further addressed. In order to remove these
non-linearities, the strong duality theorem of the LL1 problem incorporating demand flex-
ibility constraints is utilised, which is expressed as follows:∑
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By employing the strong duality equation (5.149), the bilinear function (left side of
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the following expression) can be linearized as below:∑
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The final step is to handle the last bilinear term related to the TGC revenue
∑

i∈IRE

λPGCi,d QPGC
i,d . It can be converted into a quadratic term by adopting LL2 constraint (5.31),

which is presented as follows:∑
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Finally, by the substitution of expressions from (5.150) and (5.151) into the bilinear
MPEC’s objective function (5.74), the GenCo’s profit is reduced to a linearized form:
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5.4.4 Final MIQP

Through the linearization process, the MPEC is successfully converted into a MIQP.
This transformation enables efficient resolution of the optimisation problem. The MIQP’s
objective function, (5.153), preserves the GenCo’s profit maximisation strategy. The vari-
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able set for the MIQP, denoted as (5.154), merges the variable set from the MPEC problem
(5.75), with the set of auxiliary binary variables (5.82), which were introduced during the
linearization of the LL1 KKT complementarity conditions. The constraints of the MIQP
are organised into three categories: i) original constraints from the UL problem (5.155),
ii) linearized KKT optimality conditions of the LL1 problem (5.156), and iii) constraints
from the LL2 problem (5.157). The final MIQP is formulated as follows:

min
VMIQP

∑
d

ωd

{
−

∑
i,t,n,b

CEN
i,b g

DA
i,d,t,n,b −

∑
i,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b) +

∑
j,t,o

λDAj,d,tL
DA
j,d,t,o

−
∑

t,n,m∈Λn

Cmax
nm (νDA,−d,t,n,m + νDA,+d,t,n,m)−

∑
t,n,m∈Λn

Cmax
nm (νRT,−d,t,n,m + νRT,+d,t,n,m)

−
∑
t,n

π(ξDA,−d,t,n + ξDA,+d,t,n )−
∑
t,n

π(ξRT,−d,t,n + ξRT,+d,t,n )−
∑
j,t,o

(1 + α)LDAj,d,t,oψ
+
j,d,t,o

+
∑
j,t,o

(1− α)LDAj,d,t,oψ
−
j,d,t,o +

∑
j,t

α
[
Φ−1(1− ρL)sLj,d,t −mL

j,d,t

]
(χSH,−j,d,t + χSH,+j,d,t )

+
∑
j,t

[
Φ−1(1− ρL)sLj,d,t +mL

j,d,t

]
χLj,d,t −

∑
i∈IFL,t,n

λCO2Qemi
i,d,t,n

+
∑

i∈IRE ,t,n

λCO2QCA
i,d,t,n +

∑
i∈IRE

[
lPGCQPGC

i,d − qPGC(QPGC
i,d )2 + λFGCQFGC

i,d

]}
−

∑
i,n

CIN
i Gi,n (5.153)

where:

V MIQP = V MPEC ∪ V BINARY (5.154)

subject to:
UL constraints : (5.3) − (5.7) (5.155)

LL1 KKT conditions :

(5.10) − (5.11), (5.17) − (5.18), (5.21), (5.24), (5.26), (5.42) − (5.52), (5.83) − (5.124)
(5.156)

LL2 constraints : (5.31) − (5.32) (5.157)
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5.5 Case Studies

5.5.1 Data Descriptions and Implementation

This set of experiments is organised in the 2021 GB deregulated market environment.
Therefore, the data from the 2021 GB power system is detailed below.

Table 5.1 presents comprehensive data about investment options for the GenCo. It is
noteworthy that in terms of flexible generation technologies, the marginal cost for provid-
ing upward reserve is set at 1.1 times the marginal energy cost; conversely, the marginal
cost for providing downward reserve is set at 0.9 times the marginal energy cost.

Table 5.1: Parameters of investment options.

Investment option CCGT1 CCGT2 OCGT1 OCGT2 Nuclear Wind
Type Flexible Flexible Flexible Flexible Must-run Renewable

Investment cost CIN (£/MW/yr) 14413 17440 8610 10418 114849 35756
Carbon intensity ηCO2 (t/MWh) 0.39 0.39 0.65 0.65 0 0

Maximum upward reserve capacity GU (MW) 4000 8000 4000 8000 - -
Maximum downward reserve capacity GD (MW) 4000 8000 4000 8000 - -

Marginal energy cost CEN (£/MWh)

Block 1 7.43 20.05 40.99 49.25

4.72 0
Block 2 9.03 24.34 49.78 59.81
Block 3 10.62 28.64 58.56 70.36
Block 4 12.21 32.94 67.34 80.91
Block 5 13.81 37.23 76.13 91.47

Table 5.2 displays crucial parameters for the 2021 GB power system. Additionally, the
allocation of weights to these blocks is set as [0.1, 0.15, 0.2, 0.25, 0.3], and the demand
is also accurately modelled by the five demand blocks, incorporating weighting factors
as [0.6, 0.1, 0.1, 0.1, 0.1]. By virtue of computational burden, the demand profile is
simulated on a representative day with an hourly resolution (T = {1, 2, . . . , 24}), scaled
across a target year (ω = 365) to capture daily fluctuations in energy consumption and
production patterns.

Table 5.2: Parameters of the GB power grid in 2021.

Year 2021
System-wide carbon intensity ηGrid (t/MWh) 183.11
Carbon price λCO2 (£/t) 71.54
Total system demand (TWh) 248.30

The additional parameters associated with carbon allowance and TGC are essential.
Specifically, the carbon allowance allocation ratio, ϵi, is set as 0.4; the RPS requirement
ratio, γRPS , is set as 40%; the approximated price ratio in the future TGC market, γFGC ,
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is set as 0.3; and the price coefficient in the present TGC market, θPGC , is also set as 0.3.
It should be noted that the penalty price for RPS deficiency, λRPS0 , is assumed to be 1.1
times the carbon price.

The related coefficients used in the chance constraints should be given. Overall, the
model sets confidence levels for all the chance constraints at 95% (1 − ρL = 1 − ρRE

= 95%), conveying the ρ-reliable threshold for both demand and wind power produc-
tion uncertainty. The linearized CCP formulations incorporate stochastic variables for
wind power and demand realisations, which are modelled using two normal distributions,
N (mRE, (sRE)2) for wind power and N (mL, (sL)2) for demand. The means of these dis-
tributions (mL and mRE) are aligned with the baseline demand and DA power dispatch,
respectively. Meanwhile, the standard deviations (sL and sRE), set at 1% of the baseline
demand and 10% of the DA wind power dispatch, respectively, quantify the anticipated
variability around these means.

This section is dedicated to exploring the impact of different levels of demand flexi-
bility (α = 0%, 5%, 15%) on integrating renewable energy expansion within the 2021 GB
electricity system. It also aims to assess the market clearing outcomes and the business
cases under these varying degrees of demand flexibility, contributing to the acceleration
of GB’s transition towards a sustainable and clean power system. To align with this over-
arching scope, three distinct cases related to demand flexibility are designed as follows:

1. Zero demand flexibility (Z-DF) case: The demand side exhibits no flexibility,
quantitatively represented by α = 0%. This case constitutes the benchmark for
comparison.

2. Low demand flexibility (L-DF) case: The demand side manifests the low flexi-
bility of α = 5%. This value is derived from the real-world data of the 2021 GB
power system provided by NG FES [81].

3. High demand flexibility (H-DF) case: The demand side manifests the high flexi-
bility of α = 15%.

5.5.2 Impact of Demand Flexibility

Notably, the comprehensive investment decisions and business results corresponding
to the three demand flexibility scenarios are listed in Table 5.3. The system demand
profiles with different levels of demand flexibility in the three scenarios are exhibited
in Figure 5.2. Additionally, the clearing prices of the three demand flexibility scenarios
across the DA and RT markets are shown in Figures 5.3 and 5.4, respectively.
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Table 5.3: Investment decisions and business results for three demand flexibility scenarios
regarding the 2021 GB power system.

Z-DF case L-DF case H-DF case

CCGT1 (MW) 1,331 2,347 3,424
CCGT2 (MW) - - -
OCGT1 (MW) - - 3,356
OCGT2 (MW) 13,050 9,868 3,877
Total flexible capacity (MW) 14,381 12,215 10,656
Nuclear (MW) 15,749 10,547 5,654
Wind (MW) 17,243 35,534 52,556
Investment cost (mil.£) 2,494 2,441 2,384
DA energy cost (mil.£) 5,055 4,771 4,027
DA energy revenue (mil.£) 19,835 21,451 22,578
RT reserve cost (mil.£) 177 108 112
RT reserve revenue (mil.£) 982 627 599
Wind power deviation penalty (mil.£) 637 1,313 1,822
Carbon allowance revenue (mil.£) 209 430 636
Green certificate revenue (mil.£) 2,044 2,997 3,837
Carbon emission cost (mil.£) 3,269 3,269 3,269
GenCo Profit (mil.£) 11,438 13,603 16,036
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Figure 5.2: Daily system demand for three demand flexibility scenarios regarding the
2021 GB power system.

Readers may have noticed that the setup for the Z-DF case aligns with the market-
driven case presented in Chapter 4. However, their emphases are different: the market-
driven case focuses on market design, whereas the Z-DF case in this section concentrates
on exploring the impact of demand flexibility on market-based generation planning. Read-
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Figure 5.3: Daily DA energy market clearing prices for three demand flexibility scenarios
in the 2021 GB power system.
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Figure 5.4: Daily RT balancing market clearing prices for three demand flexibility sce-
narios in the 2021 GB power system.

ers interested in the analysis of market design are referred to Subsection 4.5.2.

Z-DF Case Analysis

As outlined in the second to eighth row in the second column of Table 5.3, the optimal
investment strategy still places significant emphasis on nuclear and flexible generation
capacities, with wind power holding a lesser portion of the total generation mix. This
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Figure 5.5: Daily generation dispatches in the DA energy market for the Z-DF case re-
garding the 2021 GB power system.
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Figure 5.6: Daily imbalances in the RT balancing market for the Z-DF case regarding the
2021 GB power system.

preference stems from several key factors in the absence of demand flexibility, including:

1. Despite the benefits of zero energy costs and zero emissions, wind power requires
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a relatively high investment cost, second only to nuclear power. This economic
barrier makes wind power a less attractive investment option in the Z-DF case.

2. Wind power production is highly dependent on weather conditions, leading to po-
tential mismatches with demand patterns. As depicted in Figure 5.5, an example
of this is observed in the DA generation dispatch for the Z-DF case during hour 9,
where there is a significant mismatch between peak demand periods and low wind
power generation, attributed to a low normalised wind power output factor at the
time.

3. The inherent variability and unpredictability of wind power necessitate higher re-
serve capacity in the RT balancing market, as shown in Figure 5.6. This requirement
often leads to increased utilisation of flexible generation capacity, which may rely
on fossil fuels, thereby raising pollution levels.

In the Z-DF case, under the 2021 carbon emission constraints for GB, the investment
strategy limits the inclusion of high-pollution flexible generation capacity. On the other
hand, nuclear power, despite its high costs and lack of operational flexibility, remains
a competitive choice due to its emission-free operation and the absence of generation
deviations. Furthermore, compared with other flexible generation technologies, optimal
investment decisions reveal a reliance on flexible generation capacity with higher opera-
tional cost, i.e., OCGT2, making up 91% of the total flexible generation capacity. This
trend is directly linked to the completely inflexible demand pattern in the power system.
In this context, the flexible generation capacity fulfils three key roles:

1. In the DA energy market, it compensates for the fluctuations between demand peaks
and valleys, ensuring the operational stability of power system.

2. In the RT balancing market, it offers the necessary deployment of reserves to man-
age the uncertainties introduced by demand and wind generation.

3. It plays a crucial role in the process of joint DA and RT market clearing, contribut-
ing to sustaining high market clearing prices across DA and RT markets, which in
turn secures the profitability of the GenCo.

The demand profile in the Z-DF case, depicted in Figure 5.2, illustrates pronounced
peaks and significant variations between these peaks and valleys due to the absence of
demand flexibility. Typically, the extensive capacity of OCGT2 is deployed to bridge
these variations in the DA market, whereas a smaller proportion of CCGT1 capacity is
utilised primarily for reserve provision in the RT market, as shown in Figures 5.5 and
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5.6, respectively. This strategic dispatch not only maintains operational stability but also
maximises economic benefits. Specifically, in an inflexible demand scenario, heavy re-
liance on OCGT2 during the DA period ensures that the marginal capacity is frequently
served by OCGT2 units, thereby rising DA market clearing prices over long durations, as
observed in Figure 5.3. As a result of low deviations from wind power generation and
demand, low-cost generation dispatches from OCGT1 units are sufficient for covering
reserve requirements, while high RT market prices are attained through the strategic util-
isation of flexible capacity coupling across DA and RT markets, as highlighted in Figure
5.4.

L-DF Case Analysis
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Figure 5.7: Daily generation dispatches in the DA energy market for the L-DF case re-
garding the 2021 GB power system.

The second to eighth row in the third column of Table 5.3 illustrates that with the intro-
duction of demand flexibility in the L-DF case, there is a remarkable shift in the optimal
investment mix towards increased wind capacity, alongside a reduction in nuclear capac-
ity and a decrease in flexible generation capacity. This shift reveals the effect of demand
flexibility on enhancing the competitiveness of wind energy, thereby motivating greater
investment in wind power. Meanwhile, the increased competitiveness of wind power, due
to demand flexibility, renders nuclear power, a high-investment-cost option, less attrac-
tive. In detail, this phenomenon is primarily attributed to the impact of demand flexibil-
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Figure 5.8: Daily imbalances in the RT balancing market for the L-DF case regarding the
2021 GB power system.

ity in the RT market, where increased demand flexibility expands the demand deviation,
which can be used to counteract the uncertainty associated with wind power generation,
as depicted in Figure 5.8.

The incorporation of demand flexibility offers substantial economic and environmental
advantages. Economically, compared with the Z-DF case, utilising demand flexibility as
a mechanism to counteract wind power uncertainty presents a cost-effective alternative to
the conventional approach of relying on carbon-intensive flexible generation for reserve
provision. Environmentally, replacing the need for reserves from high-emission flexible
generation with demand deviation to balance wind power uncertainty directly contributes
to reducing carbon emissions. This approach is especially critical in achieving the 2021
GB carbon emission targets, highlighting the dual benefits of demand flexibility in pro-
moting a more economic and sustainable energy landscape.

In a power system including demand flexibility, a notable ’peak-flattening effect’ on
the demand profile is observed, as depicted in Figure 5.2. This effect arises from de-
mand shifting, which effectively reduces peak demand and increases off-peak demand in
adjacent time periods, thereby maintaining daily energy neutrality. Essentially, demand
flexibility acts to smooth the demand profile, mitigating the difference between peak and
off-peak demands and further reducing reliance on flexible generation capacity. In the
context of the L-DF case, this smoothing of the demand profile leads to optimal invest-
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ment decisions favouring a lower capacity of flexible generation technologies. Moreover,
the smooth demand profile means that only a minimal amount of expensive flexible ca-
pacity is required to serve as the marginal capacity, which in turn maintains DA market
clearing prices and boosts revenue for the self-interested GenCo, as shown in Figures 5.7
and 5.3. This effect of demand flexibility results in a decreased share of high-marginal-
cost flexible generation (e.g., OCGT2), making up 81% of the total flexible capacity, a
reduction from 91% seen in the Z-DF case.

Contrary to the trends in the DA market, the peak values of RT clearing prices in the
L-DF case are found to be lower than those in the Z-DF case, as shown in Figure 5.4.
This decrease is attributed to the utilisation of demand deviation as a cost-free balancing
resource, effectively decreasing the marginal cost associated with reserve provision. No-
tably, the market clearing price profiles for both DA and RT markets exhibit a smoother
pattern due to the peak-flattening effect, as illustrated in Figures 5.3 and 5.4.

The ninth to eighteenth row in the third column of Table 5.3 provides a detailed
overview of the business outcomes in the L-DF case. Notably, the shift from Z-DF to
L-DF does not manifest in significant changes in overall investment costs. This is be-
cause the reduction in costly nuclear capacity investment, as demand flexibility increases,
is offset by a corresponding rise in wind capacity investment. In the DA energy mar-
ket, compared with the Z-DF case, the enhancement in cost-free wind power generation
facilitated by demand flexibility leads to a reduction in energy costs. Moreover, the con-
sequent increase in market clearing prices substantially boosts energy revenue. In the RT
balancing market, demand deviation acts as a zero-cost resource to counterbalance the un-
certainty introduced by wind power, effectively diminishing the requirement for reserve
provision. However, as previously discussed, RT market clearing prices experienced a
decline. This results in a simultaneous decrease in both the cost and revenue associated
with reserves. Additionally, the wind power deviation penalty grows with the increase in
demand flexibility due to the heightened uncertainty from the significant growth in wind
power capacity. Interestingly, carbon emission costs remain constant across all cases, as
carbon emissions in each case reach the 2021 GB emission limit. The income derived
from renewable promotion policies, including carbon allowance and TGC revenues, ex-
hibits a marked increase in the L-DF case, boosted by the substantial growth in wind
generation capacity. In conclusion, the expansion of demand flexibility in the L-DF case,
despite leading to a higher wind power deviation penalty and reduced RT market rev-
enue, brings about a significant uplift in DA energy profit and income from renewable
promotion policies. This collectively boosts the overall profit for the examined GenCo.
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H-DF Case Analysis
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Figure 5.9: Daily generation dispatches in the DA energy market for the H-DF case re-
garding the 2021 GB power system.
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Figure 5.10: Daily imbalances in the RT balancing market for the H-DF case regarding
the 2021 GB power system.
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As demand flexibility is further increased in the H-DF case, there is a notable expan-
sion in wind power capacity alongside a reduction in both nuclear and flexible generation
capacities, as shown in the second to eighth row in the fourth column of Table 5.3. More-
over, the share of high-marginal-cost flexible generation (e.g., OCGT2) within the total
flexible capacity significantly decreases to 54% in the H-DF case from 81% in the L-DF
case. These investment trends observed in the L-DF case become even more remarkable
in the H-DF case, coinciding with the analysis discussed in the L-DF case. In line with
the L-DF case, wind power, as depicted in Figure 5.9, plays a dominant role in the DA
generation dispatches. Figure 5.10 illustrates that, compared to the L-DF scenario, an
abundance of demand flexibility is included in the H-DF case, enabling demand deviation
to act as balancing resources during the hours 7-22. This enhanced flexibility leads to a
smoother demand profile, as seen in Figure 5.2, facilitating the maintenance of DA market
clearing prices at peak values for longer time periods, as shown in Figure 5.3. Consistent
with the analysis in the L-DF case, peak prices in the RT market experience a further
reduction, as demonstrated in Figure 5.4.

Interestingly, despite the availability of free balancing resources during hours 7-22 in
the RT market, RT clearing prices do not drop to zero. This phenomenon occurs because,
during these hours, the marginal reserve capacity continues to be provided by flexible
technology (e.g., OCGT1). Specifically, the interrelationship of flexible generation ca-
pacity across both DA and RT markets implies that the utilisation of flexible generation
to its near-maximum capacity in the DA market can still influence RT market clearing
prices, even in the absence of flexible generation dispatch in the RT market.

The ninth to eighteenth row in the fourth column of Table 5.3 details the business
results for the H-DF case. According to the analysis of the L-DF case, the increase in
demand flexibility leads to similar trends across various components, with the exception
of RT reserve costs. In the H-DF case, despite the majority of wind power deviation being
neutralised by demand deviation, there remain time periods where reserve is supplied by
flexible generation. Additionally, the marked increase in wind power capacity necessitates
a higher reserve capacity, resulting in a rise in RT reserve costs compared to the L-DF
case. Nevertheless, this rise in RT reserve cost is relatively modest compared with the
substantial economic benefits incentivized by abundant demand flexibility in the H-DF
case. Consequently, the GenCo’s profit further grows in the H-DF case.

5.6 Conclusions

This chapter explores how demand flexibility influences market-driven generation plan-
ning under carbon emission restrictions. For this purpose, a two-stage bi-level optimisa-
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tion model is formulated to conduct a quantitative assessment of GenCo’s investment
decisions and market outcomes under different levels of demand flexibility. The model
consists of an UL problem, which characterises the profit-maximising GenCo, and two
LL problems. The first LL (LL1) problem represents the joint clearing of the DA and RT
markets, factoring in chance-constrained uncertainty and environmental regulations stem-
ming from GB’s carbon targets. Moreover, the time-coupling demand flexibility model is
incorporated into the LL1 problem. The second LL (LL2) problem represents the clear-
ing process for the TGC market. Following the linearization of the chance constraints,
the model is transformed into a MPEC through the KKT conditions, subsequently being
solved by recasting it as a MIQP utilising the strong duality theorem. The developed
model serves as a tool for exploring GenCo’s investment strategies in a system including
flexible demand and offers insights into market design for policymakers. The case studies
have been carried out in the context of the 2021 GB power system, and the findings are
detailed as follows:

1. Compared to the scenario without demand flexibility, when demand flexibility is
5%, wind capacity expands by 106%, and with 15% flexibility, the expansion reaches
205%. This implies that a more flexible system can accommodate a larger share of
wind power capacity, since demand flexibility can be strategically used to offset
wind power uncertainties.

2. Compared to the scenario without demand flexibility, with 5% flexibility, profits
increase by 19%, and with 15% flexibility, profits increase by 40%, indicating
that demand flexibility can create a more efficient market environment to benefit
the GenCo. Specifically, the demand flexibility brings about the so-called ’peak-
flattening effect’ in the DA market, which smooths the demand profile, thereby
enabling the expensive generators to easily serve as the marginal capacities. There-
fore, DA market clearing prices boost in many periods.



Chapter 6

Impact of Energy Storage

6.1 Introduction

ES stands as a vital innovation within the modern power system, particularly within the
GB deregulated market. At its essence, ES involves the capture of energy produced at one
time for use at a later time, a mechanism that is increasingly important in the context of the
GB’s plan for expanding the scale of ES solutions [82]. In the deregulated energy market
with large-scale RESs, ES is a crucial flexibility resource for mitigating the intermittency
of RESs and enhancing the overall reliability of the power system. In practice, the GB has
recognised the critical role of ES in its transition to a low-carbon electricity system and
has set ambitious plans to expand its scale. For example, the GB government funded £30
million to develop new ES technologies [83]. Additionally, the GB government has set an
ambitious plan to achieve 30 GW of capacity by 2030, particularly with the utility-scale
battery ES [84].

The ES model proposed in this chapter is incorporated into the LL1 problem, which
indicates the joint clearing process for DA and RT markets. In detail, this dynamic ES
model is designed to span both DA and RT market horizons, offering the capability of
charging and discharging to provide operational flexibility. This function is essential for
maintaining stability in a system with significant renewable energy penetration. By al-
lowing for the storage of excess renewable energy during periods of low demand and
its release for reserve deployment across the DA and RT markets, ES enhances the re-
liability of the power grid. Additionally, the ES entity can earn profit through energy
arbitrage—buying electricity when prices are low and selling it when prices are high.

Under the GB’s ambitious goal of a fully decarbonised power system, the market-
driven generation planning model proposed in this chapter is employed to explore the
impact of ES. To this end, the case studies accommodating different sizes of ES are car-
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ried out based on the 2021 GB power system. Their results clearly demonstrate that ES
has a triple function in the current energy market environment. Firstly, it enhances the in-
tegration of a higher capacity of renewable power into the system. Secondly, it increases
GenCo’s profitability. Thirdly, the profit of the ES entity increases through energy arbi-
trage, improving its economic viability.

6.2 Problem Statement

This section outlines the decision-making framework for market-driven generation
planning, taking into account ES, and details the foundational assumptions for its mod-
elling.

6.2.1 Structure of the Bi-Level Optimisation Model

This chapter presents a market-driven generation planning model utilising a two-stage,
bi-level optimisation framework to explore the impact of ES in the current deregulated
market environment, subject to carbon emission regulations. In brief, this bi-level op-
timisation framework reflects the interconnected dynamics between GenCo and market
operators: the UL problem represents GenCo’s profit-maximising pursuit; the first LL
(LL1) problem indicates the joint clearing of the DA and RT markets; and the second LL
(LL2) problem indicates the clearing of the green certificate market. This hierarchical
structure is illustrated in Figure 6.1. Different from previously proposed market models,
the market-driven generation planning model introduced in this chapter accommodates
an ES model within its LL1 problem. Specifically, this ES model spans the DA and RT
market horizons and is capable of charging and discharging in both DA and RT markets
to provide operational flexibility for ensuring grid stability. Generally, the final energy
level of the ES model is set to be the same as its initial energy level.

The interdependence between the UL problem and the two LL problems is pronounced.
The investment decisions made by GenCo at the UL significantly affect the market out-
comes realised within the two LL problems. In turn, the business cases emerging from
the LL1 problem, characterised by energy prices and generation dispatches in both the
DA and RT markets, along with the TGC quantities and prices obtained in the LL2 prob-
lem, critically influence GenCo’s profitability. This bidirectional feedback loop under-
scores the complex relationship between generation planning and market performance,
highlighting the feature of capturing real-world market dynamics and GenCo’s decision-
making processes.
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DA and RT market joint clearing algorithm 
(LL1)

Min   DA Energy Cost + RT Balancing Cost 
subject to:
➢Demand-supply balance constraints in the 

DA and RT markets
➢System-wide carbon emission constrains
➢Generation operating constraints
➢Upward and downward reserve constraints
➢Transmission network constraints
➢Energy storage operating constraints
➢Chance constraints for renewable energy 

uncertainty
➢Chance constraints for demand uncertainty

Investment decisions of the GenCo (UL)
Max   GenCo Profit 
subject to:
➢Caron allowance allocation constraints
➢Carbon emission constraints
➢Green certificate allocation constraints

TGC market clearing algorithm (LL2)

➢Inverse demand function of the present 
TGC market

➢Future TGC pricing constraints

DA prices, 
RT prices,

DA dispatches, 
RT deviations

Investment 
decisions

Present TGC 
quantities,

Future TGC 
quantities

Present 
TGC prices, 

Future 
TGC prices  

Figure 6.1: Illustration of the proposed two-stage bi-level optimisation model.
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6.2.2 Modelling Assumptions

For clarity and completeness, the foundational assumptions supporting the proposed
two-stage bi-level optimisation model are detailed below:

1. The proposed two-stage bi-level optimisation model represents the market-driven
generation planning faced by a self-interested GenCo seeking to maximise its long-
term profit. The GenCo is allowed to invest in generation capacities utilising flex-
ible, must-run, and renewable technologies. Furthermore, the flexible generation
capacities are explicitly modelled by the production blocks to capture their output
characteristics. Accordingly, demand blocks are also incorporated into the proposed
model.

2. The examined GenCo is permitted to participate in four different markets. The two-
stage energy markets adopted for this work include the DA energy market and the
RT balancing market with an hourly time resolution. Furthermore, the proposed
model takes into consideration the present TGC market and the future TGC market.

3. Based on the study in [76], its pricing scheme, namely LMP, is applied within the
proposed two-stage energy market framework. This approach leverages the LMPs
for determining the electricity prices at different locations in the network, which
are calculated using the dual variables of the hourly demand-supply balance in both
the DA and RT markets. The so-called LMP scheme reflects the marginal cost of
supplying the next unit of electricity at a specific location, considering the effect
of network transmission congestion, thereby facilitating efficient market operations
and signaling appropriate economic incentives.

4. The model incorporates the pricing mechanism outlined in [64] for trading in the
present and future TGC markets. Specifically, the prices in the present TGC market
are determined using an inverse demand function. Furthermore, the future TGC
price is estimated based on the penalty price associated with RPS deficiency.

5. Once the GenCo finalises its investment decisions, the sequential clearing process
of the DA, RT, and TGC markets is arranged by the market operator. Specifically,
the market operator first clears the DA energy market, taking into account the un-
certainties incurred by demand and renewable generation as well as scheduling the
generation dispatches. Subsequently, the depolyment of reserves is organised by
market operator in the RT market to eliminate the unexpected uncertainties aris-
ing from wind power and demand-side deviations. Following this, the prices and
quantities of TGC are determined based on the clearing results of the DA and RT
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markets. By comparing the present TGC market clearing price with the estimated
future TGC market price, the examined GenCo can choose either to trade its TGCs
in the present TGC market or retain them for future trading, thus completing the
transactions in the TGC market. Finally, the outcomes of these three markets are
relayed to the examined GenCo, significantly influencing its profit-oriented invest-
ment decision-making process.

6. Although the DA and RT markets are cleared sequentially from the perspective of
the examined GenCo, investment decisions are required to maximise the overall
expected profit simultaneously [77]. Additionally, as highlighted in research works
[78, 79], a co-optimised approach to managing energy and reserves significantly
enhances the efficiency of generation dispatch compared to scenarios where energy
and reserves are cleared separately. Therefore, this paper adopts a joint clearing
model for the DA and RT markets. Furthermore, it is assumed that GenCo sells the
TGCs in the present TGC market or withholds the TGCs for future trading after
the outcomes of the energy markets are obtained. This assumption is logical since
the allocation of TGCs becomes definitive after the results of renewable generation
dispatches and deviations are available, which is more conducive to risk mitigation
[64].

7. In order to facilitate the mathematical solution, the uncertainties sourced from RESs
and demand are realised by a set of chance constraints.

8. As the primary objective of this paper is to explore the system-level generation
mix of the future grid under stringent carbon emission regulations, the proposed
generation planning model excludes the consideration of other GenCos.

9. In order to ensure the convex characteristics of the LL1 problem, linear generation
costs are adopted in the proposed model. Additionally, it is assumed that renewable
generation technologies are cost-free.

10. In the DA market, the generation capacities of renewable and must-run technologies
are assumed to operate at their full capacity.

11. The network transmission is modelled based on a linear DC power flow approxi-
mation.

12. In the face of decarbonisation, a series of carbon emission restrictions and green en-
ergy incentives are imposed on the examined GenCo. Firstly, GenCo is limited by
an annual cap on carbon emissions. Moreover, it is assumed that carbon emissions
only depend on the generation of flexible technologies that consume fossil fuels.
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Secondly, carbon emissions from the GenCo are subject to a carbon tax. Thirdly,
carbon allowances are allocated to the GenCo based on its renewable energy gen-
eration, and the GenCo can profit by trading these carbon allowances. Fourthly,
GenCo can earn TGCs through renewable power production and participate in the
present and future TGC markets to gain profits. Finally, the RPS ratio is incorpo-
rated into the parameter setting of TGC markets. These environmental policies are
set to work together towards a fully decarbonised power system.

13. As the share of renewables in the energy mix grows, utility-scale ES is installed
in the considered power grid. The ES entities can participate in both DA and RT
markets to balance power supply and demand consumption under high renewable
production [85].

14. To maintain the convexity of the LL1 problem, followed by the previous work [47],
the continuous storage model is utilised to describe the dynamic behaviour of the
utility-scale ES during the market horizon.

15. In line with the concept of non-merchant storage [86], although the ES of the pro-
posed model can make a profit by energy arbitrage, its primary goal is to provide
the auxiliary service, i.e., reserve deployment, to maintain the operation stability of
the power system under high penetration of renewable power production.

6.3 Mathematical Model

This section details the formulation of the UL problem associated with the GenCo
and the two LL problems, LL1 and LL2, each corresponding to different market clearing
processes.

6.3.1 UL Problem: Investment Decisions of GenCo

Within this framework, the UL problem represents the decision-making process of the
profit-driven GenCo, which seeks to maximise its total profit. The mathematical formu-
lation of this UL problem is presented as follows:

max
V UL

∑
d

ωd

[ ∑
i∈Ψn,t,n,b

λDAd,t,ng
DA
i,d,t,n,b︸ ︷︷ ︸

DA energy revenue

−
∑
i,t,n,b

CEN
i,b g

DA
i,d,t,n,b︸ ︷︷ ︸

DA energy cost
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+
∑

i∈IFL∩Ψn,t,n,b

λRTd,t,n(g
U
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RT reserve revenue

−
∑

i∈IFL,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
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RT reserve cost

−
∑

i∈IRE∩Ψn,t,n

λRTd,t,ng
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Renewable deviation penalty

−
∑
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Carbon emission cost

+
∑

i∈IRE ,t,n

λCO2QCA
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+
∑
i∈IRE

(λPGCi,d QPGC
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i,d )︸ ︷︷ ︸
Green certificate revenue

]
−
∑
i,n

CIN
i Gi,n︸ ︷︷ ︸
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(6.1)

where:
V UL =

{
Gi,n, Q

CA
i,d,t,n, Q

emi
i,d,t,n, Q

PGC
i,d , QFGC

i,d

}
(6.2)

subject to:
Gi,n ⩾ 0 ∀i ∈ I, ∀n (6.3)

Gi,n,b = ωFLb Gi,n ∀i ∈ IFL, ∀n, ∀b (6.4)

QCA
i,d,t,n = (gDAi,d,t,n − gdevi,d,t,n)η

Gridϵi ∀i ∈ IRE, ∀d, ∀t, ∀n (6.5)

Qemi
i,d,t,n = (gDAi,d,t,n + gUi,d,t,n − gDi,d,t,n)η

CO2
i ∀i ∈ IFL, ∀d, ∀t, ∀n (6.6)

QPGC
i,d +QFGC

i,d =
∑
t,n

(gDAi,d,t,n − gdevi,d,t,n) ∀i ∈ IRE, ∀d (6.7)

The objective function of the UL problem is to maximise the total profit of the exam-
ined GenCo, consisting of nine components, as defined in (6.1). Constraint (6.3) ensures
that the new capacities invested by the GenCo are non-negative. Constraint (6.4) details
the weighting factors of the production blocks corresponding to flexible generation ca-
pacities. Constraint (6.5) presents the allocation of carbon allowances. Constraint (6.6)
quantifies the carbon emissions produced by the operation of fossil-fired flexible genera-
tion technologies. Lastly, constraint (6.7) calculates the total quantities of TGCs that are
generated based on renewable energy production in the DA market and its deviation in
the RT market.

6.3.2 LL1 Problem: Joint Clearing Process of DA Energy and RT
Balancing Markets

The LL1 problem represents the joint clearing process of the two-stage energy markets,
i.e., the DA energy market and the RT balancing market, with the aim of minimising
the overall system cost from the perspective of the market operator. It is noteworthy
that in this chapter, the ES is incorporated into the constraints of the LL1 problem. The
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mathematical expression of the LL1 problem is detailed as follows:

{
min
V LL

∑
i,t,n,b

CEN
i,b g
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∑
i,t,n,b
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D
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j∈Ψn,o
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e∈Ψn

sd,DAe,d,t = 0 : λDAd,t,n ∀t, ∀n
(6.10)

∑
j∈Ψn,o

P dev
j,d,t,o +

∑
i∈IFL∩Ψn,b

(−gUi,d,t,n,b + gDi,d,t,n,b) +
∑
e∈Ψn

(sc,RTe,d,t − sd,RTe,d,t )+∑
i∈IRE∩Ψn

gdevi,d,t,n −
∑
m∈Λn

bnm(δ
DA
d,t,n − δRTd,t,n − δDAd,t,m + δRTd,t,m) = 0 : λRTd,t,n ∀t, ∀n

(6.11)

Ee,d,t = Ee,d,t−1 + ηce(s
c,DA
e,d,t + sc,RTe,d,t )−

sd,DAe,d,t + sd,RTe,d,t

ηde
: τESe,d,t ∀e, ∀d, ∀t ⩾ 2 (6.12)

Ee,d,1 = E0
e + ηce(s

c,DA
e,d,1 + sc,RTe,d,1 )−

sd,DAe,d,1 + sd,RTe,d,1

ηde
: τES,1e,d ∀e, ∀d (6.13)

E0
e = Ee,d,T : τES,Te,d ∀e, ∀d (6.14)

Emin
e ⩽ Ee,d,t ⩽ Emax

e : τES,−e,d,t , τ
ES,+
e,d,t ∀e, ∀d, ∀t (6.15)

0 ⩽ sc,DAe,d,t ⩽ smaxe : τ c,DA,−e,d,t , τ c,DA,+e,d,t ∀e, ∀d, ∀t (6.16)

0 ⩽ sc,DAe,d,t + sc,RTe,d,t ⩽ smaxe : τ c,RT,−e,d,t , τ c,RT,+e,d,t ∀e, ∀d, ∀t (6.17)

0 ⩽ sd,DAe,d,t ⩽ smaxe : τ d,DA,−e,d,t , τ d,DA,+e,d,t ∀e, ∀d, ∀t (6.18)

0 ⩽ sd,DAe,d,t + sd,RTe,d,t ⩽ smaxe : τ d,RT,−e,d,t , τ d,RT,+e,d,t ∀e, ∀d, ∀t (6.19)∑
i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ⩽ ηGrid

∑
j,t,o

LDAj,d,t,o : ζd (6.20)

gDAi,d,t,n,b + gUi,d,t,n,b ⩽ Gi,n,b : µUi,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (6.21)
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gDi,d,t,n,b ⩽ gDAi,d,t,n,b : µDi,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (6.22)

0 ⩽ gUi,d,t,n,b ⩽ GU
i,b : ϕU,−i,d,t,n,b, ϕ

U,+
i,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (6.23)

0 ⩽ gDi,d,t,n,b ⩽ GD
i,b : ϕD,−i,d,t,n,b, ϕ

D,+
i,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (6.24)

gDAi,d,t,n = Gi,n : γi,d,t,n ∀i ∈ IMR, ∀t, ∀n (6.25)

gDAi,d,t,n = kREi,d,tGi,n : θi,d,t,n ∀i ∈ IRE, ∀t, ∀n (6.26)

−Cmax
nm ⩽ bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ Cmax

nm : νDA,−d,t,n,m, ν
DA,+
d,t,n,m ∀t, ∀n, ∀m ∈ Λn (6.27)

−π ⩽ δDAd,t,n ⩽ π : ξDA,−d,t,n , ξDA,+d,t,n ∀t, ∀n (6.28)

δDA,refd,t = 0 : ξDA,refd,t ∀t (6.29)

−Cmax
nm ⩽ bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ Cmax

nm : νRT,−d,t,n,m, ν
RT,+
d,t,n,m ∀t, ∀n, ∀m ∈ Λn (6.30)

−π ⩽ δRTd,t,n ⩽ π : ξRT,−d,t,n , ξ
RT,+
d,t,n ∀t, ∀n (6.31)

δRT,refd,t = 0 : ξRT,refd,t ∀t (6.32)

P
[
gDAi,d,t,n − gdevi,d,t,n ⩽ gRi,d,t,n

]
⩾ 1− ρRE : χREi,d,t,n ∀i ∈ IRE, ∀t, ∀n (6.33)

P
[∑

o

LDAj,d,t,o +
∑
o

P dev
j,d,t,o ⩾ LRj,d,t

]
⩾ 1− ρL : χLj,d,t ∀j, ∀t

}
∀d (6.34)

The LL1 problem’s objective function is to minimise the overall system cost, includ-
ing the energy cost (first term) and the reserve cost (last two terms). The LL1 problem is
subject to various sets of constraints: system balance constraints (6.10)-(6.11), ES con-
straints (6.12)-(6.19), system-wide carbon emission constraint (6.20), generation operat-
ing constraints (6.21)-(6.26), network constraints (6.27)-(6.32), and chance constraints
(6.33)-(6.34).

Due to the introduction of ES, some new components should be clarified. First, the de-
cision variable set V LL1 is expanded to include new variables Ee,d,t, s

c,DA
e,d,t , sd,DAe,d,t , sc,RTe,d,t ,

and sd,RTe,d,t , designed to represent ES energy level, ES DA charging power, ES DA discharg-
ing power, ES RT charging power, and ES RT discharging power, respectively. Second,
charging and discharging power dispatches are incorporated into the balance constraints
(6.10)-(6.11) of DA and RT markets, respectively. Additionally, the constraints (6.12)-
(6.19) are employed to capture the dynamic behaviours of ES across the two-stage energy
markets. Constraints (6.12) and (6.13) enforce the time-linking energy balance of the ES
unit. Constraint (6.14) ensures that each ES unit maintains energy neutrality throughout
the market period of one typical day. Constraint (6.15) defines the upper and lower limits
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for the ES energy level. Constraints (6.16)-(6.19) specify the maximum power capacities
for the charging and discharging operations of ES units during the DA and RT market
horizons, respectively.

6.3.3 LL2 Problem: Clearing Process of TGC Market

The process for clearing the present TGC market, along with the prediction for the
TGC price in the future TGC market, is structured as follows:

V LL2 =
{
λPGCi,d , QPGC

i,d

}
(6.35)

λPGCi,d = lPGC − qPGCQPGC
i,d ∀i ∈ IRE, ∀d (6.36)

λFGC = γFGCλRPS0 (6.37)

The present TGC market is built on a quantity-dependent inverse demand function.
Under this framework, the present TGC price is determined by equation (6.36) that rep-
resents the linear correlation between the present price of TGC and its quantity. On the
other hand, equation (6.37) indicates the estimation of the future TGC price. The neces-
sary coefficients are obtained from equations (6.38) and (6.39), as proved in [64].

lPGC = λRPS0 (6.38)

qPGC =
(1− θPGC)λRPS0

γRPS
∑

j,d,t L
DA
j,d,t

(6.39)

6.4 Solution

The solution approach for the proposed two-stage bi-level optimisation model is or-
ganised into a series of steps, as outlined in this section. The initial step addresses the
non-convex chance constraints present in the LL1 problem by employing linearization
techniques, as described in Subsection 6.4.1. Following this linearization, the model is
restructured into a single-level MPEC, with the detailed transformation process provided
in Subsection 6.4.2. This critical step utilises the KKT optimality conditions to replace
the LL1 problem and simultaneously integrates the LL2 problem’s constraints into the UL
problem.

To further ensure the model’s computational feasibility, subsequent efforts focus on
addressing and linearizing the non-linear elements identified within the MPEC formu-
lation, as detailed in Subsection 6.4.3. Finally, the MPEC model is transformed into a
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MIQP problem, as illustrated in Subsection 6.4.4.

6.4.1 CCP Reformulation

In this chapter, the chance constraints utilise stochastic variables to depict uncertainties
related to RESs and demand, represented by gR and LR, respectively. It is assumed that
these stochastic variables adhere to normal distributions. The formulation of these normal
distributions is as follows:

gRi,d,t,n ∼ N (mRE
i,d,t,n, (s

RE
i,d,t,n)

2), LRj,d,t ∼ N (mL
j,d,t, (s

L
j,d,t)

2) (6.40)

where parameter m is the mean of the normal distribution and parameter s is the stan-
dard deviation of the normal distribution. It should be noted that the chance constraints
(6.33) and (6.34) are non-convex. In order to make the proposed model solvable, the non-
convexities in these chance constraints are required to be eliminated. By following the
linearization process detailed in Subsection 3.4.1, the chance constraints (6.33)-(6.34) are
reformulated as follows:

mRE
i,d,t,n−gDAi,d,t,n+gdevi,d,t,n ⩾ Φ−1(1−ρRE)sREi,d,t,n : χREi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (6.41)

−mL
j,d,t +

∑
o

P dev
j,d,t,o +

∑
o

LDAj,d,t,o ⩾ Φ−1(1− ρL)sLj,d,t : χLj,d,t ∀j, ∀d, ∀t (6.42)

Note that Φ−1(·) is the inverse cumulative distribution function of a standard normal dis-
tribution.

6.4.2 MPEC Formulation

After linearizing the LL1 problem, it becomes practicable to replace the LL1 problem
with a collection of its KKT optimality conditions. Additionally, since the LL2 problem is
entirely characterised by constraints, it can be seamlessly incorporated into the UL prob-
lem. Consequently, this enables the proposed two-stage bi-level optimisation problem
(6.1)-(6.37) to be transformed into a single-level MPEC.

KKT Conditions Associated with the LL1 Problem

In order to derive the KKT optimality conditions of the LL1 problem, it is necessary to
construct its Lagrangian function LLL1, which combines the LL1 objective function and
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constraints weighted by their respective dual variables. It is formulated as follows:

LLL1 =
∑

i,d,t,n,b

CEN
i,b g

DA
i,d,t,n,b +

∑
i,d,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b) +

∑
d,t,n

λDAd,t,n
[ ∑
j∈Ψn,o

LDAj,d,t,o

+
∑
e∈Ψn

sc,DAe,d,t +
∑
m∈Λn

bnm(δ
DA
d,t,n − δDAd,t,m)−

∑
i∈Ψn,b

gDAi,d,t,n,b −
∑
e∈Ψn

sd,DAe,d,t

]
+∑

d,t,n

λRTd,t,n
[ ∑
j∈Ψn,o

P dev
j,d,t,o +

∑
i∈IFL∩Ψn,b

(−gUi,d,t,n,b + gDi,d,t,n,b) +
∑
e∈Ψn

(sc,RTe,d,t − sd,RTe,d,t )

+
∑

i∈IRE∩Ψn

gdevi,d,t,n −
∑
m∈Λn

bnm(δ
DA
d,t,n − δRTd,t,n − δDAd,t,m + δRTd,t,m)

]
+

∑
e,d,t⩾2

τESe,d,t
[
Ee,d,t − Ee,d,t−1 − ηce(s

c,DA
e,d,t + sc,RTe,d,t ) +

sd,DAe,d,t + sd,RTe,d,t

ηde

]
+
∑
e,d

τES,1e,d

[
Ee,d,1 − E0

e − ηce(s
c,DA
e,d,1 + sc,RTe,d,1 ) +

sd,DAe,d,1 + sd,RTe,d,1

ηde

]
+∑

e,d

τES,Te,d (E0
e − Ee,d,T ) +

∑
e,d,t

τES,−e,d,t (Emin
e − Ee,d,t) +

∑
e,d,t

τES,+e,d,t (Ee,d,t − Emax
e )

−
∑
e,d,t

τ c,DA,−e,d,t sc,DAe,d,t +
∑
e,d,t

τ c,DA,+e,d,t (sc,DAe,d,t − smaxe )−
∑
e,d,t

τ c,RT,−e,d,t (sc,DAe,d,t + sc,RTe,d,t )+∑
e,d,t

τ c,RT,+e,d,t (sc,DAe,d,t + sc,RTe,d,t − smaxe )−
∑
e,d,t

τ d,DA,−e,d,t sd,DAe,d,t +
∑
e,d,t

τ d,DA,+e,d,t (sd,DAe,d,t −

smaxe )−
∑
e,d,t

τ d,RT,−e,d,t (sd,DAe,d,t + sd,RTe,d,t ) +
∑
e,d,t

τ d,RT,+e,d,t (sd,DAe,d,t + sd,RTe,d,t − smaxe )

+
∑
d

ζd
[ ∑
i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b)− ηGrid

∑
j,t,o

LDAj,d,t,o
]

+
∑

i∈IFL,d,t,n,b

µUi,d,t,n,b(g
DA
i,d,t,n,b + gUi,d,t,n,b −Gi,n,b)+∑

i∈IFL,d,t,n,b

µDi,d,t,n,b(g
D
i,d,t,n,b − gDAi,d,t,n,b)−

∑
i∈IFL,d,t,n,b

ϕU,−i,d,t,n,bg
U
i,d,t,n,b+∑

i∈IFL,d,t,n,b

ϕU,+i,d,t,n,b(g
U
i,d,t,n,b −GU

i,b)−
∑

i∈IFL,d,t,n,b

ϕD,−i,d,t,n,bg
D
i,d,t,n,b+∑

i∈IFL,d,t,n,b

ϕD,+i,d,t,n,b(g
D
i,d,t,n,b −GD

i,b) +
∑

i∈IMR,d,t,n

γi,d,t,n(g
DA
i,d,t,n −Gi,n)+∑

i∈IRE ,d,t,n

θi,d,t,n(g
DA
i,d,t,n − kREi,d,tGi,n) +

∑
d,t,n,m∈Λn

νDA,−d,t,n,m[−C
max
nm − bnm(δ

DA
d,t,n−

δDAd,t,m)] +
∑

d,t,n,m∈Λn

νDA,+d,t,n,m[bnm(δ
DA
d,t,n − δDAd,t,m)− Cmax

nm ]+∑
d,t,n

ξDA,−d,t,n (−π − δDAd,t,n) +
∑
d,t,n

ξDA,+d,t,n (δDAd,t,n − π) +
∑
d,t,n=1

ξDA,refd,t δDA,refd,t +
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∑
d,t,n,m∈Λn

νRT,−d,t,n,m[−C
max
nm − bnm(δ

RT
d,t,n − δRTd,t,m)] +

∑
d,t,n,m∈Λn

νRT,+d,t,n,m[bnm(δ
RT
d,t,n

− δRTd,t,m)− Cmax
nm ] +

∑
d,t,n

ξRT,−d,t,n (−π − δRTd,t,n) +
∑
d,t,n

ξRT,+d,t,n (δRTd,t,n − π)+∑
d,t,n=1

ξRT,refd,t δRT,refd,t +
∑

i∈IRE ,d,t,n

χREi,d,t,n[Φ
−1(1− ρRE)sREi,d,t,n −mRE

i,d,t,n+

gDAi,d,t,n − gdevi,d,t,n] +
∑
j,d,t

χLj,d,t[Φ
−1(1− ρL)sLj,d,t +mL

j,d,t −
∑
o

P dev
j,d,t,o

−
∑
o

LDAj,d,t,o] (6.43)

Based on the Lagrangian function (6.43), the KKT optimality conditions are detailed
as follows:

KKT equality conditions : (6.10) − (6.14), (6.25) − (6.26), (6.29), (6.32) (6.44)

LL1 KKT stationarity conditions :

∂LLL1
∂gDAi,d,t,n,b

= CEN
i,b −λDAd,t,n+η

CO2
i ζd+µ

U
i,d,t,n,b−µDi,d,t,n,b = 0 ∀i ∈ IFL∩Ψn, ∀d, ∀t, ∀n, ∀b

(6.45)
∂LLL1
∂gDAi,d,t,n

= CEN
i − λDAd,t,n + γi,d,t,n = 0 ∀i ∈ IMR ∩Ψn, ∀d, ∀t, ∀n (6.46)

∂LLL1
∂gDAi,d,t,n

= −λDAd,t,n + θi,d,t,n + χREi,d,t,n = 0 ∀i ∈ IRE ∩Ψn, ∀d, ∀t, ∀n (6.47)

∂LLL1
∂gUi,d,t,n,b

=CU
i,b − λRTd,t,n + ηCO2

i ζd + µUi,d,t,n,b − ϕU,−i,d,t,n,b + ϕU,+i,d,t,n,b = 0

∀i ∈ IFL ∩Ψn, ∀d, ∀t, ∀n, ∀b
(6.48)

∂LLL1
∂gDi,d,t,n,b

=− CD
i,b + λRTd,t,n − ηCO2

i ζd + µDi,d,t,n,b − ϕD,−i,d,t,n,b + ϕD,+i,d,t,n,b = 0

∀i ∈ IFL ∩Ψn, ∀d, ∀t, ∀n, ∀b
(6.49)

∂LLL1
∂P dev

j,d,t,o

= λRTd,t,n − χLj,d,t = 0 ∀j ∈ Ψn, ∀d, ∀t (6.50)

∂LLL1
∂gdevi,d,t,n

= λRTd,t,n − χREi,d,t,n = 0 ∀i ∈ IRE ∩Ψn, ∀d, ∀t, ∀n (6.51)

∂LLL1
∂Ee,d,t

= τESe,d,t − τESe,d,t+1 + τES,+e,d,t − τES,−e,d,t = 0 ∀e, ∀d, ∀t ⩽ T − 1 (6.52)

∂LLL1
∂Ee,d,T

= τESe,d,T − τES,Te,d + τES,+e,d,T − τES,−e,d,T = 0 ∀e, ∀d (6.53)
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∂LLL1
∂sc,DAe,d,t

= λDAd,t,n−ηceτESe,d,t+τ
c,DA,+
e,d,t −τ c,DA,−e,d,t +τ c,RT,+e,d,t −τ c,RT,−e,d,t = 0 ∀e, ∀d, ∀t (6.54)

∂LLL1
∂sd,DAe,d,t

= −λDAd,t,n+
τESe,d,t
ηde

+τ d,DA,+e,d,t −τ d,DA,−e,d,t +τ d,RT,+e,d,t −τ d,RT,−e,d,t = 0 ∀e, ∀d, ∀t (6.55)

∂LLL1
∂sc,RTe,d,t

= λRTd,t,n − ηceτ
ES
e,d,t + τ c,RT,+e,d,t − τ c,RT,−e,d,t = 0 ∀e, ∀d, ∀t (6.56)

∂LLL1
∂sd,RTe,d,t

= −λRTd,t,n +
τESe,d,t
ηde

+ τ d,RT,+e,d,t − τ d,RT,−e,d,t = 0 ∀e, ∀d, ∀t (6.57)

∂LLL1
∂δDAd,t,n

=
∑
m∈Λn

bnm(λ
DA
d,t,n − λDAd,t,m)−

∑
m∈Λn

bnm(λ
RT
d,t,n − λRTd,t,m)+∑

m∈Λn

bnm(ν
DA,+
d,t,n,m − νDA,+d,t,m,n)−

∑
m∈Λn

bnm(ν
DA,−
d,t,n,m − νDA,−d,t,m,n) + ξDA,+d,t,n

− ξDA,−d,t,n + (ξDA,refd,t )n=1 = 0 ∀d, ∀t, ∀n

(6.58)

∂LLL1
∂δRTd,t,n

=
∑
m∈Λn

bnm(λ
RT
d,t,n − λRTd,t,m) +

∑
m∈Λn

bnm(ν
RT,+
d,t,n,m − νRT,+d,t,m,n)−∑

m∈Λn

bnm(ν
RT,−
d,t,n,m − νRT,−d,t,m,n) + ξRT,+d,t,n − ξRT,−d,t,n + (ξRT,refd,t )n=1 = 0 ∀d, ∀t, ∀n

(6.59)

LL1 KKT complementarity conditions :

0 ⩽ (Ee,d,t − Emin
e ) ⊥ τES,−e,d,t ⩾ 0 ∀e, ∀d, ∀t (6.60)

0 ⩽ (Emax
e − Ee,d,t) ⊥ τES,+e,d,t ⩾ 0 ∀e, ∀d, ∀t (6.61)

0 ⩽ sc,DAe,d,t ⊥ τ c,DA,−e,d,t ⩾ 0 ∀e, ∀d, ∀t (6.62)

0 ⩽ (smaxe − sc,DAe,d,t ) ⊥ τ c,DA,+e,d,t ⩾ 0 ∀e, ∀d, ∀t (6.63)

0 ⩽ (sc,DAe,d,t + sc,RTe,d,t ) ⊥ τ c,RT,−e,d,t ⩾ 0 ∀e, ∀d, ∀t (6.64)

0 ⩽ (smaxe − sc,DAe,d,t − sc,RTe,d,t ) ⊥ τ c,RT,+e,d,t ⩾ 0 ∀e, ∀d, ∀t (6.65)

0 ⩽ sd,DAe,d,t ⊥ τ d,DA,−e,d,t ⩾ 0 ∀e, ∀d, ∀t (6.66)

0 ⩽ (smaxe − sd,DAe,d,t ) ⊥ τ d,DA,+e,d,t ⩾ 0 ∀e, ∀d, ∀t (6.67)

0 ⩽ (sd,DAe,d,t + sd,RTe,d,t ) ⊥ τ d,RT,−e,d,t ⩾ 0 ∀e, ∀d, ∀t (6.68)

0 ⩽ (smaxe − sd,DAe,d,t − sd,RTe,d,t ) ⊥ τ d,RT,+e,d,t ⩾ 0 ∀e, ∀d, ∀t (6.69)
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0 ⩽
[
ηGrid

∑
j,t,o

LDAj,d,t,o −
∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b)

]
⊥ ζd ⩾ 0 ∀d

(6.70)
0 ⩽ (Gi,n,b − gDAi,d,t,n,b − gUi,d,t,n,b) ⊥ µUi,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.71)

0 ⩽ (gDAi,d,t,n,b − gDi,d,t,n,b) ⊥ µDi,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.72)

0 ⩽ gUi,d,t,n,b ⊥ ϕU,−i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.73)

0 ⩽ (GU
i,b − gUi,d,t,n,b) ⊥ ϕU,+i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.74)

0 ⩽ gDi,d,t,n,b ⊥ ϕD,−i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.75)

0 ⩽ (GD
i,b − gDi,d,t,n,b) ⊥ ϕD,+i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.76)

0 ⩽
[
Cmax
nm + bnm(δ

DA
d,t,n − δDAd,t,m)

]
⊥ νDA,−d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (6.77)

0 ⩽
[
Cmax
nm − bnm(δ

DA
d,t,n − δDAd,t,m)

]
⊥ νDA,+d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (6.78)

0 ⩽ (π + δDAd,t,n) ⊥ ξDA,−d,t,n ⩾ 0 ∀d, ∀t, ∀n (6.79)

0 ⩽ (π − δDAd,t,n) ⊥ ξDA,+d,t,n ⩾ 0 ∀d, ∀t, ∀n (6.80)

0 ⩽
[
Cmax
nm + bnm(δ

RT
d,t,n − δRTd,t,m)

]
⊥ νRT,−d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (6.81)

0 ⩽
[
Cmax
nm − bnm(δ

RT
d,t,n − δRTd,t,m)

]
⊥ νRT,+d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (6.82)

0 ⩽ (π + δRTd,t,n) ⊥ ξRT,−d,t,n ⩾ 0 ∀d, ∀t, ∀n (6.83)

0 ⩽ (π − δRTd,t,n) ⊥ ξRT,+d,t,n ⩾ 0 ∀d, ∀t, ∀n (6.84)

0 ⩽
[
mRE
i,d,t,n−gDAi,d,t,n+gdevi,d,t,n−Φ−1(1−ρRE)sREi,d,t,n

]
⊥ χREi,d,t,n ⩾ 0 ∀i ∈ IRE, ∀d, ∀t, ∀n

(6.85)
0 ⩽

[
−mL

j,d,t +
∑
o

P dev
j,d,t,o +

∑
o

LDAj,d,t,o − Φ−1(1− ρL)sLj,d,t
]
⊥ χLj,d,t ⩾ 0 ∀j, ∀d, ∀t

(6.86)

As a crucial step for transitioning the bi-level optimisation model to a single-level
MPEC, the KKT optimality conditions for the LL1 problem are categorised into three
groups: i) KKT equality conditions (6.44), ii) KKT stationarity conditions (6.45)-(6.59),
and iii) KKT complementarity conditions (6.60)-(6.86).

Final MPEC Formulation

Since the LL2 problem consists solely of constraints, it can be directly integrated into
the MPEC. As a result, the formulation of the MPEC is depicted as follows:
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max
VMPEC

∑
d

ωd

[ ∑
i∈Ψn,t,n,b

λDAd,t,ng
DA
i,d,t,n,b −

∑
i,t,n,b

CEN
i,b g

DA
i,d,t,n,b+∑

i∈IFL∩Ψn,t,n,b

λRTd,t,n(g
U
i,d,t,n,b − gDi,d,t,n,b)−

∑
i∈IFL,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b)

+
∑

i∈IRE∩Ψn,t,n

λRTd,t,ng
dev
i,d,t,n −

∑
i∈IFL,t,n

λCO2Qemi
i,d,t,n +

∑
i∈IRE ,t,n

λCO2QCA
i,d,t,n

+
∑
i∈IRE

(λPGCi,d QPGC
i,d + λFGCQFGC

i,d )

]
−
∑
i,n

CIN
i Gi,n (6.87)

where:

V MPEC = V UL ∪ V LL1 ∪ V LL2 ∪ V DUAL (6.88)

V DUAL =
{
λDAd,t,n, λ

RT
d,t,n, τ

ES
e,d,t, τ

ES,1
e,d , τES,Te,d , τES,−e,d,t , τ

ES,+
e,d,t , τ

c,DA,−
e,d,t , τ c,DA,+e,d,t , τ c,RT,−e,d,t ,

τ c,RT,+e,d,t , τ d,DA,−e,d,t , τ d,DA,+e,d,t , τ d,RT,−e,d,t , τ d,RT,+e,d,t , ζd, µ
U
i,d,t,n,b, µ

D
i,d,t,n,b, ϕ

U,−
i,d,t,n,b,

ϕU,+i,d,t,n,b, ϕ
D,−
i,d,t,n,b, ϕ

D,+
i,d,t,n,b, γi,d,t,n, θi,d,t,n, ν

DA,−
d,t,n,m, ν

DA,+
y,t,n,m, ξ

DA,−
d,t,n , ξDA,+d,t,n ,

ξDA,refd,t , νRT,−d,t,n,m, ν
RT,+
d,t,n,m, ξ

RT,−
d,t,n , ξ

RT,+
d,t,n , ξ

RT,ref
d,t , χREi,d,t,n, χ

L
j,d,t

}
(6.89)

subject to:
UL constraints : (6.3) − (6.7) (6.90)

LL1 KKT equality conditions : (6.44) (6.91)

LL1 KKT stationarity conditions : (6.45) − (6.59) (6.92)

LL1 KKT complementarity conditions : (6.60) − (6.86) (6.93)

LL2 constraints : (6.36) − (6.37) (6.94)

6.4.3 Linearization of MPEC

In order to convert the nonlinear MPEC into a computationally tractable MIQP, this
subsection details the process of linearizing the MPEC. The nonlinear elements of the
MPEC primarily stem from two key sources: the KKT complementarity conditions re-
lated to the LL1 problem (6.93), and the bilinear terms embedded in the GenCo’s profit,
formulated by the MPEC’s objective function (6.87).
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Linearization of KKT Complementarity Conditions

The big-M method is adopted to decompose the KKT complementarity condition into
a set of linear conditions mixed with binary variables. Specifically, a represents a primal
variable in KKT conditions, and b represents the corresponding dual variable. The re-
sulting equivalent mixed-integer linear conditions are formulated as follows: {a ⩾ 0, b ⩾

0, a ⩽ βMa, b ⩽ (1−β)M b, β ∈ {0, 1}}. Note thatMa andM b identify the large positive
constants. Based on this linearization procedure, the KKT complementarity conditions
linked to the LL1 problem (6.93) are transformed into a set of disjunctive constraints.
These disjunctive constraints are formulated as follows:

V BINARY =

{
βE,−e,d,t, β

E,+
e,d,t, β

c,DA,−
e,d,t , βc,DA,+e,d,t , βc,RT,−e,d,t , βc,RT,+e,d,t , βd,DA,−e,d,t , βd,DA,+e,d,t , βd,RT,−e,d,t ,

βd,RT,+e,d,t , βCO2
d , βUi,d,t,n,b, β

D
i,d,t,n,b, β

U,−
i,d,t,n,b, β

U,+
i,d,t,n,b, β

D,−
i,d,t,n,b, β

D,+
i,d,t,n,b,

βDA,net,−d,t,n,m , βDA,net,+d,t,n,m , βDA,π,−d,t,n , βDA,π,+d,t,n , βRT,net,−d,t,n,m , βRT,net,+d,t,n,m , βRT,π,−d,t,n ,

βRT,π,+d,t,n , βREi,d,t,n, β
L
j,d,t

}
(6.95)

0 ⩽ Ee,d,t − Emin
e ⩽ βE,−e,d,tM ∀e, ∀d, ∀t (6.96)

0 ⩽ τES,−e,d,t ⩽ (1− βE,−e,d,t)M ∀e, ∀d, ∀t (6.97)

0 ⩽ Emax
e − Ee,d,t ⩽ βE,+e,d,tM ∀e, ∀d, ∀t (6.98)

0 ⩽ τES,+e,d,t ⩽ (1− βE,+e,d,t)M ∀e, ∀d, ∀t (6.99)

0 ⩽ sc,DAe,d,t ⩽ βc,DA,−e,d,t M ∀e, ∀d, ∀t (6.100)

0 ⩽ τ c,DA,−e,d,t ⩽ (1− βc,DA,−e,d,t )M ∀e, ∀d, ∀t (6.101)

0 ⩽ smaxe − sc,DAe,d,t ⩽ βc,DA,+e,d,t M ∀e, ∀d, ∀t (6.102)

0 ⩽ τ c,DA,+e,d,t ⩽ (1− βc,DA,+e,d,t )M ∀e, ∀d, ∀t (6.103)

0 ⩽ sc,DAe,d,t + sc,RTe,d,t ⩽ βc,RT,−e,d,t M ∀e, ∀d, ∀t (6.104)

0 ⩽ τ c,RT,−e,d,t ⩽ (1− βc,RT,−e,d,t )M ∀e, ∀d, ∀t (6.105)

0 ⩽ smaxe − sc,DAe,d,t − sc,RTe,d,t ⩽ βc,RT,+e,d,t M ∀e, ∀d, ∀t (6.106)

0 ⩽ τ c,RT,+e,d,t ⩽ (1− βc,RT,+e,d,t )M ∀e, ∀d, ∀t (6.107)

0 ⩽ sd,DAe,d,t ⩽ βd,DA,−e,d,t M ∀e, ∀d, ∀t (6.108)

0 ⩽ τ d,DA,−e,d,t ⩽ (1− βd,DA,−e,d,t )M ∀e, ∀d, ∀t (6.109)
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0 ⩽ smaxe − sd,DAe,d,t ⩽ βd,DA,+e,d,t M ∀e, ∀d, ∀t (6.110)

0 ⩽ τ d,DA,+e,d,t ⩽ (1− βd,DA,+e,d,t )M ∀e, ∀d, ∀t (6.111)

0 ⩽ sd,DAe,d,t + sd,RTe,d,t ⩽ βd,RT,−e,d,t M ∀e, ∀d, ∀t (6.112)

0 ⩽ τ d,RT,−e,d,t ⩽ (1− βd,RT,−e,d,t )M ∀e, ∀d, ∀t (6.113)

0 ⩽ smaxe − sd,DAe,d,t − sd,RTe,d,t ⩽ βd,RT,+e,d,t M ∀e, ∀d, ∀t (6.114)

0 ⩽ τ d,RT,+e,d,t ⩽ (1− βd,RT,+e,d,t )M ∀e, ∀d, ∀t (6.115)

0 ⩽ ηGrid
∑
j,t,o

LDAj,d,t,o −
∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ⩽ βCO2

d M ∀d

(6.116)
0 ⩽ ζd ⩽ (1− βCO2

d )M ∀d (6.117)

0 ⩽ Gi,n,b − gDAi,d,t,n,b − gUi,d,t,n,b ⩽ βUi,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.118)

0 ⩽ µUi,d,t,n,b ⩽ (1− βUi,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.119)

0 ⩽ gDAi,d,t,n,b − gDi,d,t,n,b ⩽ βDi,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.120)

0 ⩽ µDi,d,t,n,b ⩽ (1− βDi,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.121)

0 ⩽ gUi,d,t,n,b ⩽ βU,−i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.122)

0 ⩽ ϕU,−i,d,t,n,b ⩽ (1− βU,−i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.123)

0 ⩽ GU
i,b − gUi,d,t,n,b ⩽ βU,+i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.124)

0 ⩽ ϕU,+i,d,t,n,b ⩽ (1− βU,+i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.125)

0 ⩽ gDi,d,t,n,b ⩽ βD,−i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.126)

0 ⩽ ϕD,−i,d,t,n,b ⩽ (1− βD,−i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.127)

0 ⩽ GD
i,b − gDi,d,t,n,b ⩽ βD,+i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.128)

0 ⩽ ϕD,+i,d,t,n,b ⩽ (1− βD,+i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.129)

0 ⩽ Cmax
nm + bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ βDA,net,−d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (6.130)

0 ⩽ νDA,−d,t,n,m ⩽ (1− βDA,net,−d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (6.131)

0 ⩽ Cmax
nm − bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ βDA,net,+d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (6.132)

0 ⩽ νDA,+d,t,n,m ⩽ (1− βDA,net,+d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (6.133)

0 ⩽ π + δDAd,t,n ⩽ βDA,π,−d,t,n M ∀d, ∀t, ∀n (6.134)
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0 ⩽ ξDA,−d,t,n ⩽ (1− βDA,π,−d,t,n )M ∀d, ∀t, ∀n (6.135)

0 ⩽ π − δDAd,t,n ⩽ βDA,π,+d,t,n M ∀d, ∀t, ∀n (6.136)

0 ⩽ ξDA,+d,t,n ⩽ (1− βDA,π,+d,t,n )M ∀d, ∀t, ∀n (6.137)

0 ⩽ Cmax
nm + bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ βRT,net,−d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (6.138)

0 ⩽ νRT,−d,t,n,m ⩽ (1− βRT,net,−d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (6.139)

0 ⩽ Cmax
nm − bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ βRT,net,+d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (6.140)

0 ⩽ νRT,+d,t,n,m ⩽ (1− βRT,net,+d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (6.141)

0 ⩽ π + δRTd,t,n ⩽ βRT,π,−d,t,n M ∀d, ∀t, ∀n (6.142)

0 ⩽ ξRT,−d,t,n ⩽ (1− βRT,π,−d,t,n )M ∀d, ∀t, ∀n (6.143)

0 ⩽ π − δRTd,t,n ⩽ βRT,π,+d,t,n M ∀d, ∀t, ∀n (6.144)

0 ⩽ ξRT,+d,t,n ⩽ (1− βRT,π,+d,t,n )M ∀d, ∀t, ∀n (6.145)

0 ⩽ mRE
i,d,t,n − gDAi,d,t,n + gdevi,d,t,n − Φ−1(1− ρRE)sREi,d,t,n ⩽ βREi,d,t,nM ∀i ∈ IRE, ∀d, ∀t, ∀n

(6.146)
0 ⩽ χREi,d,t,n ⩽ (1− βREi,d,t,n)M ∀i ∈ IRE, ∀d, ∀t, ∀n (6.147)

0 ⩽ −mL
j,d,t+

∑
o

P dev
j,d,t,o+

∑
o

PDA
j,d,t,o−Φ−1(1−ρL)sLj,d,t ⩽ βLj,d,tM ∀j, ∀d, ∀t (6.148)

0 ⩽ χLj,d,t ⩽ (1− βLj,d,t)M ∀j, ∀d, ∀t (6.149)

Linearization of GenCo’s Profit

In order to deal with the challenge of bilinear terms in GenCo’s profit within the
MPEC’s objective function (6.87), the strong duality theorem and the KKT optimality
conditions are leveraged to uncover implicit linear forms of these bilinear terms, thereby
facilitating their incorporation into the model in a linearized structure.

Specifically, the bilinear terms (
∑

i∈I λ
DA
d,t,n g

DA
i,d,t,n,b,

∑
i∈IFL λRTd,t,n g

U
i,d,t,n,b,

∑
i∈IFL

λRTd,t,n g
D
i,d,t,n,b,

∑
i∈IRE λRTd,t,n g

dev
i,d,t,n, and

∑
i∈IRE λPGCi,d QPGC

i,d ) of the MPEC’s objective
function (6.87) need to be restructured as their linearized form by adopting the strong
duality theorem and the KKT optimality conditions. The derivation process is detailed as
follows.

First, in order to linearize the bilinear term
∑

i∈I λ
DA
d,t,n g

DA
i,d,t,n,b, the KKT stationarity
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condition (6.45) is rearranged as:

λDAd,t,n = CEN
i,b + ηCO2

i ζd + µUi,d,t,n,b − µDi,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.150)

Multiplying both sides by gDAi,d,t,n,b (∀i ∈ IFL), it renders:

λDAd,t,ng
DA
i,d,t,n,b =C

EN
i,b g

DA
i,d,t,n,b + ηCO2

i ζdg
DA
i,d,t,n,b + µUi,d,t,n,bg

DA
i,d,t,n,b

− µDi,d,t,n,bg
DA
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b

(6.151)

Given that the term (6.151) exclusively accounts for the DA energy revenue derived
from flexible generators, the same linearization procedure can be applied to address the
revenue from must-run and renewable generators. Therefore, the KKT stationarity condi-
tion (6.46) is rewritten as:

λDAd,t,n = CEN
i + γi,d,t,n ∀i ∈ IMR, ∀d, ∀t, ∀n (6.152)

Similarly, multiplying both sides by gDAi,d,t,n (∀i ∈ IMR), it gives:

λDAd,t,ng
DA
i,d,t,n = CEN

i gDAi,d,t,n + γi,d,t,ng
DA
i,d,t,n ∀i ∈ IMR, ∀d, ∀t, ∀n (6.153)

Subsequently, after the LL1 constraint (6.25) is plugged into (6.153), it renders:

λDAd,t,ng
DA
i,d,t,n = CEN

i gDAi,d,t,n + γi,d,t,nGi,n ∀i ∈ IMR, ∀d, ∀t, ∀n (6.154)

It should be emphasised that in terms of the realisation for renewable power generation,
its mean is set as the DA renewable generation dispatch gDAi,d,t,n(∀i ∈ IRE), and its standard
deviation is assumed to be proportional to the DA renewable generation dispatch. The
specific setting will be detailed in the section on the case study. As a result, the chance
constraint pertaining to renewable power production (6.41) should be rewritten as below:

gdevi,d,t,n ⩾ Φ−1(1− ρRE)ΓgDAi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (6.155)

where Γ identifies the proportion of wind power deviation with respect to DA renewable
generation dispatch.

Thus, the KKT stationarity condition (6.47) should be reformulated as follows:

−λDAd,t,n + θi,d,t,n + Φ−1(1− ρRE)ΓχREi,d,t,n = 0 ∀i ∈ IRE, ∀d, ∀t, ∀n (6.156)

Then, rearranging the terms in the KKT stationarity condition (6.156) and multiplying
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both sides by gDAi,d,t,n(i ∈ IRE), the energy revenue from renewable generation is recast as
below:

λDAd,t,ng
DA
i,d,t,n = θi,d,t,ng

DA
i,d,t,n+Φ−1(1−ρRE)ΓχREi,d,t,ngDAi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (6.157)

By substituting the LL1 constraint (6.26) into the above expression (6.157), it further
produces:

λDAd,t,ng
DA
i,d,t,n = θi,d,t,nk

RE
i,d,tGi,n + Φ−1(1− ρRE)ΓχREi,d,t,ng

DA
i,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n

(6.158)

In conclusion, the bilinear DA energy revenue, which is a critical component of the
GenCo’s profit, can be equivalently expressed by combining the expressions (6.151),
(6.154), and (6.158) with respect to different generation technologies.

The next step is to deal with the bilinear terms related to the RT reserve revenues∑
i∈IFL λRTd,t,n g

U
i,d,t,n,b and

∑
i∈IFL λRTd,t,n g

D
i,d,t,n,b. To this end, we first rearrange the terms

in the KKT stationarity conditions (6.48) and (6.49), and then multiplying both sides by
gUi,d,t,n,b and gDi,d,t,n,b, respectively, it renders:

λRTd,t,ng
U
i,d,t,n,b =C

U
i,bg

U
i,d,t,n,b + ηCO2

i ζdg
U
i,d,t,n,b + µUi,d,t,n,bg

U
i,d,t,n,b − ϕU,−i,d,t,n,bg

U
i,d,t,n,b+

ϕU,+i,d,t,n,bg
U
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b

(6.159)
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(6.160)

Furthermore, by employing the KKT complementarity conditions (6.73) - (6.76), we
obtain the following expressions:

gUi,d,t,n,bϕ
U,−
i,d,t,n,b = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.161)

GU
i,bϕ

U,+
i,d,t,n,b = gUi,d,t,n,bϕ

U,+
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.162)

gDi,d,t,n,bϕ
D,−
i,d,t,n,b = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.163)

GD
i,bϕ

D,+
i,d,t,n,b = gDi,d,t,n,bϕ

D,+
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.164)

By substituting KKT complementarity conditions (6.161)-(6.164) into the equations
for RT upward and downward reserve revenues, denoted as (6.159) and (6.160) respec-
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tively, it gives:
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U
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(6.165)
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(6.166)

After this, the bilinear term of the renewable deviation penalty
∑

i∈IRE λRTd,t,n g
dev
i,d,t,n

should be addressed. To this end, we employ the KKT complementarity condition (6.85)
related to the uncertainty of renewable power production and reformulate it as follows:

[
−gdevi,d,t,n − Φ−1(1− ρRE)ΓgDAi,d,t,n

]
χREi,d,t,n = 0 ∀i ∈ IRE, ∀d, ∀t, ∀n (6.167)

By combining the KKT stationarity condition (6.51) with the complementary expres-
sion (6.167), the bilinear term λRTd,t,n g

dev
i,d,t,n is recast as follows:

λRTd,t,ng
dev
i,d,t,n = χREi,d,t,ng

dev
i,d,t,n = −Φ−1(1− ρRE)ΓgDAi,d,t,nχ

RE
i,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n

(6.168)

Collectively, an alternative representation for the first four bilinear terms in the MPEC’s
objective function (the left side of the following equation) can be derived by integrating
the expressions of (6.151), (6.154), (6.158), (6.165), (6.166), (6.168), and summing over
their respective indices, which is formulated as follows:∑
i∈I,d,t,n,b
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(6.169)

It is observable that some nonlinear terms on the right side of equation (6.169) can be
eliminated through the application of the KKT complementarity conditions (6.70), (6.71)
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and (6.72), which are expressed as below:

ζdη
Grid

∑
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∑
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ηCO2
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µUi,d,t,n,bGi,n,b = µUi,d,t,n,b(g
DA
i,d,t,n,b + gUi,d,t,n,b) ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.171)

µDi,d,t,n,b(g
DA
i,d,t,n,b − gDi,d,t,n,b) = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (6.172)

By substituting the above KKT complementarity conditions (6.170)-(6.172) into the
equation (6.169), the representation for the first four bilinear terms in the MPEC’s objec-
tive function can be partially linearized, which is given as follows:∑
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Nonetheless, it is noticeable that the presence of the nonlinearities posed by the last
three bilinear terms of equation (6.173) needs to be further addressed. In order to remove
these non-linearities, the strong duality theorem of the LL1 problem incorporating the ES
model is utilised, which is expressed as follows:∑
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+
∑
j,d,t
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]
χLj,d,t (6.174)

Utilising the strong duality equation (6.174), the bilinear function (left side of equation
(6.175)) can be linearized as follows:∑
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The final step is to handle the last bilinear term related to the TGC revenue
∑

i∈IRE

λPGCi,d QPGC
i,d . It can be converted into a quadratic term by adopting LL2 constraint (6.36),

which is presented as follows:∑
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Finally, by the substitution of expressions from (6.175) and (6.176) into the bilinear
MPEC’s objective function (6.87), the GenCo’s profit is simplified to a linearized form:
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+
∑
i∈IRE

[
lPGCQPGC

i,d − qPGC(QPGC
i,d )2 + λFGCQFGC

i,d

]}
−
∑
i,n

CIN
i Gi,n (6.177)

6.4.4 Final MIQP

By applying linearization techniques, the MPEC is finally transformed into a MIQP
model. The MIQP’s objective function, (6.178), continues to embody the GenCo’s profit,
but within a linearized framework. The decision variable set for the MIQP (6.179) blends
the variable set of the original MPEC model (6.88) with an additional set of auxiliary
binary variables (6.95). The MIQP’s constraints are made of three principal categories: i)
the original UL problem constraints (6.180), ii) the linearized KKT optimality conditions
for the LL1 problem (6.181), and iii) the constraints from the LL2 problem (6.182). Thus,
the comprehensive framework for the final MIQP formulation is provided as follows:
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where:

V MIQP = V MPEC ∪ V BINARY (6.179)

subject to:
UL constraints : (6.3) − (6.7) (6.180)

LL1 KKT conditions :
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(6.10) − (6.14), (6.25) − (6.26), (6.29), (6.32), (6.45) − (6.59), (6.96) − (6.149) (6.181)

LL2 constraints : (6.36) − (6.37) (6.182)

6.5 Case Studies

6.5.1 Data Descriptions and Implementation

This section conducts a sensitivity analysis of the role of ES within the 2021 GB
deregulated energy market. Therefore, the real data for the 2021 GB power system is
provided below.

Table 6.1 presents comprehensive data about investment options for the GenCo. It is
noteworthy that in terms of flexible generation technologies, the marginal cost for provid-
ing upward reserve is set at 1.1 times the marginal energy cost; conversely, the marginal
cost for providing downward reserve is set at 0.9 times the marginal energy cost.

Table 6.1: Parameters of investment options.

Investment option CCGT1 CCGT2 OCGT1 OCGT2 Nuclear Wind
Type Flexible Flexible Flexible Flexible Must-run Renewable

Investment cost CIN (£/MW/yr) 14413 17440 8610 10418 114849 35756
Carbon intensity ηCO2 (t/MWh) 0.39 0.39 0.65 0.65 0 0

Maximum upward reserve capacity GU (MW) 4000 8000 4000 8000 - -
Maximum downward reserve capacity GD (MW) 4000 8000 4000 8000 - -

Marginal energy cost CEN (£/MWh)

Block 1 7.43 20.05 40.99 49.25

4.72 0
Block 2 9.03 24.34 49.78 59.81
Block 3 10.62 28.64 58.56 70.36
Block 4 12.21 32.94 67.34 80.91
Block 5 13.81 37.23 76.13 91.47

Table 6.2 displays crucial parameters for the 2021 GB power system. Additionally, the
allocation of weights to these blocks is set as [0.1, 0.15, 0.2, 0.25, 0.3], and the demand
is also accurately modelled by the five demand blocks, incorporating weighting factors
as [0.6, 0.1, 0.1, 0.1, 0.1]. By virtue of computational burden, the demand profile is
simulated on a representative day with an hourly resolution (T = {1, 2, . . . , 24}), scaled
across a target year (ω = 365) to capture daily fluctuations in energy consumption and
production patterns.

The additional parameters associated with carbon allowance and TGC are essential.
Specifically, the carbon allowance allocation ratio, ϵi, is set as 0.4; the RPS requirement
ratio, γRPS , is set as 40%; the approximated price ratio in the future TGC market, γFGC ,
is set as 0.3; and the price coefficient in the present TGC market, θPGC , is also set as 0.3.
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Table 6.2: Parameters of the GB power grid in 2021.

Year 2021
System-wide carbon intensity ηGrid (t/MWh) 183.11
Carbon price λCO2 (£/t) 71.54
Total system demand (TWh) 248.30

It should be noted that the penalty price for RPS deficiency, λRPS0 , is assumed to be 1.1
times the carbon price.

The related coefficients used in the chance constraints should be given. Overall, the
model sets confidence levels for all the chance constraints at 95% (1 − ρL = 1 − ρRE

= 95%), conveying the ρ-reliable threshold for both demand and wind power produc-
tion uncertainty. The linearized CCP formulations incorporate stochastic variables for
wind power and demand realisations, which are modelled using two normal distributions,
N (mRE, (sRE)2) for wind power and N (mL, (sL)2) for demand. The means of these dis-
tributions (mL and mRE) are aligned with the baseline demand and DA power dispatch,
respectively. Meanwhile, the standard deviations (sL and sRE), set at 1% of the baseline
demand and 10% of the DA wind power dispatch, respectively, quantify the anticipated
variability around these means.

Additionally, the data related to the utility-scale ES is detailed in Table 6.3.

Table 6.3: Parameters of the utility-scale ES in 2021.

Year 2021
Energy capacity Emax (MWh) 2034.91
Power capacity smax (MW) 1871.16
Minimum energy level Emin (MWh) 0.2Emax

Initial energy level E0 (MWh) 0.2Emax

Charging efficiency ηc (%) 90
Discharging efficiency ηd (%) 90

The case studies focus on investigating the influence of distinct sizes of utility-scale ES
on the integration of wind power within optimal investment strategies and their business
results. To this end, three cases have been designed to assess the impact of varying levels
of storage capacity on investment decisions within the 2021 GB power system, which are
outlined as follows:

1. Zero storage capacity (Z-SC) case: This case is built on a 2021 GB power grid
devoid of the participation of ES, serving as the foundational benchmark for com-
parison.

2. Low storage capacity (L-SC) case: The utility-scale ES in the 2021 GB power
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grid has an energy capacity of 2034.91 MWh and a power capacity of 1871.16
MW, reflecting the real specifications provided by the NG FES.

3. High storage capacity (H-SC) case: The utility-scale ES in the 2021 GB power
grid is expanded to 4069.82 MWh for energy capacity and 3742.32 MW for power
capacity, based on twice the values provided by the NG FES.

6.5.2 Impact of Storage Capacity

Table 6.4: Investment decisions and business results for three storage capacity scenarios
regarding the 2021 GB power system.

Z-SC case L-SC case H-SC case

CCGT1 (MW) 1,331 1,829 2,000
CCGT2 (MW) - - -
OCGT1 (MW) - 4,012 3,748
OCGT2 (MW) 13,050 7,307 6,788
Total flexible capacity (MW) 14,381 13,148 12,536
Nuclear (MW) 15,749 9,080 6,639
Wind (MW) 17,243 42,093 53,512
Investment cost (mil.£) 2,494 2,474 2,540
DA energy cost (mil.£) 5,055 4,201 3,618
DA energy revenue (mil.£) 19,835 18,388 17,959
RT reserve cost (mil.£) 177 469 610
RT reserve revenue (mil.£) 982 1,645 1,919
Wind power deviation penalty (mil.£) 637 1,397 1,763
Carbon allowance revenue (mil.£) 209 510 648
Green certificate revenue (mil.£) 2,044 3,321 3,884
Carbon emission cost (mil.£) 3,269 3,269 3,269
GenCo Profit (mil.£) 11,438 12,054 12,610
DA ES revenue (mil.£) 0 -32 -77
RT ES revenue (mil.£) 0 72 162
Total ES revenue (mil.£) 0 40 84

The comprehensive investment decisions and business results corresponding to the
three storage capacity scenarios are detailed in Table 6.4. Additionally, the charging and
discharging power outputs for the three storage capacity scenarios across the DA and RT
markets are illustrated in Figures 6.2 and 6.3, respectively. The clearing prices of the three
storage capacity scenarios across the DA and RT markets are shown in Figures 5.3 and
5.4, respectively.

It is important to note that the Z-SC case, which served as a benchmark, is actually
consistent with the market-driven case in Chapter 4 and the Z-DF case in Chapter 5,
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Figure 6.2: Daily charging/discharging power output in the DA energy market for three
storage capacity scenarios regarding the 2021 GB power system.
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Figure 6.3: Daily charging/discharging power output in the RT balancing market for three
storage capacity scenarios regarding the 2021 GB power system.

which are analysed from the perspective of the role of market design and the impact
of demand flexibility, respectively. In particular, as the case design is based on another
flexibility resource, ES, the analysis of the Z-SC case will be similar to that of the Z-
DF case. Therefore, in order to save space, readers can refer to the market-driven case
analysis in Section 4.5.2 and the Z-DF case analysis in Section 5.5.2 for a comprehensive
evaluation of the Z-SC case.
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Figure 6.4: Daily DA energy market clearing prices for three storage capacity scenarios
in the 2021 GB power system.
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Figure 6.5: Daily RT balancing market clearing prices for three storage capacity scenarios
in the 2021 GB power system.

L-SC Case Analysis

The integration of utility-scale ES into the 2021 GB power grid brings about a trans-
formation in the optimal investment decisions, markedly reducing the capacities using
nuclear and flexible generation technologies while substantially increasing wind power
capacity, as described in the second to eighth row in the third column of Table 6.4. This
transformation is due to the ES’s role as a flexibility resource capable of managing the
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Figure 6.6: Daily generation dispatches in the DA energy market for the L-SC case re-
garding the 2021 GB power system.
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Figure 6.7: Daily imbalances in the RT balancing market for the L-SC case regarding the
2021 GB power system.

significant uncertainties associated with large-scale wind power generation. Specifically,
ES stores the excess wind power generation during periods of low demand in the DA mar-
ket, facilitating the stable operation of a power grid with high wind penetration, as shown
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in Figure 6.6. Subsequently, in the RT market, the stored energy can be discharged to
meet reserve requirements, as seen in Figure 6.7. This operational flexibility provided by
the ES not only offers a cost-effective solution to reserve provision but also contributes to
carbon emission reductions by utilising stored clean energy to fulfil reserve requirements.
It should be noted that the legends ’ES+’ and ’ES-’ respectively indicate ES charging and
discharging. Moreover, the charging and discharging cycles of the ES across the DA and
RT markets are illustrated in Figures 6.2 and 6.3. Notably, positive values indicate ES
charging, while negative values indicate ES discharging.

Despite the similarities between the roles of ES and demand flexibility in enhancing
grid stability and efficiency, the integration of ES does not lead to a smoothing of the DA
and RT market clearing price profiles. This phenomenon can be attributed to two primary
factors:

1. The primary objective of the ES in this model is to offer ancillary services rather
than perform energy arbitrage, which limits its impact on prices across the DA and
RT markets.

2. The scale of ES capacity relative to system demand is significantly smaller than
that of a 5% demand flexibility in the L-DF case, making it insufficient to produce
significant fluctuations to smooth the price profiles across the whole market horizon.

Therefore, as shown in Figures 6.4 and 6.5, the DA and RT market clearing price profiles
are broadly consistent with the inflexible system demand profile (see the blue line in
Figure 5.2).

The observed dips in DA and RT prices during the early hours reflect the influence of
ES operations on market outcomes. Specifically, in the DA market, the huge gap between
the abundant wind power and low demand during hours 1–4 allows ES to charge with the
surplus wind energy, leading to the cheap CCGT1 capacity providing the marginal reserve
capacity. In the RT market, extensive ES discharging meets the high reserve requirements
during windy hours 1-4, once again positioning cheap CCGT1 as the marginal reserve
capacity provider.

The ninth to twenty-first row in the third column of Table 6.4 accommodates the com-
prehensive business results for the L-SC case. Despite the reduction of investments in
expensive nuclear power, there is a steep increase in wind generation capacity, resulting
in a negligible change in investment cost. In the DA market, both energy costs and revenue
experience a decline. The decrease in energy costs is a direct consequence of replacing
nuclear and flexible generation with zero-cost wind power. However, this transition also
leads to a drop in energy revenue since excess wind power generation decreases market
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prices during hours 1–4. Conversely, in the RT market, both reserve costs and revenue
exhibit an increase. Although the ES is employed to deploy reserves, its limited scale
proves inadequate for fully mitigating the uncertainties introduced by large-scale wind
power. This inadequacy results in higher reserve costs due to the need for additional re-
serve capacity to manage wind power uncertainty. Nonetheless, the substantial rise in
reserve requirements, compared to the Z-SC case, also leads to increased reserve revenue.
The extensive integration of wind power, despite increasing wind power uncertainty and
the associated wind power deviation penalty, also brings significant policy-driven bene-
fits. Notably, revenues from carbon allowance and TGC have seen a dramatic increase,
reflecting the environmental and regulatory incentives designed to promote renewable en-
ergy integration. It is noteworthy that the carbon emission costs remain consistent across
all storage capacity cases, given that total emissions hit the cap set by the GB government
for 2021. Generally, despite a slight dip in the prime revenue source, DA energy revenue,
the revenue from RT reserve, TGC, and carbon allowance all increased substantially, cu-
mulatively resulting in a modest increase in the GenCo’s total profit. Furthermore, the
analysis extends beyond the GenCo’s perspective to include the business outcomes for ES
entities. As detailed in the last three rows in the third column of Table 6.4, despite not
being profit-driven, ES entities manage to secure profits through participation in the DA
and RT markets to provide reserves.

H-SC Case Analysis

With the expansion of ES capacity in the H-SC case, the optimal investment decisions
in the 2021 GB power system exhibit a further shift towards wind generation capacity,
alongside a corresponding decrease in both nuclear and flexible generation capacities,
following the trends observed in the L-SC case and amplifying them, as detailed in the
second to eighth row in the fourth column of Table 6.4.

In line with the L-SC case, the expanded ES in the H-SC case still plays a crucial role
in managing the grid’s stability and efficiency by leveraging excess wind energy. Specifi-
cally, ES is charged with excess wind power generation during windy periods, hours 1–5,
in the DA market; subsequently, it discharges to meet varying reserve requirements dur-
ing hours 1–5 and 9–10 in the RT market, as shown in Figures 6.8 and 6.9. It needs to
be clarified that the logic behind these two periods of reserve requirements is different.
In detail, the discharging during hours 1–5 addresses the increased reserve requirement
incurred by massive wind power generation, while the need for discharging during hours
9–10 arises due to the substantial utilisation of flexible capacity in the DA market, leaving
ES to fulfil the reserve requirements.
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Figure 6.8: Daily generation dispatches in the DA energy market for the H-SC case re-
garding the 2021 GB power system.
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Figure 6.9: Daily imbalances in the RT balancing market for the H-SC case regarding the
2021 GB power system.

Furthermore, as seen in Figures 6.2, 6.3, 6.4, and 6.5, unlike the price drop during
hours 1–5, despite the considerable discharging from ES in the RT market during hours
9–10, it does not result in a decrease in market clearing prices. This phenomenon can
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be attributed to the coupling operational dynamics of the flexible generation capacity
across the DA and RT markets. During the windy hours 1–5, the abundant wind power
generation in the DA market allows for the deployment of low-cost CCGT1 technology
as the marginal reserve provider. However, during the low-wind hours 9–10, since the
cheap flexible generation capacity has already been heavily deployed in the DA market, it
is necessary to utilise the expensive OCGT2 technology to provide the marginal reserve
capacity.

The business results for the H-SC case are comprehensively displayed from the ninth to
twenty-first row in the fourth column of Table 6.4. The changes in business cases pertain-
ing to the examined GenCo follow the same trends discussed in the L-SC case analysis. In
summary, compared with the L-SC case, DA energy revenue further decreases, while rev-
enues from RT reserve, carbon allowance, and TGC increase, slightly raising the overall
profitability of the GenCo. Furthermore, as the scale of ES further expands in the H-SC
case, the profit of ES entities also increases.

6.6 Conclusions

This chapter investigates the impact of ES on generation planning within an energy
market environment subject to carbon emission restrictions. To quantitatively evaluate the
investment strategies of the GenCo and its business results under varying scales of ES, a
two-stage bi-level optimisation model is introduced. The model comprises an UL prob-
lem representing the self-interested GenCo and two LL problems. The first LL problem
(LL1) represents the joint clearing process of the DA and RT electricity markets, incor-
porating chance-constrained uncertainties associated with renewable energy and demand
deviations. Additionally, an ES model is also integrated into the LL1 problem to provide
ancillary services. The second LL problem (LL2) represents the clearing mechanism for
the green certificate market. To facilitate an efficient solution, the model undergoes a se-
ries of transformations. First, chance constraints are linearized. Subsequently, the KKT
conditions are employed to transform the model into a MPEC. Finally, leveraging the
strong duality theorem, the MPEC problem is recast as a solvable MIQP problem. The
case studies have been conducted within the framework of the 2021 GB power system,
and the findings are listed as follows:

1. Compared to the scenario without ES, when utility-scale ES sets to the level spec-
ified by the 2021 GB power system and then doubles, the profit of the GenCo sees
a growth of 5% and 10%, respectively. It is because the booming expansion of
renewable power capacity brings income from economic incentives.
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2. Compared to the scenario without ES, when utility-scale ES sets to the level speci-
fied by the 2021 GB power system and then doubles, the wind generation capacity
in investment decisions surges by 144% and 210%, respectively. The reason be-
hind this phenomenon is that the ES acts as a provider of reserves to mitigate the
uncertainties from the massive RESs.

3. Although the principal goal of ES is to provide ancillary services instead of en-
ergy arbitrage, the ES entity can still earn profit from its reserve provision. As the
investment in renewable power capacity increases, the ES entity’s profit also boosts.

4. In contrast to demand flexibility, ES lacks the capability to flatten peak demand
since it is not profit-driven.



Chapter 7

Pathway towards Fully Decarbonised
GB Power System by 2035

7.1 Introduction

In the context of global climate change, the GB has set ambitious goals for decarbon-
isation, aiming to achieve a fully decarbonised power system by 2035 and then leading
to a broader net-zero target by 2050 [87]. Reaching these targets requires a significant
transformation of the energy sector, particularly in terms of increasing the share of RESs
and reducing the reliance on fossil fuels, coupled with a considerable reduction in carbon
emissions across the board. As such, the integration of flexibility resources, specifically
demand flexibility and ES, emerges as a vital strategy for promoting the GB’s decarboni-
sation agenda.

Demand flexibility and ES are crucial tools in the transition towards a sustainable
energy structure. They offer the necessary capabilities for facilitating the expansion of
renewable energy and then achieving decarbonisation. In this chapter, the models of
demand flexibility and ES are incorporated into the LL1 problem, which identifies the
joint clearing process for DA and RT markets. Specifically, they can provide operational
flexibility across the DA and RT markets, thereby mitigating the uncertainty introduced
by renewable energy and enhancing the integration of large-scale RESs.

This chapter seeks to uncover cost-effective market mechanisms that leverage two vital
flexibility resources, demand flexibility and ES, to encourage investment in RESs, align-
ing with the ambitious goal of transitioning GB’s power system to a net-zero system by
2035. Guided by this overarching vision, the case studies utilise predicted data from the
National Grid for the 2035 GB power system, targeted by the GB government for achiev-
ing a zero-carbon power system. The findings derived from these case studies reveal that

148
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it is feasible to reach an emissions-free GB power system by 2035 with the aid of flexi-
bility resources. Additionally, beyond the GB’s zero-carbon target, a 100% wind power
system can be achieved with the further expansion of flexibility resources. Meanwhile,
the GenCo’s profitability can be guaranteed by the economic incentives from the green
energy promotion policy.

7.2 Problem Statement

This section outlines the decision-making framework for market-driven generation
planning, simultaneously taking into account demand flexibility and ES, and details the
foundational assumptions for its modelling.

7.2.1 Structure of the Bi-Level Optimisation Model

This chapter presents a market-driven generation planning model utilising a two-stage,
bi-level optimisation framework, combined with demand flexibility and ES, to explore the
pathway towards a fully decarbonised GB power system by 2035, ultimately achieving a
100% renewable power system. In brief, this bi-level optimisation framework reflects the
coupling dynamics between the GenCo and market operators: the UL problem represents
the profit-driven GenCo; the first LL (LL1) problem represents the joint clearing of the
DA and RT markets; and the second LL (LL2) problem represents the clearing of the green
certificate market. This hierarchical structure is illustrated in Figure 7.1. Furthermore, the
models of demand flexibility and ES are incorporated into the LL1 problem, providing
operational flexibility across the DA and RT market horizons.

The interdependence between the UL problem and the two LL problems is pronounced.
The investment decisions made by GenCo at the UL significantly affect the market out-
comes realised within the two LL problems. In turn, the business cases emerging from
the LL1 problem, characterised by energy prices and generation dispatches in both the
DA and RT markets, along with the TGC quantities and prices obtained in the LL2 prob-
lem, critically influence GenCo’s profitability. This bidirectional feedback loop under-
scores the complex relationship between generation planning and market performance,
highlighting the feature of capturing real-world market dynamics and GenCo’s decision-
making processes.
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DA and RT market joint clearing algorithm 
(LL1)

Min   DA Energy Cost + RT Balancing Cost 
subject to:
➢Demand-supply balance constraints in the 

DA and RT markets
➢System-wide carbon emission constrains
➢Generation operating constraints
➢Upward and downward reserve constraints
➢Transmission network constraints
➢Time-coupling demand flexibility 

constraints
➢Energy storage operating constraints
➢Chance constraints for renewable energy 

uncertainty
➢Chance constraints for demand uncertainty

Investment decisions of the GenCo (UL)
Max   GenCo Profit 
subject to:
➢Caron allowance allocation constraints
➢Carbon emission constraints
➢Green certificate allocation constraints

TGC market clearing algorithm (LL2)
➢Inverse demand function of the present 

TGC market
➢Future TGC pricing constraints

DA prices, 
RT prices,

DA dispatches, 
RT deviations

Investment 
decisions

Present TGC 
quantities,

Future TGC 
quantities

Present 
TGC prices, 

Future 
TGC prices  

Figure 7.1: Illustration of the proposed two-stage bi-level optimisation model.
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7.2.2 Modelling Assumptions

For clarity and completeness, the major assumptions of the proposed two-stage bi-level
market-driven model are listed below:

1. The proposed two-stage bi-level optimisation model represents the market-driven
generation planning faced by a self-interested GenCo seeking to maximise its long-
term profit. The GenCo is allowed to invest in generation capacities utilising flex-
ible, must-run, and renewable technologies. Furthermore, the flexible generation
capacities are explicitly modelled by the production blocks to capture their output
characteristics. Accordingly, demand blocks are also incorporated into the proposed
model.

2. The examined GenCo is permitted to participate in four different markets. The two-
stage energy markets adopted for this work include the DA energy market and the
RT balancing market with an hourly time resolution. Furthermore, the proposed
model takes into consideration the present TGC market and the future TGC market.

3. Based on the study in [76], its pricing scheme, namely LMP, is applied within the
proposed two-stage energy market framework. This approach leverages the LMPs
for determining the electricity prices at different locations in the network, which
are calculated using the dual variables of the hourly demand-supply balance in both
the DA and RT markets. The so-called LMP scheme reflects the marginal cost of
supplying the next unit of electricity at a specific location, considering the effect
of network transmission congestion, thereby facilitating efficient market operations
and signaling appropriate economic incentives.

4. The model incorporates the pricing mechanism outlined in [64] for trading in the
present and future TGC markets. Specifically, the prices in the present TGC market
are determined using an inverse demand function. Furthermore, the future TGC
price is estimated based on the penalty price associated with RPS deficiency.

5. Once the GenCo finalises its investment decisions, the sequential clearing process
of the DA, RT, and TGC markets is arranged by the market operator. Specifically,
the market operator first clears the DA energy market, taking into account the un-
certainties incurred by demand and renewable generation as well as scheduling the
generation dispatches. Subsequently, the depolyment of reserves is organised by
market operator in the RT market to eliminate the unexpected uncertainties aris-
ing from wind power and demand-side deviations. Following this, the prices and
quantities of TGC are determined based on the clearing results of the DA and RT
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markets. By comparing the present TGC market clearing price with the estimated
future TGC market price, the examined GenCo can choose either to trade its TGCs
in the present TGC market or retain them for future trading, thus completing the
transactions in the TGC market. Finally, the outcomes of these three markets are
relayed to the examined GenCo, significantly influencing its profit-oriented invest-
ment decision-making process.

6. Although the DA and RT markets are cleared sequentially from the perspective of
the examined GenCo, investment decisions are required to maximise the overall
expected profit simultaneously [77]. Additionally, as highlighted in research works
[78, 79], a co-optimised approach to managing energy and reserves significantly
enhances the efficiency of generation dispatch compared to scenarios where energy
and reserves are cleared separately. Therefore, this paper adopts a joint clearing
model for the DA and RT markets. Furthermore, it is assumed that GenCo sells the
TGCs in the present TGC market or withholds the TGCs for future trading after
the outcomes of the energy markets are obtained. This assumption is logical since
the allocation of TGCs becomes definitive after the results of renewable generation
dispatches and deviations are available, which is more conducive to risk mitigation
[64].

7. In order to facilitate the mathematical solution, the uncertainties sourced from RESs
and demand are realised by a set of chance constraints.

8. As the primary objective of this paper is to explore the system-level generation
mix of the future grid under stringent carbon emission regulations, the proposed
generation planning model excludes the consideration of other GenCos.

9. In order to ensure the convex characteristics of the LL1 problem, linear generation
costs are adopted in the proposed model. Additionally, it is assumed that renewable
generation technologies are cost-free.

10. In the DA market, the generation capacities of renewable and must-run technologies
are assumed to operate at their full capacity.

11. The network transmission is modelled based on a linear DC power flow approxi-
mation.

12. In the face of decarbonisation, a series of carbon emission restrictions and green en-
ergy incentives are imposed on the examined GenCo. Firstly, GenCo is limited by
an annual cap on carbon emissions. Moreover, it is assumed that carbon emissions
only depend on the generation of flexible technologies that consume fossil fuels.
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Secondly, carbon emissions from the GenCo are subject to a carbon tax. Thirdly,
carbon allowances are allocated to the GenCo based on its renewable energy gen-
eration, and the GenCo can profit by trading these carbon allowances. Fourthly,
GenCo can earn TGCs through renewable power production and participate in the
present and future TGC markets to gain profits. Finally, the RPS ratio is incorpo-
rated into the parameter setting of TGC markets. These environmental policies are
set to work together towards a fully decarbonised power system.

13. Time-coupling demand flexibility is implemented through a generic and technology-
agnostic model. The demand flexibility model permits adjustments in demand, ei-
ther decreasing or increasing, within a specified proportion for each time interval,
while maintaining a net-zero demand-side energy shift throughout the market du-
ration [80]. Essentially, the sum of demand reductions matches the sum of demand
increases, ensuring energy neutrality over the market horizon. It is assumed that
demand flexibility does not compromise the quality or satisfaction of consumer ex-
periences.

14. As the share of renewables in the energy mix grows, utility-scale ES is installed
in the considered power grid. The ES entities can participate in both DA and RT
markets to balance power supply and demand consumption under high renewable
production [85].

15. To maintain the convexity of the LL1 problem, followed by the previous work [47],
the continuous storage model is utilised to describe the dynamic behaviour of the
utility-scale ES during the market horizon.

16. In line with the concept of non-merchant storage [86], although the ES of the pro-
posed model can make a profit by energy arbitrage, its primary goal is to provide
the auxiliary service, i.e., reserve deployment, to maintain the operation stability of
the power system under high penetration of renewable power production.

7.3 Mathematical Model

This section elaborates on the formulation of the UL problem, which is associated with
the GenCo, and the two LL problems (LL1 and LL2). Each of these LL problems corre-
sponds to distinct market clearing processes, capturing the multi-layer dynamics within
the electricity market framework.
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7.3.1 UL Problem: Investment Decisions of GenCo

The UL problem conveys the decision-making process of a self-interested GenCo,
aiming to maximise its overall profit through investment decisions. The mathematical
expression of this UL problem is detailed as follows:

max
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ωd
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(7.2)

subject to:
Gi,n ⩾ 0 ∀i ∈ I, ∀n (7.3)

Gi,n,b = ωFLb Gi,n ∀i ∈ IFL, ∀n, ∀b (7.4)
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Gridϵi ∀i ∈ IRE, ∀d, ∀t, ∀n (7.5)
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CO2
i ∀i ∈ IFL, ∀d, ∀t, ∀n (7.6)
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i,d +QFGC
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∑
t,n

(gDAi,d,t,n − gdevi,d,t,n) ∀i ∈ IRE, ∀d (7.7)

The objective function of the UL problem is to maximise the total profit of the exam-
ined GenCo, consisting of nine components, as defined in (7.1). Constraint (7.3) ensures
that the new capacities invested by the GenCo are non-negative. Constraint (7.4) details
the weighting factors of the production blocks corresponding to flexible generation ca-
pacities. Constraint (7.5) presents the allocation of carbon allowances. Constraint (7.6)
quantifies the carbon emissions produced by the operation of fossil-fired flexible genera-
tion technologies. Lastly, constraint (7.7) calculates the total quantities of TGCs that are
generated based on renewable energy production in the DA market and its deviation in
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the RT market.

7.3.2 LL1 Problem: Joint Clearing Process of DA Energy and RT
Balancing Markets

The LL1 problem embodies the joint clearing process of the two-stage energy markets,
specifically the DA energy market and the RT balancing market. This process is conducted
with the objective of minimising the total system cost from the perspective of the market
operator. At the core of this chapter, the two vital flexibility resources for the low-carbon
transition, i.e., flexible demand and ES, are simultaneously included in the optimisation
framework of the LL1 problem. The formulation of the LL1 problem is provided as
follows:

{
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sd,DAe,d,1 + sd,RTe,d,1

ηde
: τES,1e,d ∀e, ∀d (7.13)

E0
e = Ee,d,T : τES,Te,d ∀e, ∀d (7.14)
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Emin
e ⩽ Ee,d,t ⩽ Emax

e : τES,−e,d,t , τ
ES,+
e,d,t ∀e, ∀d, ∀t (7.15)

0 ⩽ sc,DAe,d,t ⩽ smaxe : τ c,DA,−e,d,t , τ c,DA,+e,d,t ∀e, ∀d, ∀t (7.16)

0 ⩽ sc,DAe,d,t + sc,RTe,d,t ⩽ smaxe : τ c,RT,−e,d,t , τ c,RT,+e,d,t ∀e, ∀d, ∀t (7.17)

0 ⩽ sd,DAe,d,t ⩽ smaxe : τ d,DA,−e,d,t , τ d,DA,+e,d,t ∀e, ∀d, ∀t (7.18)

0 ⩽ sd,DAe,d,t + sd,RTe,d,t ⩽ smaxe : τ d,RT,−e,d,t , τ d,RT,+e,d,t ∀e, ∀d, ∀t (7.19)∑
i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ⩽ ηGrid

∑
j,t,o

LDAj,d,t,o : ζd (7.20)

gDAi,d,t,n,b + gUi,d,t,n,b ⩽ Gi,n,b : µUi,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (7.21)

gDi,d,t,n,b ⩽ gDAi,d,t,n,b : µDi,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (7.22)

0 ⩽ gUi,d,t,n,b ⩽ GU
i,b : ϕU,−i,d,t,n,b, ϕ

U,+
i,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (7.23)

0 ⩽ gDi,d,t,n,b ⩽ GD
i,b : ϕD,−i,d,t,n,b, ϕ

D,+
i,d,t,n,b ∀i ∈ IFL, ∀t, ∀n, ∀b (7.24)

gDAi,d,t,n = Gi,n : γi,d,t,n ∀i ∈ IMR, ∀t, ∀n (7.25)

gDAi,d,t,n = kREi,d,tGi,n : θi,d,t,n ∀i ∈ IRE, ∀t, ∀n (7.26)

−Cmax
nm ⩽ bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ Cmax

nm : νDA,−d,t,n,m, ν
DA,+
d,t,n,m ∀t, ∀n, ∀m ∈ Λn (7.27)

−π ⩽ δDAd,t,n ⩽ π : ξDA,−d,t,n , ξDA,+d,t,n ∀t, ∀n (7.28)

δDA,refd,t = 0 : ξDA,refd,t ∀t (7.29)

−Cmax
nm ⩽ bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ Cmax

nm : νRT,−d,t,n,m, ν
RT,+
d,t,n,m ∀t, ∀n, ∀m ∈ Λn (7.30)

−π ⩽ δRTd,t,n ⩽ π : ξRT,−d,t,n , ξ
RT,+
d,t,n ∀t, ∀n (7.31)

δRT,refd,t = 0 : ξRT,refd,t ∀t (7.32)

(1− α)LDAj,d,t,o ≤ PDA
j,d,t,o ≤ (1 + α)LDAj,d,t,o : ψ−

j,d,t,o, ψ
+
j,d,t,o ∀j, ∀t, ∀o (7.33)∑

t,o

LSHj,d,t,o = 0 : σj,d ∀j (7.34)

P
[
−αLRj,d,t ⩽

∑
o

LSHj,d,t,o ⩽ αLRj,d,t

]
⩾ 1− ρL : χSH,−j,d,t , χ

SH,+
j,d,t ∀j, ∀t (7.35)

P
[
gDAi,d,t,n − gdevi,d,t,n ⩽ gRi,d,t,n

]
⩾ 1− ρRE : χREi,d,t,n ∀i ∈ IRE, ∀t, ∀n (7.36)
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P
[∑

o

PDA
j,d,t,o +

∑
o

P dev
j,d,t,o ⩾ LRj,d,t +

∑
o

LSHj,d,t,o

]
⩾ 1− ρL : χLj,d,t ∀j, ∀t

}
∀d

(7.37)

The mathematical framework of the LL1 problem (7.8)-(7.37) simultaneously combine
the characteristics of demand flexibility and ES. The LL1 problem’s objective function is
to minimise the overall system cost, including the energy cost (first term) and the reserve
cost (last two terms). The LL1 problem is subject to various sets of constraints: sys-
tem balance constraints (7.10)-(7.11), ES constraints (7.12)-(7.19), system-wide carbon
emission constraint (7.20), generation operating constraints (7.21)-(7.26), network con-
straints (7.27)-(7.32), demand flexibility constraints (7.33)-(7.34), and chance constraints
for uncertainties (7.35)-(7.37).

7.3.3 LL2 Problem: Clearing Process of TGC Market

The process for clearing the present TGC market, as well as forecasting the TGC
price for the future TGC market, is organised in the LL2 problem, which is formulated as
follows:

V LL2 =
{
λPGCi,d , QPGC

i,d

}
(7.38)

λPGCi,d = lPGC − qPGCQPGC
i,d ∀i ∈ IRE, ∀d (7.39)

λFGC = γFGCλRPS0 (7.40)

The present TGC market is built on a quantity-dependent inverse demand function.
Under this framework, the present TGC price is determined by equation (7.39) that rep-
resents the linear correlation between the present price of TGC and its quantity. On the
other hand, equation (7.40) indicates the estimation of the future TGC price. The neces-
sary coefficients are obtained from equations (7.41) and (7.42), as proved in [64].

lPGC = λRPS0 (7.41)

qPGC =
(1− θPGC)λRPS0

γRPS
∑

j,d,t L
DA
j,d,t

(7.42)

7.4 Solution

The process for solving the proposed two-stage bi-level optimisation model unfolds
through a structured series of steps, comprehensively detailed in this section. This pro-
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cess begins with the linearization of non-convex chance constraints in the LL1 problem,
as described in Subsection 7.4.1. Following the linearization of chance constraints, the
proposed bi-level problem is reformulated into a single-level MPEC by recasting the LL1
problem as its equivalent KKT optimality conditions, as detailed in Subsection 7.4.2.
Concurrently, the constraints from the LL2 problem are also incorporated into the MPEC
model. The next step is to address the nonlinearities appearing in the MPEC formulation,
as discussed in Subsection 7.4.3. Finally, to ensure global optimality, the MPEC problem
is recast as a MIQP, as provided in Subsection 7.4.4, rendering the model computationally
efficient for commercial solvers.

7.4.1 CCP Reformulation

In line with the setting of previous chapters, chance constraints utilise stochastic vari-
ables to model uncertainties associated with RESs and demand (gR and LR). These
stochastic variables are assumed to follow normal distributions, which are mathemati-
cally represented as follows:

gRi,d,t,n ∼ N (mRE
i,d,t,n, (s

RE
i,d,t,n)

2), LRj,d,t ∼ N (mL
j,d,t, (s

L
j,d,t)

2) (7.43)

where parameter m is the mean of the normal distribution and parameter s is the standard
deviation of the normal distribution. It should be noted that the chance constraints (7.35),
(7.36), and (7.37) are non-convex. In order to make the proposed model solvable, the
non-convexities in these chance constraints are required to be eliminated.

Utilising the linearization techniques outlined in Subsection 3.4.1, the chance con-
straints (7.35)-(7.37) can be linearized as follows:

αmL
j,d,t +

∑
o

LSHj,d,t,o ⩾ Φ−1(1− ρL)αsLj,d,t : χSH,−j,d,t ∀j, ∀d, ∀t (7.44)

αmL
j,d,t −

∑
o

LSHj,d,t,o ⩾ Φ−1(1− ρL)αsLj,d,t : χSH,+j,d,t ∀j, ∀d, ∀t (7.45)

mRE
i,d,t,n−gDAi,d,t,n+gdevi,d,t,n ⩾ Φ−1(1−ρRE)sREi,d,t,n : χREi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (7.46)

−mL
j,d,t−

∑
o

LSHj,d,t,o+
∑
o

P dev
j,d,t,o+

∑
o

PDA
j,d,t,o ⩾ Φ−1(1− ρL)sLj,d,t : χLj,d,t ∀j, ∀d, ∀t

(7.47)
Note that Φ−1(·) is the inverse cumulative distribution function function of a standard
normal distribution.
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7.4.2 MPEC Formulation

Thanks to the linearized chance constraints (7.44)-(7.47), the option to replace the
LL1 problem with a collection of constraints derived from its KKT optimality conditions
becomes viable. Additionally, the LL2 problem is easily merged into the UL problem
since it solely consists of constraints. Consequently, this allows the original two-stage bi-
level optimisation framework, (7.1)-(7.40), to be restructured into a single-level MPEC
problem.

KKT Conditions Associated with the LL1 Problem

To derive the KKT optimality conditions for the LL1 problem, constructing its La-
grangian function LLL1 is essential. This function is built by the LL1 objective function
with its constraints, each weighted by corresponding dual variables. The Lagrangian
function is formulated as follows:

LLL1 =
∑

i,d,t,n,b

CEN
i,b g

DA
i,d,t,n,b +

∑
i,d,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b) +

∑
d,t,n

λDAd,t,n
[ ∑
j∈Ψn,o

PDA
j,d,t,o

+
∑
e∈Ψn

sc,DAe,d,t +
∑
m∈Λn

bnm(δ
DA
d,t,n − δDAd,t,m)−

∑
i∈Ψn,b

gDAi,d,t,n,b −
∑
e∈Ψn

sd,DAe,d,t

]
+∑

d,t,n

λRTd,t,n
[ ∑
j∈Ψn,o

P dev
j,d,t,o +

∑
i∈IFL∩Ψn,b

(−gUi,d,t,n,b + gDi,d,t,n,b) +
∑
e∈Ψn

(sc,RTe,d,t − sd,RTe,d,t )

+
∑

i∈IRE∩Ψn

gdevi,d,t,n −
∑
m∈Λn

bnm(δ
DA
d,t,n − δRTd,t,n − δDAd,t,m + δRTd,t,m)

]
+

∑
e,d,t⩾2

τESe,d,t
[
Ee,d,t − Ee,d,t−1 − ηce(s

c,DA
e,d,t + sc,RTe,d,t ) +

sd,DAe,d,t + sd,RTe,d,t

ηde

]
+
∑
e,d

τES,1e,d

[
Ee,d,1 − E0

e − ηce(s
c,DA
e,d,1 + sc,RTe,d,1 ) +

sd,DAe,d,1 + sd,RTe,d,1

ηde

]
+∑

e,d

τES,Te,d (E0
e − Ee,d,T ) +

∑
e,d,t

τES,−e,d,t (Emin
e − Ee,d,t) +

∑
e,d,t

τES,+e,d,t (Ee,d,t − Emax
e )

−
∑
e,d,t

τ c,DA,−e,d,t sc,DAe,d,t +
∑
e,d,t

τ c,DA,+e,d,t (sc,DAe,d,t − smaxe )−
∑
e,d,t

τ c,RT,−e,d,t (sc,DAe,d,t + sc,RTe,d,t )+∑
e,d,t

τ c,RT,+e,d,t (sc,DAe,d,t + sc,RTe,d,t − smaxe )−
∑
e,d,t

τ d,DA,−e,d,t sd,DAe,d,t +
∑
e,d,t

τ d,DA,+e,d,t (sd,DAe,d,t −

smaxe )−
∑
e,d,t

τ d,RT,−e,d,t (sd,DAe,d,t + sd,RTe,d,t ) +
∑
e,d,t

τ d,RT,+e,d,t (sd,DAe,d,t + sd,RTe,d,t − smaxe )

+
∑
d

ζd
[ ∑
i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b)− ηGrid

∑
j,t,o

LDAj,d,t,o
]
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+
∑

i∈IFL,d,t,n,b

µUi,d,t,n,b(g
DA
i,d,t,n,b + gUi,d,t,n,b −Gi,n,b)+∑

i∈IFL,d,t,n,b

µDi,d,t,n,b(g
D
i,d,t,n,b − gDAi,d,t,n,b)−

∑
i∈IFL,d,t,n,b

ϕU,−i,d,t,n,bg
U
i,d,t,n,b+∑

i∈IFL,d,t,n,b

ϕU,+i,d,t,n,b(g
U
i,d,t,n,b −GU

i,b)−
∑

i∈IFL,d,t,n,b

ϕD,−i,d,t,n,bg
D
i,d,t,n,b+∑

i∈IFL,d,t,n,b

ϕD,+i,d,t,n,b(g
D
i,d,t,n,b −GD

i,b) +
∑

i∈IMR,d,t,n

γi,d,t,n(g
DA
i,d,t,n −Gi,n)+∑

i∈IRE ,d,t,n

θi,d,t,n(g
DA
i,d,t,n − kREi,d,tGi,n) +

∑
d,t,n,m∈Λn

νDA,−d,t,n,m[−C
max
nm − bnm(δ

DA
d,t,n−

δDAd,t,m)] +
∑

d,t,n,m∈Λn

νDA,+d,t,n,m[bnm(δ
DA
d,t,n − δDAd,t,m)− Cmax

nm ]+∑
d,t,n

ξDA,−d,t,n (−π − δDAd,t,n) +
∑
d,t,n

ξDA,+d,t,n (δDAd,t,n − π) +
∑
d,t,n=1

ξDA,refd,t δDA,refd,t +∑
d,t,n,m∈Λn

νRT,−d,t,n,m[−C
max
nm − bnm(δ

RT
d,t,n − δRTd,t,m)] +

∑
d,t,n,m∈Λn

νRT,+d,t,n,m[bnm(δ
RT
d,t,n

− δRTd,t,m)− Cmax
nm ] +

∑
d,t,n

ξRT,−d,t,n (−π − δRTd,t,n) +
∑
d,t,n

ξRT,+d,t,n (δRTd,t,n − π)+∑
d,t,n=1

ξRT,refd,t δRT,refd,t +
∑
j,d,t,o

ψ−
j,d,t,o[(1− α)LDAj,d,t,o − PDA

j,d,t,o]+∑
j,d,t,o

ψ+
j,d,t,o[P

DA
j,d,t,o − (1 + α)LDAj,d,t,o] +

∑
j,d

σj,d
∑
t,o

LSHj,d,t,o+∑
j,d,t

χSH,−j,d,t [Φ−1(1− ρL)αsLj,d,t − αmL
j,d,t −

∑
o

LSHj,d,t,o]+∑
j,d,t

χSH,+j,d,t [Φ−1(1− ρL)αsLj,d,t − αmL
j,d,t +

∑
o

LSHj,d,t,o]+∑
i∈IRE ,d,t,n

χREi,d,t,n[Φ
−1(1− ρRE)sREi,d,t,n −mRE

i,d,t,n + gDAi,d,t,n − gdevi,d,t,n]+∑
j,d,t

χLj,d,t[Φ
−1(1− ρL)sLj,d,t +mL

j,d,t +
∑
o

LSHj,d,t,o −
∑
o

P dev
j,d,t,o −

∑
o

PDA
j,d,t,o]

(7.48)

Drawing from the Lagrangian function (7.48), the KKT optimality conditions are listed
as follows:

KKT equality conditions : (7.10) − (7.14), (7.25) − (7.26), (7.29), (7.32), (7.34) (7.49)

LL1 KKT stationarity conditions :

∂LLL1
∂PDA

j,d,t,o

= λDAd,t,n + ψ+
j,d,t,o − ψ−

j,d,t,o − χLj,d,t = 0 ∀j ∈ Ψn, ∀d, ∀t, ∀n, ∀o (7.50)
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∂LLL1
∂gDAi,d,t,n,b

= CEN
i,b −λDAd,t,n+η

CO2
i ζd+µ

U
i,d,t,n,b−µDi,d,t,n,b = 0 ∀i ∈ IFL∩Ψn, ∀d, ∀t, ∀n, ∀b

(7.51)
∂LLL1
∂gDAi,d,t,n

= CEN
i − λDAd,t,n + γi,d,t,n = 0 ∀i ∈ IMR ∩Ψn, ∀d, ∀t, ∀n (7.52)

∂LLL1
∂gDAi,d,t,n

= −λDAd,t,n + θi,d,t,n + χREi,d,t,n = 0 ∀i ∈ IRE ∩Ψn, ∀d, ∀t, ∀n (7.53)

∂LLL1
∂gUi,d,t,n,b

=CU
i,b − λRTd,t,n + ηCO2

i ζd + µUi,d,t,n,b − ϕU,−i,d,t,n,b + ϕU,+i,d,t,n,b = 0

∀i ∈ IFL ∩Ψn, ∀d, ∀t, ∀n, ∀b
(7.54)

∂LLL1
∂gDi,d,t,n,b

=− CD
i,b + λRTd,t,n − ηCO2

i ζd + µDi,d,t,n,b − ϕD,−i,d,t,n,b + ϕD,+i,d,t,n,b = 0

∀i ∈ IFL ∩Ψn, ∀d, ∀t, ∀n, ∀b
(7.55)

∂LLL1
∂P dev

j,d,t,o

= λRTd,t,n − χLj,d,t = 0 ∀j ∈ Ψn, ∀d, ∀t (7.56)

∂LLL1
∂gdevi,d,t,n

= λRTd,t,n − χREi,d,t,n = 0 ∀i ∈ IRE ∩Ψn, ∀d, ∀t, ∀n (7.57)

∂LLL1
∂Ee,d,t

= τESe,d,t − τESe,d,t+1 + τES,+e,d,t − τES,−e,d,t = 0 ∀e, ∀d, ∀t ⩽ T − 1 (7.58)

∂LLL1
∂Ee,d,T

= τESe,d,T − τES,Te,d + τES,+e,d,T − τES,−e,d,T = 0 ∀e, ∀d (7.59)

∂LLL1
∂sc,DAe,d,t

= λDAd,t,n−ηceτESe,d,t+τ
c,DA,+
e,d,t −τ c,DA,−e,d,t +τ c,RT,+e,d,t −τ c,RT,−e,d,t = 0 ∀e, ∀d, ∀t (7.60)

∂LLL1
∂sd,DAe,d,t

= −λDAd,t,n+
τESe,d,t
ηde

+τ d,DA,+e,d,t −τ d,DA,−e,d,t +τ d,RT,+e,d,t −τ d,RT,−e,d,t = 0 ∀e, ∀d, ∀t (7.61)

∂LLL1
∂sc,RTe,d,t

= λRTd,t,n − ηceτ
ES
e,d,t + τ c,RT,+e,d,t − τ c,RT,−e,d,t = 0 ∀e, ∀d, ∀t (7.62)

∂LLL1
∂sd,RTe,d,t

= −λRTd,t,n +
τESe,d,t
ηde

+ τ d,RT,+e,d,t − τ d,RT,−e,d,t = 0 ∀e, ∀d, ∀t (7.63)

∂LLL1
∂δDAd,t,n

=
∑
m∈Λn

bnm(λ
DA
d,t,n − λDAd,t,m)−

∑
m∈Λn

bnm(λ
RT
d,t,n − λRTd,t,m)+∑

m∈Λn

bnm(ν
DA,+
d,t,n,m − νDA,+d,t,m,n)−

∑
m∈Λn

bnm(ν
DA,−
d,t,n,m − νDA,−d,t,m,n) + ξDA,+d,t,n

− ξDA,−d,t,n + (ξDA,refd,t )n=1 = 0 ∀d, ∀t, ∀n

(7.64)
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∂LLL1
∂δRTd,t,n

=
∑
m∈Λn

bnm(λ
RT
d,t,n − λRTd,t,m) +

∑
m∈Λn

bnm(ν
RT,+
d,t,n,m − νRT,+d,t,m,n)−∑

m∈Λn

bnm(ν
RT,−
d,t,n,m − νRT,−d,t,m,n) + ξRT,+d,t,n − ξRT,−d,t,n + (ξRT,refd,t )n=1 = 0 ∀d, ∀t, ∀n

(7.65)

∂LLL1
∂LSHj,d,t,o

= σj,d + χSH,+j,d,t − χSH,−j,d,t + χLj,d,t = 0 ∀j ∈ Ψn, ∀d, ∀t, ∀n (7.66)

LL1 KKT complementarity conditions :

0 ⩽ (Ee,d,t − Emin
e ) ⊥ τES,−e,d,t ⩾ 0 ∀e, ∀d, ∀t (7.67)

0 ⩽ (Emax
e − Ee,d,t) ⊥ τES,+e,d,t ⩾ 0 ∀e, ∀d, ∀t (7.68)

0 ⩽ sc,DAe,d,t ⊥ τ c,DA,−e,d,t ⩾ 0 ∀e, ∀d, ∀t (7.69)

0 ⩽ (smaxe − sc,DAe,d,t ) ⊥ τ c,DA,+e,d,t ⩾ 0 ∀e, ∀d, ∀t (7.70)

0 ⩽ (sc,DAe,d,t + sc,RTe,d,t ) ⊥ τ c,RT,−e,d,t ⩾ 0 ∀e, ∀d, ∀t (7.71)

0 ⩽ (smaxe − sc,DAe,d,t − sc,RTe,d,t ) ⊥ τ c,RT,+e,d,t ⩾ 0 ∀e, ∀d, ∀t (7.72)

0 ⩽ sd,DAe,d,t ⊥ τ d,DA,−e,d,t ⩾ 0 ∀e, ∀d, ∀t (7.73)

0 ⩽ (smaxe − sd,DAe,d,t ) ⊥ τ d,DA,+e,d,t ⩾ 0 ∀e, ∀d, ∀t (7.74)

0 ⩽ (sd,DAe,d,t + sd,RTe,d,t ) ⊥ τ d,RT,−e,d,t ⩾ 0 ∀e, ∀d, ∀t (7.75)

0 ⩽ (smaxe − sd,DAe,d,t − sd,RTe,d,t ) ⊥ τ d,RT,+e,d,t ⩾ 0 ∀e, ∀d, ∀t (7.76)

0 ⩽
[
ηGrid

∑
j,t,o

LDAj,d,t,o −
∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b)

]
⊥ ζd ⩾ 0 ∀d

(7.77)
0 ⩽ (Gi,n,b − gDAi,d,t,n,b − gUi,d,t,n,b) ⊥ µUi,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.78)

0 ⩽ (gDAi,d,t,n,b − gDi,d,t,n,b) ⊥ µDi,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.79)

0 ⩽ gUi,d,t,n,b ⊥ ϕU,−i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.80)

0 ⩽ (GU
i,b − gUi,d,t,n,b) ⊥ ϕU,+i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.81)

0 ⩽ gDi,d,t,n,b ⊥ ϕD,−i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.82)

0 ⩽ (GD
i,b − gDi,d,t,n,b) ⊥ ϕD,+i,d,t,n,b ⩾ 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.83)

0 ⩽
[
Cmax
nm + bnm(δ

DA
d,t,n − δDAd,t,m)

]
⊥ νDA,−d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (7.84)

0 ⩽
[
Cmax
nm − bnm(δ

DA
d,t,n − δDAd,t,m)

]
⊥ νDA,+d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (7.85)
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0 ⩽ (π + δDAd,t,n) ⊥ ξDA,−d,t,n ⩾ 0 ∀d, ∀t, ∀n (7.86)

0 ⩽ (π − δDAd,t,n) ⊥ ξDA,+d,t,n ⩾ 0 ∀d, ∀t, ∀n (7.87)

0 ⩽
[
Cmax
nm + bnm(δ

RT
d,t,n − δRTd,t,m)

]
⊥ νRT,−d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (7.88)

0 ⩽
[
Cmax
nm − bnm(δ

RT
d,t,n − δRTd,t,m)

]
⊥ νRT,+d,t,n,m ⩾ 0 ∀d, ∀t, ∀n, ∀m ∈ Λn (7.89)

0 ⩽ (π + δRTd,t,n) ⊥ ξRT,−d,t,n ⩾ 0 ∀d, ∀t, ∀n (7.90)

0 ⩽ (π − δRTd,t,n) ⊥ ξRT,+d,t,n ⩾ 0 ∀d, ∀t, ∀n (7.91)

0 ⩽
[
PDA
j,d,t,o − (1− α)LDAj,d,t,o

]
⊥ ψ−

j,d,t,o ⩾ 0 ∀j, ∀d, ∀t, ∀o (7.92)

0 ⩽
[
(1 + α)LDAj,d,t,o − PDA

j,d,t,o

]
⊥ ψ+

j,d,t,o ⩾ 0 ∀j, ∀d, ∀t, ∀o (7.93)

0 ⩽
[
αmL

j,d,t +
∑
o

LSHj,d,t,o − Φ−1(1− ρL)αsLj,d,t
]
⊥ χSH,−j,d,t ⩾ 0 ∀j, ∀d, ∀t (7.94)

0 ⩽
[
αmL

j,d,t −
∑
o

LSHj,d,t,o − Φ−1(1− ρL)αsLj,d,t
]
⊥ χSH,+j,d,t ⩾ 0 ∀j, ∀d, ∀t (7.95)

0 ⩽
[
mRE
i,d,t,n−gDAi,d,t,n+gdevi,d,t,n−Φ−1(1−ρRE)sREi,d,t,n

]
⊥ χREi,d,t,n ⩾ 0 ∀i ∈ IRE, ∀d, ∀t, ∀n

(7.96)
0 ⩽

[
−mL

j,d,t −
∑
o

LSHj,d,t,o +
∑
o

P dev
j,d,t,o +

∑
o

PDA
j,d,t,o − Φ−1(1− ρL)sLj,d,t

]
⊥ χLj,d,t ⩾ 0

∀j, ∀d, ∀t
(7.97)

Deriving the KKT optimality conditions for the LL1 problem is a key step in transi-
tioning the bi-level optimisation model to a single-level MPEC, which is organised into
three main categories: i) KKT equality conditions (7.49), ii) KKT stationarity conditions
(7.50)-(7.66), and iii) KKT complementarity conditions (7.67)-(7.97).

Final MPEC Formulation

By integrating the equivalent LL1 KKT optimality conditions along with the LL2 prob-
lem’s constraints, the comprehensive formulation of the MPEC is represented as follows:

max
VMPEC

∑
d

ωd

[ ∑
i∈Ψn,t,n,b

λDAd,t,ng
DA
i,d,t,n,b −

∑
i,t,n,b

CEN
i,b g

DA
i,d,t,n,b+∑

i∈IFL∩Ψn,t,n,b

λRTd,t,n(g
U
i,d,t,n,b − gDi,d,t,n,b)−

∑
i∈IFL,t,n,b

(CU
i,bg

U
i,d,t,n,b − CD

i,bg
D
i,d,t,n,b)

+
∑

i∈IRE∩Ψn,t,n

λRTd,t,ng
dev
i,d,t,n −

∑
i∈IFL,t,n

λCO2Qemi
i,d,t,n +

∑
i∈IRE ,t,n

λCO2QCA
i,d,t,n
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+
∑
i∈IRE

(λPGCi,d QPGC
i,d + λFGCQFGC

i,d )

]
−
∑
i,n

CIN
i Gi,n (7.98)

where:

V MPEC = V UL ∪ V LL1 ∪ V LL2 ∪ V DUAL (7.99)

V DUAL =
{
λDAd,t,n, λ

RT
d,t,n, τ

ES
e,d,t, τ

ES,1
e,d , τES,Te,d , τES,−e,d,t , τ

ES,+
e,d,t , τ

c,DA,−
e,d,t , τ c,DA,+e,d,t , τ c,RT,−e,d,t ,

τ c,RT,+e,d,t , τ d,DA,−e,d,t , τ d,DA,+e,d,t , τ d,RT,−e,d,t , τ d,RT,+e,d,t , ζd, µ
U
i,d,t,n,b, µ

D
i,d,t,n,b, ϕ

U,−
i,d,t,n,b,

ϕU,+i,d,t,n,b, ϕ
D,−
i,d,t,n,b, ϕ

D,+
i,d,t,n,b, γi,d,t,n, θi,d,t,n, ν

DA,−
d,t,n,m, ν

DA,+
y,t,n,m, ξ

DA,−
d,t,n , ξDA,+d,t,n ,

ξDA,refd,t , νRT,−d,t,n,m, ν
RT,+
d,t,n,m, ξ

RT,−
d,t,n , ξ

RT,+
d,t,n , ξ

RT,ref
d,t , ψ−

j,d,t,o, ψ
+
j,d,t,o, σj,d, χ

SH,−
j,d,t ,

χSH,+j,d,t χ
RE
i,d,t,n, χ

L
j,d,t

}
(7.100)

subject to:
UL constraints : (7.3) − (7.7) (7.101)

LL1 KKT equality conditions : (7.49) (7.102)

LL1 KKT stationarity conditions : (7.50) − (7.66) (7.103)

LL1 KKT complementarity conditions : (7.67) − (7.97) (7.104)

LL2 constraints : (7.39) − (7.40) (7.105)

7.4.3 Linearization of MPEC

To transform the nonlinear MPEC into a MIQC that is more compatible with the com-
mercial branch-and-cut solvers, this subsection outlines the necessary linearization steps.
The nonlinearities within the MPEC arise from two primary sources: the KKT comple-
mentarity conditions associated with the LL1 problem (7.104), and the bilinear terms
present in the GenCo’s profit, as represented by the MPEC’s objective function (7.98).

Linearization of KKT Complementarity Conditions

The big-M method is adopted to decompose the KKT complementarity condition into
a set of linear conditions mixed with binary variables. Specifically, a represents a primal
variable in KKT conditions, and b represents the corresponding dual variable. The result-
ing equivalent mixed-integer linear conditions are formulated as follows: {a ⩾ 0, b ⩾

0, a ⩽ βMa, b ⩽ (1 − β)M b, β ∈ {0, 1}}. Note that Ma and M b identify the large
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positive constants. Following this linearization approach, the KKT complementarity con-
ditions corresponding to the LL1 problem (7.104) are converted into a group of disjunctive
constraints. These disjunctive constraints are formulated as follows:

V BINARY =

{
βE,−e,d,t, β

E,+
e,d,t, β

c,DA,−
e,d,t , βc,DA,+e,d,t , βc,RT,−e,d,t , βc,RT,+e,d,t , βd,DA,−e,d,t , βd,DA,+e,d,t , βd,RT,−e,d,t ,

βd,RT,+e,d,t , βCO2
d , βUi,d,t,n,b, β

D
i,d,t,n,b, β

U,−
i,d,t,n,b, β

U,+
i,d,t,n,b, β

D,−
i,d,t,n,b, β

D,+
i,d,t,n,b,

βDA,net,−d,t,n,m , βDA,net,+d,t,n,m , βDA,π,−d,t,n , βDA,π,+d,t,n , βRT,net,−d,t,n,m , βRT,net,+d,t,n,m , βRT,π,−d,t,n ,

βRT,π,+d,t,n , βPDA,−j,d,t,o , βPDA,+j,d,t,o , βSH,−j,d,t , β
SH,+
j,d,t , β

RE
i,d,t,n, β

L
j,d,t

}
(7.106)

0 ⩽ Ee,d,t − Emin
e ⩽ βE,−e,d,tM ∀e, ∀d, ∀t (7.107)

0 ⩽ τES,−e,d,t ⩽ (1− βE,−e,d,t)M ∀e, ∀d, ∀t (7.108)

0 ⩽ Emax
e − Ee,d,t ⩽ βE,+e,d,tM ∀e, ∀d, ∀t (7.109)

0 ⩽ τES,+e,d,t ⩽ (1− βE,+e,d,t)M ∀e, ∀d, ∀t (7.110)

0 ⩽ sc,DAe,d,t ⩽ βc,DA,−e,d,t M ∀e, ∀d, ∀t (7.111)

0 ⩽ τ c,DA,−e,d,t ⩽ (1− βc,DA,−e,d,t )M ∀e, ∀d, ∀t (7.112)

0 ⩽ smaxe − sc,DAe,d,t ⩽ βc,DA,+e,d,t M ∀e, ∀d, ∀t (7.113)

0 ⩽ τ c,DA,+e,d,t ⩽ (1− βc,DA,+e,d,t )M ∀e, ∀d, ∀t (7.114)

0 ⩽ sc,DAe,d,t + sc,RTe,d,t ⩽ βc,RT,−e,d,t M ∀e, ∀d, ∀t (7.115)

0 ⩽ τ c,RT,−e,d,t ⩽ (1− βc,RT,−e,d,t )M ∀e, ∀d, ∀t (7.116)

0 ⩽ smaxe − sc,DAe,d,t − sc,RTe,d,t ⩽ βc,RT,+e,d,t M ∀e, ∀d, ∀t (7.117)

0 ⩽ τ c,RT,+e,d,t ⩽ (1− βc,RT,+e,d,t )M ∀e, ∀d, ∀t (7.118)

0 ⩽ sd,DAe,d,t ⩽ βd,DA,−e,d,t M ∀e, ∀d, ∀t (7.119)

0 ⩽ τ d,DA,−e,d,t ⩽ (1− βd,DA,−e,d,t )M ∀e, ∀d, ∀t (7.120)

0 ⩽ smaxe − sd,DAe,d,t ⩽ βd,DA,+e,d,t M ∀e, ∀d, ∀t (7.121)

0 ⩽ τ d,DA,+e,d,t ⩽ (1− βd,DA,+e,d,t )M ∀e, ∀d, ∀t (7.122)

0 ⩽ sd,DAe,d,t + sd,RTe,d,t ⩽ βd,RT,−e,d,t M ∀e, ∀d, ∀t (7.123)

0 ⩽ τ d,RT,−e,d,t ⩽ (1− βd,RT,−e,d,t )M ∀e, ∀d, ∀t (7.124)

0 ⩽ smaxe − sd,DAe,d,t − sd,RTe,d,t ⩽ βd,RT,+e,d,t M ∀e, ∀d, ∀t (7.125)
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0 ⩽ τ d,RT,+e,d,t ⩽ (1− βd,RT,+e,d,t )M ∀e, ∀d, ∀t (7.126)

0 ⩽ ηGrid
∑
j,t,o

LDAj,d,t,o −
∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ⩽ βCO2

d M ∀d

(7.127)
0 ⩽ ζd ⩽ (1− βCO2

d )M ∀d (7.128)

0 ⩽ Gi,n,b − gDAi,d,t,n,b − gUi,d,t,n,b ⩽ βUi,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.129)

0 ⩽ µUi,d,t,n,b ⩽ (1− βUi,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.130)

0 ⩽ gDAi,d,t,n,b − gDi,d,t,n,b ⩽ βDi,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.131)

0 ⩽ µDi,d,t,n,b ⩽ (1− βDi,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.132)

0 ⩽ gUi,d,t,n,b ⩽ βU,−i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.133)

0 ⩽ ϕU,−i,d,t,n,b ⩽ (1− βU,−i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.134)

0 ⩽ GU
i,b − gUi,d,t,n,b ⩽ βU,+i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.135)

0 ⩽ ϕU,+i,d,t,n,b ⩽ (1− βU,+i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.136)

0 ⩽ gDi,d,t,n,b ⩽ βD,−i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.137)

0 ⩽ ϕD,−i,d,t,n,b ⩽ (1− βD,−i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.138)

0 ⩽ GD
i,b − gDi,d,t,n,b ⩽ βD,+i,d,t,n,bM ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.139)

0 ⩽ ϕD,+i,d,t,n,b ⩽ (1− βD,+i,d,t,n,b)M ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.140)

0 ⩽ Cmax
nm + bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ βDA,net,−d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (7.141)

0 ⩽ νDA,−d,t,n,m ⩽ (1− βDA,net,−d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (7.142)

0 ⩽ Cmax
nm − bnm(δ

DA
d,t,n − δDAd,t,m) ⩽ βDA,net,+d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (7.143)

0 ⩽ νDA,+d,t,n,m ⩽ (1− βDA,net,+d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (7.144)

0 ⩽ π + δDAd,t,n ⩽ βDA,π,−d,t,n M ∀d, ∀t, ∀n (7.145)

0 ⩽ ξDA,−d,t,n ⩽ (1− βDA,π,−d,t,n )M ∀d, ∀t, ∀n (7.146)

0 ⩽ π − δDAd,t,n ⩽ βDA,π,+d,t,n M ∀d, ∀t, ∀n (7.147)

0 ⩽ ξDA,+d,t,n ⩽ (1− βDA,π,+d,t,n )M ∀d, ∀t, ∀n (7.148)

0 ⩽ Cmax
nm + bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ βRT,net,−d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (7.149)

0 ⩽ νRT,−d,t,n,m ⩽ (1− βRT,net,−d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (7.150)
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0 ⩽ Cmax
nm − bnm(δ

RT
d,t,n − δRTd,t,m) ⩽ βRT,net,+d,t,n,m M ∀d, ∀t, ∀n, ∀m ∈ Λn (7.151)

0 ⩽ νRT,+d,t,n,m ⩽ (1− βRT,net,+d,t,n,m )M ∀d, ∀t, ∀n, ∀m ∈ Λn (7.152)

0 ⩽ π + δRTd,t,n ⩽ βRT,π,−d,t,n M ∀d, ∀t, ∀n (7.153)

0 ⩽ ξRT,−d,t,n ⩽ (1− βRT,π,−d,t,n )M ∀d, ∀t, ∀n (7.154)

0 ⩽ π − δRTd,t,n ⩽ βRT,π,+d,t,n M ∀d, ∀t, ∀n (7.155)

0 ⩽ ξRT,+d,t,n ⩽ (1− βRT,π,+d,t,n )M ∀d, ∀t, ∀n (7.156)

0 ⩽ PDA
j,d,t,o − (1− α)LDAj,d,t,o ⩽ βPDA,−j,d,t,o M ∀j, ∀d, ∀t, ∀o (7.157)

0 ⩽ ψ−
j,d,t,o ⩽ (1− βPDA,−j,d,t,o )M ∀j, ∀d, ∀t, ∀o (7.158)

0 ⩽ (1 + α)LDAj,d,t,o − PDA
j,d,t,o ⩽ βPDA,+j,d,t,o M ∀j, ∀d, ∀t, ∀o (7.159)

0 ⩽ ψ+
j,d,t,o ⩽ (1− βPDA,+j,d,t,o )M ∀j, ∀d, ∀t, ∀o (7.160)

0 ⩽ αmL
j,d,t +

∑
o

LSHj,d,t,o − Φ−1(1− ρL)αsLj,d,t ⩽ βSH,−j,d,t M ∀j, ∀d, ∀t (7.161)

0 ⩽ χSH,−j,d,t ⩽ (1− βSH,−j,d,t )M ∀j, ∀d, ∀t (7.162)

0 ⩽ αmL
j,d,t −

∑
o

LSHj,d,t,o − Φ−1(1− ρL)αsLj,d,t ⩽ βSH,+j,d,t M ∀j, ∀d, ∀t (7.163)

0 ⩽ χSH,+j,d,t ⩽ (1− βSH,+j,d,t )M ∀j, ∀d, ∀t (7.164)

0 ⩽ mRE
i,d,t,n − gDAi,d,t,n + gdevi,d,t,n − Φ−1(1− ρRE)sREi,d,t,n ⩽ βREi,d,t,nM ∀i ∈ IRE, ∀d, ∀t, ∀n

(7.165)
0 ⩽ χREi,d,t,n ⩽ (1− βREi,d,t,n)M ∀i ∈ IRE, ∀d, ∀t, ∀n (7.166)

0 ⩽ −mL
j,d,t −

∑
o

LSHj,d,t,o +
∑
o

P dev
j,d,t,o +

∑
o

PDA
j,d,t,o − Φ−1(1− ρL)sLj,d,t ⩽ βLj,d,tM

∀j, ∀d, ∀t
(7.167)

0 ⩽ χLj,d,t ⩽ (1− βLj,d,t)M ∀j, ∀d, ∀t (7.168)

Linearization of GenCo’s Profit

In order to deal with the challenge of bilinear terms in GenCo’s profit within the
MPEC’s objective function (7.98), the strong duality theorem and the KKT optimality
conditions are leveraged to uncover implicit linear forms of these bilinear terms, thereby
facilitating their incorporation into the model in a linearized structure.

Specifically, the bilinear terms (
∑

i∈I λ
DA
d,t,n g

DA
i,d,t,n,b,

∑
i∈IFL λRTd,t,n g

U
i,d,t,n,b,

∑
i∈IFL
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λRTd,t,n g
D
i,d,t,n,b,

∑
i∈IRE λRTd,t,n g

dev
i,d,t,n, and

∑
i∈IRE λPGCi,d QPGC

i,d ) of the MPEC’s objective
function (7.98) need to be restructured as their linearized form by adopting the strong
duality theorem and the KKT optimality conditions. The derivation process is detailed as
follows.

First, in order to linearize the bilinear term
∑

i∈I λ
DA
d,t,n g

DA
i,d,t,n,b, the KKT stationarity

condition (7.51) is rearranged as:

λDAd,t,n = CEN
i,b + ηCO2

i ζd + µUi,d,t,n,b − µDi,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.169)

Multiplying both sides by gDAi,d,t,n,b (∀i ∈ IFL), it renders:

λDAd,t,ng
DA
i,d,t,n,b =C

EN
i,b g

DA
i,d,t,n,b + ηCO2

i ζdg
DA
i,d,t,n,b + µUi,d,t,n,bg

DA
i,d,t,n,b

− µDi,d,t,n,bg
DA
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b

(7.170)

Given that the term (7.170) exclusively accounts for the DA energy revenue derived
from flexible generators, the same linearization procedure can be applied to address the
revenue from must-run and renewable generators. Therefore, the KKT stationarity condi-
tion (7.52) is rewritten as:

λDAd,t,n = CEN
i + γi,d,t,n ∀i ∈ IMR, ∀d, ∀t, ∀n (7.171)

Similarly, multiplying both sides by gDAi,d,t,n (∀i ∈ IMR), it gives:

λDAd,t,ng
DA
i,d,t,n = CEN

i gDAi,d,t,n + γi,d,t,ng
DA
i,d,t,n ∀i ∈ IMR, ∀d, ∀t, ∀n (7.172)

Subsequently, after the LL1 constraint (7.25) is plugged into (7.172), it renders:

λDAd,t,ng
DA
i,d,t,n = CEN

i gDAi,d,t,n + γi,d,t,nGi,n ∀i ∈ IMR, ∀d, ∀t, ∀n (7.173)

It should be emphasised that in terms of the realisation for renewable power generation,
its mean is set as the DA renewable generation dispatch gDAi,d,t,n(∀i ∈ IRE), and its standard
deviation is assumed to be proportional to the DA renewable generation dispatch. The
specific setting will be detailed in the section on the case study. As a result, the chance
constraint pertaining to renewable power production (7.46) should be rewritten as below:

gdevi,d,t,n ⩾ Φ−1(1− ρRE)ΓgDAi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (7.174)

where Γ identifies the proportion of wind power deviation with respect to DA renewable
generation dispatch.
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Thus, the KKT stationarity condition (7.53) should be reformulated as follows:

−λDAd,t,n + θi,d,t,n + Φ−1(1− ρRE)ΓχREi,d,t,n = 0 ∀i ∈ IRE, ∀d, ∀t, ∀n (7.175)

Then, rearranging the terms in the KKT stationarity condition (7.175) and multiplying
both sides by gDAi,d,t,n(i ∈ IRE), the energy revenue from renewable generation is recast as
below:

λDAd,t,ng
DA
i,d,t,n = θi,d,t,ng

DA
i,d,t,n+Φ−1(1−ρRE)ΓχREi,d,t,ngDAi,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n (7.176)

By substituting the LL1 constraint (7.26) into the above expression (7.176), it further
produces:

λDAd,t,ng
DA
i,d,t,n = θi,d,t,nk

RE
i,d,tGi,n + Φ−1(1− ρRE)ΓχREi,d,t,ng

DA
i,d,t,n ∀i ∈ IRE, ∀d, ∀t, ∀n

(7.177)

In conclusion, the bilinear DA energy revenue, which is a critical component of the
GenCo’s profit, can be equivalently expressed by combining the expressions (7.170),
(7.173), and (7.177) with respect to different generation technologies.

The next step is to deal with the bilinear terms related to the RT reserve revenues∑
i∈IFL λRTd,t,n g

U
i,d,t,n,b and

∑
i∈IFL λRTd,t,n g

D
i,d,t,n,b. To this end, we first rearrange the terms

in the KKT stationarity conditions (7.54) and (7.55), and then multiplying both sides by
gUi,d,t,n,b and gDi,d,t,n,b, respectively, it renders:
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U
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U
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i ζdg
U
i,d,t,n,b + µUi,d,t,n,bg

U
i,d,t,n,b − ϕU,−i,d,t,n,bg

U
i,d,t,n,b+

ϕU,+i,d,t,n,bg
U
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(7.178)
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D
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(7.179)

Furthermore, by employing the KKT complementarity conditions (7.80) - (7.83), we
obtain the following expressions:

gUi,d,t,n,bϕ
U,−
i,d,t,n,b = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.180)

GU
i,bϕ

U,+
i,d,t,n,b = gUi,d,t,n,bϕ

U,+
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.181)

gDi,d,t,n,bϕ
D,−
i,d,t,n,b = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.182)
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GD
i,bϕ

D,+
i,d,t,n,b = gDi,d,t,n,bϕ

D,+
i,d,t,n,b ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.183)

By substituting KKT complementarity conditions (7.180)-(7.183) into the equations
for RT upward and downward reserve revenues, denoted as (7.178) and (7.179) respec-
tively, it gives:
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(7.184)
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(7.185)

After this, the bilinear term of the renewable deviation penalty
∑

i∈IRE λRTd,t,n g
dev
i,d,t,n

should be addressed. To this end, we employ the KKT complementarity condition (7.96)
related to the uncertainty of renewable power production and reformulate it as follows:

[
−gdevi,d,t,n − Φ−1(1− ρRE)ΓgDAi,d,t,n

]
χREi,d,t,n = 0 ∀i ∈ IRE, ∀d, ∀t, ∀n (7.186)

By combining the KKT stationarity condition (7.57) with the complementary expres-
sion (7.186), the bilinear term λRTd,t,n g

dev
i,d,t,n is recast as follows:
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(7.187)

Collectively, an alternative representation for the first four bilinear terms in the MPEC’s
objective function (the left side of the following equation) can be derived by integrating
the expressions of (7.170), (7.173), (7.177), (7.184), (7.185), (7.187), and summing over
their respective indices, which is formulated as follows:∑
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(7.188)
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It is observable that some nonlinear terms on the right side of equation (7.188) can be
eliminated through the application of the KKT complementarity conditions (7.77), (7.78)
and (7.79), which are expressed as below:

ζdη
Grid

∑
j,t,o

LDAj,d,t,o = ζd
∑

i∈IFL,t,n,b

ηCO2
i (gDAi,d,t,n,b + gUi,d,t,n,b − gDi,d,t,n,b) ∀d (7.189)

µUi,d,t,n,bGi,n,b = µUi,d,t,n,b(g
DA
i,d,t,n,b + gUi,d,t,n,b) ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.190)

µDi,d,t,n,b(g
DA
i,d,t,n,b − gDi,d,t,n,b) = 0 ∀i ∈ IFL, ∀d, ∀t, ∀n, ∀b (7.191)

By substituting the above KKT complementarity conditions (7.189)-(7.191) into the
equation (7.188), the representation for the first four bilinear terms in the MPEC’s objec-
tive function can be partially linearized, which is given as follows:∑
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Nonetheless, it is noticeable that the presence of the nonlinearities posed by the last
three bilinear terms of equation (7.192) needs to be further addressed. In order to remove
these non-linearities, with the joint inclusion of the demand flexibility and the ES model
into the LL1 problem, the strong duality theorem of the LL1 problem is expressed as
follows:∑
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By applying the strong duality equation (7.193), the bilinear function formulated on
the left side of equation (7.194) can be ultimately linearized as follows:∑
i∈I,d,t,n,b

λDAd,t,ng
DA
i,d,t,n,b +

∑
i∈IFL,d,t,n,b

λRTd,t,n(g
U
i,d,t,n,b − gDi,d,t,n,b)−

∑
i∈IRE ,d,t,n

λRTd,t,ng
dev
i,d,t,n =

−
∑
e,d

E0
e (τ

ES,1
e,d − τES,Te,d )−

∑
e,d,t

Emax
e τES,+e,d,t +

∑
e,d,t

Emin
e τES,−e,d,t −

∑
e,d,t

smaxe τ c,DA,+e,d,t

−
∑
e,d,t

smaxe τ c,RT,+e,d,t −
∑
e,d,t

smaxe τ d,DA,+e,d,t −
∑
e,d,t

smaxe τ d,RT,+e,d,t

−
∑

d,t,n,m∈Λn

Cmax
nm (νDA,−d,t,n,m + νDA,+d,t,n,m)−

∑
d,t,n,m∈Λn

Cmax
nm (νRT,−d,t,n,m + νRT,+d,t,n,m)

−
∑
d,t,n

π(ξDA,−d,t,n + ξDA,+d,t,n )−
∑
d,t,n

π(ξRT,−d,t,n + ξRT,+d,t,n )−
∑
j,d,t,o

(1 + α)LDAj,d,t,oψ
+
j,d,t,o

+
∑
j,d,t,o

(1− α)LDAj,d,t,oψ
−
j,d,t,o +

∑
j,d,t

α
[
Φ−1(1− ρL)sLj,d,t −mL

j,d,t

]
(χSH,−j,d,t + χSH,+j,d,t )

+
∑
j,d,t

[
Φ−1(1− ρL)sLj,d,t +mL

j,d,t

]
χLj,d,t (7.194)

The final step is to handle the last bilinear term related to the TGC revenue
∑

i∈IRE
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i,d . It can be converted into a quadratic term by adopting LL2 constraint (7.39),

which is presented as follows:∑
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The final step is the substitution of expressions from (7.194) and (7.195) into the bi-
linear MPEC’s objective function (7.98). Finally, the GenCo’s profit is replaced by the
following linear expression:
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7.4.4 Final MIQP

With the aid of linearization techniques, the MPEC is effectively converted into a
MIQP, which facilitates an efficient resolution. The objective function of the MIQP
(7.197) represents the GenCo’s profit in a linear form. The MIQP’s variable set (7.198)
is a combination of MPEC’s variable set (7.106) and auxiliary binary variable set for
linearizing LL1 KKT complementarity conditions (7.106). The MIQP’s constraints are
composed of three aspects: i) the original UL constraints (7.199), ii) the linearized KKT
optimality conditions for the LL1 problem (7.200), and iii) the LL2 problem’s constraints
(7.201). The comprehensive formulation of the final MIQP is provided as follows:
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where:

V MIQP = V MPEC ∪ V BINARY (7.198)

subject to:
UL constraints : (7.3) − (7.7) (7.199)

LL1 KKT conditions :

(7.10) − (7.14), (7.25) − (7.26), (7.29), (7.32), (7.34), (7.50) − (7.66), (7.107) − (7.168)
(7.200)

LL2 constraints : (7.39) − (7.40) (7.201)

7.5 Case Studies

7.5.1 Data Descriptions and Implementation

The series of case studies in this section is designed to capture the transformative po-
tential of demand flexibility and utility-scale ES for restructuring the GB’s energy land-
scape to meet the full-decarbonisation target within the 2035 GB deregulated market en-
vironment. Consequently, the necessary data is provided below.

Table 7.1 presents comprehensive data about investment options for the GenCo. It is
noteworthy that in terms of flexible generation technologies, the marginal cost for provid-
ing upward reserve is set at 1.1 times the marginal energy cost; conversely, the marginal
cost for providing downward reserve is set at 0.9 times the marginal energy cost.

Predicted data reflecting the GB power system in 2035 is shown in Table 7.2 [81]. It
should be noted that based on the 2021 GB system demand profile, a projection for the
future 2035 GB demand profile can be established based on the 2035 total system data.
Moreover, the predicted value for demand flexibility in the 2035 GB power system is set
to be 25%, sourced from the authoritative report of NG FES, titled ’A Day in the Life
2035’ [88]. Additionally, the allocation of weights to these blocks is set as [0.1, 0.15,
0.2, 0.25, 0.3], and the demand is also accurately modelled by the five demand blocks,
incorporating weighting factors as [0.6, 0.1, 0.1, 0.1, 0.1]. By virtue of computational
burden, the demand profile is simulated on a representative day with an hourly resolution
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Table 7.1: Parameters of investment options.

Investment option CCGT1 CCGT2 OCGT1 OCGT2 Nuclear Wind
Type Flexible Flexible Flexible Flexible Must-run Renewable

Investment cost CIN (£/MW/yr) 14413 17440 8610 10418 114849 35756
Carbon intensity ηCO2 (t/MWh) 0.39 0.39 0.65 0.65 0 0

Maximum upward reserve capacity GU (MW) 4000 8000 4000 8000 - -
Maximum downward reserve capacity GD (MW) 4000 8000 4000 8000 - -

Marginal energy cost CEN (£/MWh)

Block 1 7.43 20.05 40.99 49.25

4.72 0
Block 2 9.03 24.34 49.78 59.81
Block 3 10.62 28.64 58.56 70.36
Block 4 12.21 32.94 67.34 80.91
Block 5 13.81 37.23 76.13 91.47

(T = {1, 2, . . . , 24}), scaled across a target year (ω = 365) to capture daily fluctuations
in energy consumption and production patterns.

Table 7.2: Parameters of the GB power grid in 2035.

Year 2035
System-wide carbon intensity ηGrid (t/MWh) 0.00
Carbon price λCO2 (£/t) 151.02
Total system demand (TWh) 430.61
Energy capacity Emax (MWh) 7665.47
Power capacity smax (MW) 6682.71
Minimum energy level Emin (MWh) 0.2Emax

Initial energy level E0 (MWh) 0.2Emax

Charging efficiency ηc (%) 90
Discharging efficiency ηd (%) 90

The additional parameters associated with carbon allowance and TGC are essential.
Specifically, the carbon allowance allocation ratio, ϵi, is set as 0.4; the RPS requirement
ratio, γRPS , is set as 40%; the approximated price ratio in the future TGC market, γFGC ,
is set as 0.3; and the price coefficient in the present TGC market, θPGC , is also set as 0.3.
It should be noted that the penalty price for RPS deficiency, λRPS0 , is assumed to be 1.1
times the carbon price.

The related coefficients used in the chance constraints should be given. Overall, the
model sets confidence levels for all the chance constraints at 95% (1 − ρL = 1 − ρRE

= 95%), conveying the ρ-reliable threshold for both demand and wind power produc-
tion uncertainty. The linearized CCP formulations incorporate stochastic variables for
wind power and demand realisations, which are modelled using two normal distributions,
N (mRE, (sRE)2) for wind power and N (mL, (sL)2) for demand. The means of these dis-
tributions (mL and mRE) are aligned with the baseline demand and DA power dispatch,
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respectively. Meanwhile, the standard deviations (sL and sRE), set at 1% of the baseline
demand and 10% of the DA wind power dispatch, respectively, quantify the anticipated
variability around these means.

The case studies for reaching a fully decarbonised GB power system by 2035 further
focus on the crucial role of two flexibility resources: ES and demand flexibility. Specifi-
cally, these cases aim to assess how these flexibility resources can aid in reforming GB’s
generation mix by integrating more RESs. To verify the feasibility of navigating towards a
future zero-carbon power grid, characterised by a substantial share of RESs, three distinct
cases incorporating varying sizes of ES and degrees of demand flexibility are designed
based on the predicted data for the 2035 GB power system, which are detailed as follows:

1. Zero flexibility resources (Z-FR) case: There is a complete lack of demand flexi-
bility and ES installation in the 2035 GB power system built in this case.

2. Baseline of flexibility resources (B-FR) case: The share of demand flexibility in
the 2035 GB power system is 25%. Additionally, the utility-scale ES is installed
with an energy capacity of 7665.47 MWh and a power capacity of 6682.71 MW.
All the data utilised in this case is from the NG FES.

3. High level of flexibility resources (H-FR) case: The proportion of demand flexi-
bility is increased to 50%. Additionally, the size of the utility-scale ES is expanded
to 15330.94 MWh for energy capacity and 13365.42 MW for power capacity. All
the data utilised in this case is double the predicted data provided by the NG FES.

7.5.2 Impact of Flexibility Resources

The comprehensive investment decisions and business results corresponding to the
three flexibility resource scenarios are included in Table 6.4. Furthermore, the charging
and discharging power outputs for the two flexibility resource scenarios across the DA
and RT markets are illustrated in Figures 7.2 and 7.3, respectively. The system demand
profiles for the two flexibility resource scenarios are illustrated in Figure 7.4.

It is important to note that the proposed MIQP model was unable to find a feasible
solution in the Z-FR case, which lacks any flexibility resources. This result is not un-
expected, given that the carbon policies for the 2035 GB power system are significantly
more stringent, targeting complete zero emissions, as compared to those in place for the
2021 GB power system. This reveals the fact that, in contrast to the situation in 2021, the
2035 GB power system will require substantially more flexibility resources to manage the
extensive system imbalances introduced by massive RESs.
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Table 7.3: Investment decisions and business results for three flexibility resource scenar-
ios regarding the 2035 GB carbon target.

Z-FR case B-FR case H-FR case

CCGT1 (MW)

Infeasible

- -
CCGT2 (MW) - -
OCGT1 (MW) - -
OCGT2 (MW) - -
Nuclear (MW) 39,782 0
Wind (MW) 40,404 198,811

Investment cost (mil.£) 5,812 6,115
DA energy cost (mil.£) 1,645 0
DA energy revenue (mil.£) 0 0
RT reserve cost (mil.£) 0 0
RT reserve revenue (mil.£) 0 0
Wind power deviation penalty (mil.£) 0 0
Carbon emission cost (mil.£) 0 0
Carbon allowance revenue (mil.£) 0 0
Green certificate revenue (mil.£) 8,761 25,263
Profit (mil.£) 1,304 19,148

DA ES revenue (mil.£) 0 0
RT ES revenue (mil.£) 0 0
Total ES revenue (mil.£) 0 0
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Figure 7.2: Daily charging/discharging power output in the DA energy market for two
flexibility resource scenarios regarding the 2035 GB carbon target.

B-FR Case Analysis

The second to seventh row in the third column of Table 7.3 illustrates that, in response
to the GB government’s entire decarbonisation policies, the optimal generation invest-
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Figure 7.3: Daily charging/discharging power output in the RT balancing market for two
flexibility resource scenarios regarding the 2035 GB carbon target.
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Figure 7.4: Daily system demand for two flexibility resource scenarios regarding the 2035
GB carbon target.

ment mix in the B-FR case is exclusively comprised of carbon-free nuclear and wind
power capacity. Although this investment strategy satisfied the 2035 GB carbon target, an
overdependence on nuclear power raises concerns regarding the ideal green energy future.
Specifically, nuclear energy, despite its advantage of zero carbon emissions, is associated
with the production of hazardous radioactive waste that poses significant management
challenges [89]. The historical nuclear accidents at Chernobyl in 1986 and Fukushima in
2011 highlight the severe catastrophic risks inherent to the nuclear industry [90]. Con-
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Figure 7.5: Daily generation dispatches in the DA energy market for the B-FR case re-
garding the 2035 GB carbon target.
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Figure 7.6: Daily imbalances in the RT balancing market for the B-FR case regarding the
2035 GB carbon target.

sequently, a truly green and sustainable power system is expected to be predominantly
supported by RESs, such as wind power, which offer cleaner and safer alternatives to
nuclear energy.

In the B-FR case, nuclear generation capacity constitutes nearly half of the total in-



180 Chapter 7. Pathway towards Fully Decarbonised GB Power System by 2035

vestment decisions. This phenomenon is attributable to two primary factors:

1. The ambitious zero-carbon target for the 2035 GB power system restricts the GenCo
from investing in high-emission flexible generation capacity, which typically offers
necessary reserves in the RT market to offset the uncertainty that arises from wind
power generation. As a result, the only feasible alternative that aligns with the zero-
emission criterion and lacks unpredictability, nuclear power, becomes a preferred
option to minimise the need for auxiliary reserves.

2. The level of demand flexibility available in the 2035 GB power system is inadequate
to significantly alter the demand profile to better align with the variability of wind
energy. Furthermore, this limited demand flexibility cannot provide cost-free bal-
ancing resources through demand deviation to mitigate the significant uncertainty
inherent in a power grid with high renewable penetration.

3. The capacity of utility-scale ES predicted for the 2035 GB power grid is not enough
to offer the necessary operational flexibility for a system heavily reliant on renew-
able energy. Specifically, the lack of ES capacity impedes the ability to store sur-
plus power generation during off-peak periods in the DA market and to address
substantial uncertainties introduced by wind power generation and demand in the
RT market, thus constraining the potential for wind generation expansion within the
grid.

As shown in Figures 7.5 and 7.6, ES plays a pivotal role in managing grid stability. In
detail, during low-demand periods (hours 1–5) in the DA market, ES is utilised to store
surplus generation from nuclear and wind power generation. Then, this stored energy
is strategically released in the RT market during periods of high wind generation (hours
1-6) to address imbalances caused by renewable energy and demand deviations. The
operational dynamics of ES across the DA and RT markets are meticulously illustrated
in Figures 7.2 and 7.3, respectively. Given the substantial must-run nuclear generation
dispatches in the DA scheduling horizon, demand flexibility is employed to smooth the
system demand as much as possible to match their generation patterns, as depicted in
Figure 7.4. It is noteworthy that across all cases related to the 2035 GB power system,
the market clearing prices are not depicted due to the lack of flexible generation capacity
serving as the marginal unit, thereby leading to both DA and RT market clearing prices
dropping to zero. Furthermore, it is important to highlight that while nuclear power incurs
a non-zero marginal cost, its operational manner of running at full capacity excludes it
from functioning as the marginal unit to determine the price in the market.

The business results presented for the B-FR case reveal the GenCo’s relatively mod-
est profitability, as outlined from the eighth to seventeenth row in the third column of
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Table 7.3. To uncover the implicit logic behind this, it is crucial to analyse the trends
in the various components that influence profitability. In contrast to cases related to the
2021 GB power system presented in Chapters 5 and 6, the investment cost in the B-FR
case is remarkably higher. This rise in investment costs can be attributed to two primary
factors. Firstly, the predicted level of system demand for 2035 significantly exceeds that
of 2021, necessitating a corresponding increase in generation capacity to satisfy the in-
creased demand. Secondly, the stringent zero-carbon target for 2035 forces the GenCo
to invest in emission-free generation technologies, such as nuclear and wind power. Al-
though these technologies align with long-term sustainability objectives, their investment
costs are notably higher than those of conventional flexible generation technologies. The
low DA energy cost is primarily due to the DA generation dispatches provided by cheap
nuclear power and free wind power. The RT reserve cost is eliminated entirely because
the balancing resources necessary for addressing imbalances are supplied at no cost by
ES and demand deviations. Revenues in both the DA and RT markets drop to zero owing
to zero market clearing prices. Similarly, the wind power deviation penalty is rendered
null due to its dependency on RT market clearing prices, which, in this case, have fallen to
zero. Given the complete decarbonisation of the 2035 GB grid, carbon emission costs are
naturally zero. Carbon allowance revenue dips to zero due to its reliance on system-wide
carbon intensity, which achieves a value of zero in the entirely decarbonised GB grid of
2035. TGC revenue emerges as a primary revenue stream for the GenCo, underpinned
by renewable promotion policies. Overall, despite the GenCo earning significant revenue
through TGC trading, the negligible prices in both the DA and RT markets cause revenues
from these markets to fall to zero. This situation leads to a markedly low profit for GenCo,
thereby presenting a challenge of ’revenue inadequacy’. Additionally, the profitability of
ES entities also declines to zero, directly attributed to the zero market clearing prices, as
indicated in the last three rows in the third column of Table 7.3.

H-FR Case Analysis

In the H-FR case, as shown in the second to seventh row in the fourth column of Ta-
ble 7.3, the investment portfolio evolves to consist entirely of wind generation capacity,
achieving a 100% renewable generation mix. This development aligns with expectations,
primarily attributed to the substantial scale of flexibility resources. These extensive flex-
ibility resources, encompassing both ES and demand flexibility, provide the necessary
operational flexibility to maintain a stable and reliable 100% renewable energy system.

In the DA market, compared to the nuclear-dominated generation mix in the B-FR
case, generation dispatch transitions to being entirely fulfilled by wind capacity. This
shift, illustrated in Figure 7.7, represents a significant move towards a pure renewable
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Figure 7.7: Daily generation dispatches in the DA energy market for the H-FR case re-
garding the 2035 GB carbon target.
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Figure 7.8: Daily imbalances in the RT balancing market for the H-FR case regarding the
2035 GB carbon target.

energy system. It is because in the RT market, the extensive uncertainty inherent in a
100% renewable power system is effectively mitigated through the strategic deployment
of ES and demand deviation, as shown in Figure 7.8. Specifically, ES, in particular,
plays a crucial role in this balancing act; it stores surplus wind energy during periods of
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excess generation in the DA market and subsequently discharges this stored energy in the
RT market to address the uncertainty of wind power, as depicted in Figures 7.2 and 7.3.
Moreover, the demand deviation expanded by the high-level demand flexibility is also
strategically deployed to counteract the uncertainty from wind power.

Under the scenario of 100% wind power penetration in the H-FR case, the demand
profile experiences drastic fluctuations, reflecting the inherent variability of wind energy,
as depicted in Figure 7.4. This observation raises a question: why does the substantial
demand flexibility available in the H-FR case not smooth out the system demand profile?
Traditionally, the peak flattening effect of demand flexibility is very pronounced in power
systems that incorporate flexible generation capacities. In such systems, demand flexibil-
ity is leveraged to smooth the demand profile, aiming to reduce the overall system costs
by mitigating the difference between peak and valley demand and then ensuring the effi-
cient use of generation resources [70]. However, in the unique context of the H-FR case,
where the entire generation mix is comprised of wind power capacity and both DA gener-
ation dispatches and RT balancing reserves are provided at no cost, the system effectively
operates at zero cost. In this zero-cost pure renewable energy system, the primary objec-
tive of demand flexibility shifts from overall system cost minimisation to minimising the
mismatches between the demand profile and the generation pattern of weather-dependent
wind power. This shift aims to ensure the reliable operation of a volatile renewable energy
system. Consequently, the demand flexibility in a 100% renewable power system leads
to the demand profile being adjusted to align more closely with the normalised output
of wind power, driven by weather conditions. As illustrated in Figure 7.4, the system
demand is adapted to match the normalised wind power output profile, as seen in Figure
3.2b.

The business results for the 2035 GB power system are detailed in the eighth to twen-
tieth row in the fourth column of Table 7.3. Compared with the B-FR case, while the
investment in expensive nuclear power capacity diminishes, there is a huge increase in
wind power capacity. Consequently, the investment cost experiences a slight increase.
Distinct from the B-FR case, the DA energy cost in the H-FR case is zero due to the ex-
clusive scheduling of cost-free wind power for DA generation dispatch. As analysed in
the B-FR case, DA energy revenue, RT reserve cost and revenue, wind power deviation
penalty, carbon emission cost, and carbon allowance revenue all converge to zero in the
H-FR case. Nevertheless, the revenue from TGC, pivotal in sustaining income within a
completely decarbonised power system, witnesses a significant surge. This increase is
primarily driven by the system’s full reliance on wind power generation. Ultimately, in
the H-FR case, the slight increase in investment costs is counterbalanced by the substan-
tial revenue generated through policy-driven TGCs, thus addressing the challenge of cost
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recovery faced in the B-FR case. This enables the GenCo to secure sufficient profitability
in a 100% wind power system. However, the profitability of the ES entities remains zero,
a consequence of the market clearing prices dropping to zero.

7.6 Conclusions

This chapter focuses on decarbonising the whole GB power sector by 2035, and find-
ing a feasible way towards a 100% renewable GB power system. To this end, a two-
stage bi-level optimisation model is proposed to analyse investment decisions and busi-
ness outcomes within a market-driven generation planning framework based on the 2035
GB power system. The framework consists of an UL problem that represents the self-
interested GenCo and two LL problems. The first LL problem (LL1) represents the joint
clearing process of the DA and RT electricity markets, considering the chance-constrained
uncertainties associated with renewable energy and demand deviations. It should be noted
that the models of time-coupling demand flexibility and ES are jointly integrated into the
LL1 problem. The second LL problem (LL2) represents the clearing process for the green
certificate market. To achieve an efficient solution for this complex model, the model first
linearizes the chance constraints, then employs the KKT conditions to transform it into a
MPEC. Finally, using the strong duality theorem, the model is recast as a computationally
tractable MIQP. The case studies have been designed with different levels of flexibility
resources using predicted data from the 2035 GB power system, and the findings are
outlined as follows:

1. The infeasibility of the scenario without flexibility resources demonstrates that in
a fully decarbonised electricity system, it is impossible to ensure safe and stable
operation without any flexibility resources.

2. Compared to the scenario setting the scales of demand flexibility and utility-scale
ES at the predicted values for the 2035 GB power system, the wind generation
capacity increases by 392%, eventually transitioning to a 100% wind power system
after doubling the predicted level of flexibility resources. It reveals that flexibility
resources are necessary to counterbalance the extensive uncertainties introduced by
large-scale RESs and facilitate the achievement of a 100% renewable GB power
system.

3. Compared to the scenario setting the scales of demand flexibility and utility-scale
ES at the predicted values for the 2035 GB power system, the GenCo’s profit
surges by 1368% after doubling the predicted level of flexibility resources. This
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demonstrates that in a 100% renewable power system, GenCo can earn sufficient
profit through renewable energy promotion policies, thereby avoiding the ’missing
money’ dilemma.

4. Compared to the traditional power system, in a zero-carbon power system, the pillar
revenue of the GenCo shifts from energy-related revenue to policy-driven revenue.

5. The demand flexibility brings about the so-called ’peak-flattening effect’, which
smooths the demand profile. On the contrary, in a 100% renewable energy system,
the peak-flattening effect is invalid, and demand flexibility leads the demand profile
to follow the weather-related normalised wind power output profile.



Chapter 8

Conclusions and Future Work

8.1 Conclusions

In the context of GB’s ambitious commitment to decarbonising the power sector, this
thesis has studied generation planning considering the strict carbon emission restrictions
from four perspectives: the impact of market structure, the impact of demand flexibil-
ity, the impact of ES, and the feasibility of a fully decarbonised GB power system by
2035. For these purposes, centralised optimisation and a series of two-stage bi-level op-
timisation frameworks are proposed. The centralised optimisation model presented in
Chapter 3 aims to capture the characteristics of power systems regulated by a vertically
integrated monopoly structure, serving as a reference for the analysis of market design.
Four two-stage bi-level optimisation models, proposed in Chapter 4 to Chapter 7, reflect
the self-interested GenCo’s decision-making for market-driven generation planning under
carbon emission limits, laying the different emphases on market structure, time-coupling
flexibility, ES, and flexibility resources, respectively.

These bi-level models consist of the UL problem, representing the investment deci-
sions of the profit-seeking GenCo, with two LL problems: the first LL problem presents
the joint clearing process of the DA energy market and the RT balancing market to co-
optimise the scheduled energy and reserve deployment; the second LL problem illustrates
the clearing process of the green certificate market. A distinctive aspect of the bi-level
models is the incorporation of chance constraints to address the uncertainties associated
with system demand and renewable power deviations. The first bi-level model proposed
in Chapter 4 is employed to capture realities in a deregulated energy market. Further-
more, from the second to fourth bi-level models present in Chapter 5 to Chapter 7, these
models follow the same hierarchical structure, but their first LL problems incorporate
the time-coupling demand flexibility model, the ES model, and the combined model of

186
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time-coupling demand flexibility and ES, respectively.

Unlike the easily addressable centralised optimisation model, all the bi-level optimi-
sation models undergo a series of transformations to achieve efficient solutions. First,
chance constraints are linearized. Subsequently, the KKT conditions are employed to con-
vert the model into a MPEC. Finally, leveraging the strong duality theorem, the MPEC
problem is recast as a MIQP problem, efficiently enabling the global optimal solution
obtained by the commercial branch-and-cut solvers.

Numerous case studies have provided valuable insights on generation planning under
current carbon targets. Specifically, the case studies carried out in Chapter 3 and Chap-
ter 4 use the data from the 2021 GB power system, quantitatively comparing the role
of vertically integrated monopoly utilities and deregulated energy markets. Case studies
conducted in Chapter 5 explore how demand flexibility influences market-driven gener-
ation planning in the context of the 2021 GB power system. Case studies designed in
Chapter 6 investigate the impact of ES on generation planning within an energy market
environment. Case studies in Chapter 7 focus on decarbonising the whole GB power sec-
tor by 2035 and finding a feasible way towards a 100% renewable GB power system by
incorporating a large amount of flexibility resources. Their key findings are summarised
and shown in the following section.

This thesis contributes a novel GenCo’s viewpoint to the marketed-driven genera-
tion planning problem with current carbon regulation, revealing the implicit interactions
among the GenCo, demand, and ES entity, as well as their impacts on market outcomes.
Moreover, the proposed bi-level optimisation models not only help in making more prof-
itable investment decisions with respect to the GenCos but also inspire policymakers with
cost-effective market mechanisms towards a carbon-free future.

8.2 Key Findings

A series of illustrative case studies are carried out to validate the proposed model
using real-world 2021 GB electricity grid data and forecast data for a 2035 GB fully
decarbonised power system, thereby providing the following valuable insights for future
power networks:

1. In contrast to the low investment in wind power capacity in vertically integrated
utilities, the investment in wind power capacity within a deregulated energy market
massively increases, indicating that the deregulated energy market significantly pro-
motes wind energy integration and, meanwhile, aligns with the GB government’s
plan to expand the proportion of renewable energy in the grid.



188 Chapter 8. Conclusions and Future Work

2. There is a significant difference in investment preferences for flexible generation
capacity between the system-driven and market-driven models. In the optimal in-
vestment decisions of the system-driven model, flexible generation capacity en-
tirely comes from low-cost technology. In contrast, in the market-driven model,
high-cost generation capacity dominates the total flexible generation capacity. This
is because, in the market-driven model, high-marginal-cost capacity is strategically
deployed in both DA and RT markets as marginal capacity, ensuring high market
clearing prices.

3. Compared to the negative profit in the system-driven framework, the energy market
structure boosts profitability for GenCo, thus avoiding the risk of cost non-recovery.

4. As demand flexibility increases, investment in wind power capacity grows, imply-
ing that a more flexible system can accommodate a larger share of wind power
capacity since demand flexibility can be strategically used to offset wind power
uncertainties.

5. Expansion of demand flexibility can create a more efficient market environment to
increase the GenCo’s profit. Specifically, the demand flexibility brings about the so-
called ’peak-flattening effect’ in the DA market, which smooths the demand profile,
thereby enabling the expensive generators to easily serve as the marginal capacities.
Therefore, DA market clearing prices boost in many periods.

6. After expanding the size of the ES, the wind generation capacity in investment
decisions surges, revealing that the ES acts as a provider of reserves to mitigate the
uncertainties from the massive RESs.

7. With further integration of ES, the profit of the GenCo sees great growth since
the booming expansion of renewable power capacity brings income from economic
incentives.

8. Although the principal goal of ES is to provide ancillary services instead of en-
ergy arbitrage, the ES entity can still earn profit from its reserve provision. As the
investment in renewable power capacity increases, the ES entity’s profit also boosts.

9. Unlike demand flexibility, ES does not possess the ability to flatten peak demand,
primarily because it is not driven by profit but focuses on grid reliability.

10. Flexibility resources are necessary to counterbalance the extensive uncertainties
introduced by large-scale RESs, and therefore, the share of wind power capacity
in investment decisions increases, thereby facilitating the achievement of a 100%
renewable GB power system.
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11. Compared to the traditional power system, in a zero-carbon power system, the pillar
revenue of the GenCo shifts from energy-related revenue to policy-driven revenue,
thereby avoiding the ’missing money’ dilemma.

12. Demand flexibility typically induces a ’peak-flattening effect’ that smooths out the
demand profile. However, in a system powered entirely by renewable energy, this
effect becomes ineffective. Instead, demand flexibility causes the demand profile to
align with the weather-dependent normalised wind power output profile.

8.3 Future Work

Future research should focus on three promising areas for expanding the scope of the
presented framework, which are listed as follows:

1. Instead of using the generic and technology-agnostic model to depict demand flex-
ibility, a key area for further exploration is to employ the various concrete flexible
demands to capture system-level flexibility, such as electric vehicles, smart ther-
mostats, intelligent washing machines, and so on.

2. Another potential area is the exploration of interactively competitive behaviours of
the multiple GenCos in a deregulated market environment through the well-known
framework, namely equilibrium programs with equilibrium constraints (EPEC) [91,
92].

3. There is an unexploited area pertaining to incorporating the non-convex character-
istics into the LL problem within a bi-level optimisation problem. Indeed, with
the current extensive penetration of intermittent RESs, non-convex characteristics
become increasingly crucial, such as UC constraints requiring discrete variables.
However, the non-convexity of the LL problem renders the KKT conditions invalid,
thus vastly increasing the difficulty of finding solutions. In light of this, future work
will explore new methods, such as the primal-dual method and heuristic algorithm,
to solve bi-level optimisation problems, including non-convex LL problems, aiming
to yield results reflecting the reality of modern power systems.

4. Building on the chance constraints used to address the uncertainties in this thesis,
the research presented in this thesis can be further refined by adopting more sophis-
ticated modelling techniques for uncertainty. This could be achieved by data-driven
robust chance constrained programming (DRCCP) to better handle the variability of
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RESs and demand patterns, which employs ambiguity sets including possible prob-
ability distributions of uncertain parameters obtained by the data-driven method
[93].

5. While this thesis focuses on decarbonising the GB power system, extending the
analysis to include different countries or even global power systems could provide
a broader perspective on the challenges and solutions to decarbonisation. Specif-
ically, the low-carbon policies and the carbon markets are built on the GB power
system, thus overlooking the interactions with other countries’s power grids. In
the context of global commitment to reducing carbon emissions, future work could
incorporate multi-country or global low-carbon policies to explore their coupling
mechanisms.

6. Future research can investigate the integration of cutting-edge artificial intelligence
(AI) technologies such as machine learning (ML) and reinforcement learning (RL)
into generation planning. ML could enhance the forecasting accuracy of renew-
able energy production and demand, thereby improving the reliability of generation
planning modelling [94]. Additionally, unlike the traditional single-level reduction
method used for solving bi-level optimisation models, RL uses a recursive method
in which the market participants (agents) gradually learn to refine their strategies
based on the experiences acquired from their repeated interactions with the mar-
ket clearing process (environment), thereby avoiding the computational challenge
introduced by massive integer variables [95].
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Appendix A: 2021 GB System Demand
Data

The authoritative data on the 2021 GB system demand provided by the National Grid is
utilised. This data is then clustered into a single representative day on an hourly basis.
The results are employed to carry out the case studies from Chapter 3 to Chapter 6, as
presented in Table 1.

Table 1: Hourly 2021 GB power system demand for the single representative day (in
GW).

1h 2h 3h 4h 5h 6h 7h 8h 9h 10h 11h 12h
22.80 22.37 21.67 21.29 21.53 23.53 26.81 29.33 30.54 30.80 30.64 30.62

13h 14h 15h 16h 17h 18h 19h 20h 21h 22h 23h 24h
30.42 30.09 30.22 31.47 33.56 34.88 34.74 33.45 31.49 28.85 25.77 23.41
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Appendix B: GB Normalised Wind
Power Output

The data on yearly GB normalised wind power output is clustered into a single represen-
tative day on an hourly basis. The clustered data is utilised to conduct the case studies
from Chapter 3 to Chapter 7, as shown in Table 2.

Table 2: Hourly GB normalised wind power output for the single representative day (in
%).

1h 2h 3h 4h 5h 6h 7h 8h 9h 10h 11h 12h
36.53 35.99 34.37 31.37 28.75 25.09 23.22 23.31 23.29 24.36 26.72 29.42

13h 14h 15h 16h 17h 18h 19h 20h 21h 22h 23h 24h
32.06 33.01 34.18 35.65 36.50 36.98 36.90 35.49 33.46 32.61 32.05 32.65
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