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Abstract

The iron and steel industry (ISI), as one of the most energy- and carbon-intensive
sectors, plays a pivotal role in achieving climate change mitigation targets. Elec-
trifying steel production not only enables substantial reductions in energy-related
CO2 emissions, but also enhances demand-side 
exibility to support the integration
of renewable energy into electricity systems.

This thesis �rst proposes a bottom-up optimisation model to support the plan-
ning of electri�cation transition pathways for the ISI. To prevent CO2 emissions from
a non-decarbonised power system, the model highlights the need to synchronize steel
plant decarbonisation with timely renewable generation and grid infrastructure re-
inforcement. The framework jointly optimises long-term investment and short-term
operations, thereby enhancing adaptability to the variability inherent in renewable
energy supply.

Building on the identi�ed transition pathways, the thesis further investigates
the operational scheduling of two key processes: the scrap-based electric arc fur-
nace (EAF) and the hydrogen-based direct reduced iron combined with electric arc
furnace (H2-DRI-EAF). This analysis aims to enable their participation in demand-
response programmes and to support grid stability.

For the scrap-based EAF route, a multi-objective scheduling model is developed
for steel plants equipped with renewable energy and energy storage systems. The
model accounts for variability in processing time requirements across steel produc-
tion orders, aiming to minimise electricity costs and indirect emissions while ensuring
operational safety and continuity.

For the H2-DRI-EAF route, a cost-e�ective scheduling model is proposed for
plants powered by grid-assisted renewables. A resource-task network (RTN) model is
constructed for each sub-process and integrated through boundary dependency con-
straints, allowing explicitly capturing the coupling constraints and interdependencies
among sub-processes. The integrated RTN structure is then embedded within an
optimisation framework to support economically e�cient scheduling decisions.

In summary, this thesis presents integrated modelling frameworks that bridge
electri�cation pathway planning with operational scheduling in decarbonised steel
production. The contributions are twofold: aligning the rising electri�ed steelmaking
demand with the developments of renewable energy and the regional energy system,
and leveraging the inherent 
exibility of steelmaking for the response on the demand
side. These insights are particularly relevant to stakeholders in the UK steel industry
and electricity sector, providing actionable guidance for infrastructure-coordinated
industrial decarbonisation. Ultimately, the �ndings support the UK’s net zero am-
bitions and o�er a transferable modelling approach for other hard-to-abate sectors.
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Hh the set of �nal products

N the set of tasks

T the set of all time slots

dn the processing duration of the taskn in minutes

R HP set of resources in hydrogen production sub-process

R HS set of resources in hydrogen storage sub-process

R DR set of resources in direct reduction sub-process

R ES set of resources in EAF steelmaking sub-process

R Util set of utility resources
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� Sell
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at time t

� r;i;t variable consumption/production ratio of resourcer in task i
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Nomenclature xxi

I HP set of tasks in hydrogen production sub-process

I HS set of tasks in hydrogen storage sub-process

I DR set of tasks in direct reduction sub-process

I ES set of tasks in EAF steelmaking sub-process
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W
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Chapter 1

Introduction



2 1.1 Background

1.1 Background

Climate change profoundly threatens ecosystems, economies, and societies around

the world [1]{[3]. According to Intergovernmental Panel on Climate Change (IPCC),

global temperatures have increased by approximately 1.1°C above pre-industrial

levels, mainly due to anthropogenic greenhouse gas emissions [4]. This warming

has intensi�ed the frequency and severity of extreme weather events, accelerated

sea level rise, and contributed to loss of biodiversity. Many countries have set

carbon neutrality targets to limit the global temperature increase to below 2°C

and to pursue e�orts to avoid a 1.5°C increase, as required by the Paris Climate

Agreement [5], [6]. These targets involve the transition to carbon neutrality in all

sectors worldwide during the second half of the twenty-�rst century [4].

Accelerating the transition toward renewable-rich power systems has become a

global imperative to mitigate climate change. As illustrated in Figure 1.1, energy-

related activities account for approximately 73.2% of global greenhouse gas (GHG)

emissions in 2020 [7]. The rapid expansion of renewable energy resources (RES) in

electricity generation o�ers a cleaner energy supply by replacing fossil fuels, enabling

substantial reductions in energy-related emissions. According to the Internaional

Energy Agency (IEA)'s Net-Zero Emissions by 2050 Scenario, universal access to

sustainable energy is expected by 2030 [8]. By 2050, solar photovoltaic (PV) and

wind are projected to become the leading sources of electricity globally, collectively

accounting for nearly 70% of global electricity generation [8]. However, the variable

and intermittent nature of renewable generation requires a signi�cant improvement

in the 
exibility of the power system which is de�ned as the grid's ability to respond

to both expected and unexpected 
uctuations in electricity supply and demand [9].

Koolen et al. estimate that by 2030, 
exibility requirements will increase by 133%,

160% and 200% at daily, weekly and monthly levels, respectively, compared to 2021

[10]. By 2050, the 
exibility needs are projected to reach 13%, 11%, and 7% of the

total power demand over these respective time frames [10].

As the cornerstone of industrial development, the transition of the energy supply

structure will inevitably a�ect the electri�cation of the iron and steel industry (ISI).

The ISI, historically reliant on fossil fuels such as coal and coke, is notable due to

its signi�cant carbon emissions and thus represents a critical sector for decarboni-

sation. For example, ISI accounts for 7-9% of global energy-related emissions and

8% of the global energy load in 2019 [8]. The ISI is increasingly adopting electri-

�cation to address carbon constraints and policy pressures driven by international

regulatory frameworks and market mechanisms. For example, the EU's carbon

border adjustment mechanism (CBAM) taxes steel imports by emissions intensity,
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Figure 1.1: Global greenhouse gas emissions by sector in 2020 [7]

favouring electric arc furnace (EAF) and H2-based direct reduced iron (H2-DRI)

over coal-reliant blast furnaces [11]. China's \Dual Carbon" policy targets ultra-low

emissions for more than 60% of steel capacity by 2050 [12]. Market drivers include

corporate demand for green steel with premiums of 20 to 30% for zero carbon prod-

ucts [13], alongside substantial funding sources, such as the EU's¿ 350 million

funding for carbon capture, utilisation, and storage (CCUS) [14], and the UK's£80

million support for Tata Steel's green transition [15]. Key technological pathways

include EAF steelmaking powered by renewable electricity, which reduces emissions

by 15{20%, and H2-DRI technology, which reduces carbon emissions by more than

50% per ton of steel compared to conventional blast furnace routes [16]. For exam-

ple, Sweden's HYBRIT initiative substitutes coking coal with green hydrogen (H2),

produced using 4.3 MWh of renewable electricity per ton of steel, reducing CO2

emissions by 98% [17].

Meanwhile, electri�ed steelmaking o�ers substantial potential to improve the

integration of renewable energy and grid stability within the renewable-rich power

system. On the one hand, the electri�cation of steelmaking is expected to signi�-

cantly increase its demand for renewable energy. For example, EAF can consume

400-440 kWh renewable electricity to produce 1 tonne of steel [18]. For the EU,

with an assumed steel production of 150 million tonnes annually and 40% using

EAF, the renewable electricity required is approximately 25.2 TWh. The H2-DRI

process consumes renewable electricity through water electrolysis for green H2 pro-
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duction and requires eight times more electricity than blast furnace-basic oxygen

process (BF-BOF) route [19].

On the other hand, electri�ed steelmaking can o�er substantial potential in o�er-

ing demand-side 
exibility (DSF), which can help maintain the stability of the power

grid in a cost-e�ective way. Many countries have updated the regulatory framework

to integrate demand-side resources (DSR) into electricity markets, thereby unlock-

ing DSF. For example, the UK launched the DSF in the winter of 2022/23 to induce

load shifting during peak periods [20]; the EU's \Fit for 55" package, adopted in

October 2023, aims to promote DSF across member states [21]; and China revised

its \Electricity Demand Side Management Measures" in 2023 to emphasise market-

orientated and reliable DSR mechanisms [22].

From an economic perspective, steel plants are increasingly motivated to partic-

ipate in demand response (DR) programmes to gain additional revenues, leveraging

their large electricity consumption, 
exible operations, and well-developed infras-

tructures for control and communication [23]. Technologies such as EAF and elec-

trolytic H 2 production can strategically adjust their operational schedules to align

with renewable electricity availability, thereby reducing renewable energy curtail-

ment and improving grid stability [24]. For example, in Germany, some EAFs are

already involved in balancing markets through load shedding [25]. In the future,

it is expected that primary steelmaking routes will be gradually replaced by the

H2-based direct reduced iron with electric arc furnace (H2-DRI-EAF), particularly

in Europe. The H2-DRI-EAF o�ers unique synergies with renewable-rich power

systems, serving e�ectively as an energy storage mechanism by absorbing surplus

renewable energy [19], [26]. This mutual interdependence emphasises the strate-

gic role of ISI in the renewable-rich power systems by mitigating daily supply and

transmission bottlenecks and slowing the need to build more generation capacity.

Given its considerable electricity demand and inherent operational 
exibility,

electri�ed steelmaking is increasingly viewed as a pivotal enabler of renewable-rich

power systems. However, despite these evident advantages, signi�cant challenges

remain in electri�cation steelmaking pathway planning and operational scheduling

within renewable-rich power systems. On the one hand, the expansion of renewable

capacity remains incremental and is constrained by infrastructure, economic, and

policy limitations. Without considering this limit, the increase in electricity demand

from electri�ed steelmaking could inadvertently increase indirect CO2 emissions if

fossil-fuel-based generation is required to power unmet loads. This underscores the

urgency of coordinated planning strategies that align the ISI electri�cation with the

timely deployment of renewable energy and upgrades to the grid infrastructure. On
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the other hand, electri�ed steelmaking is recognised as one of the most complex

industrial processes, characterised as a large-scale, multistage, multi-product batch

process encompassing parallel equipment and critical production constraints [27],

[28]. The precise modelling of these operational constraints to ensure operational

safety and production continuity, while o�ering DSF, remains a major challenge.

This study, therefore, focusses on the planning and scheduling, with the aim of

improving renewable energy integration and grid stability.

1.2 Research Gaps and Contributions

1.2.1 Research Gaps

Despite signi�cant research e�orts has been conducted on the electri�cation of steel-

making and its role in supporting the low-carbon transition of energy systems, sev-

eral research gaps remain to be addressed regarding electri�cation pathway planning

and energy-centric steelmaking process scheduling, as outlined below.

Currently, plant-level electri�cation pathway planning for steel plants remains

underexplored, particularly when considering the dynamic integration of key techno-

economic parameters and regional energy system decarbonisation timeline. Accord-

ingly, the key research gaps are summarised as follows:

1. Existing models inadequately consider the integration of multiple decarbon-

isation technologies, dynamic techno-economic parameters (e.g., H2 prices,

scrap availability and prices, and the decarbonisation technology readiness)

and decarbonisation timeline of the regional energy system (e.g., RES ex-

pansion planning and green H2 production and transmission infrastructure

deployment). This insu�cient consideration of dynamically evolving factors

results in the electri�cation pathway not being completely consistent with the

regional decarbonisation timeline, thereby limiting its practical feasibility and

economic viability.

2. Current research lacks e�ective integration of multi-time-scale decision-

making. In particular, existing studies frequently isolate long-term low-carbon

investment planning decisions (e.g., equipment retro�tting and capacity expan-

sion cycles) from short-term operational scheduling considerations (e.g., hourly


uctuations in renewable energy generation). This separation prevents seam-

less integration between strategic planning and operational activities, weaken-

ing the practical applicability of decarbonisation strategies.
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3. Existing modelling approaches inadequately represent structured, logical rela-

tionships of mutual exclusivity and parallelism among technological pathways.

Speci�cally, current decarbonisation planning models rarely provide explicit

and structured representations of mutually exclusive technology options (e.g.,

the choice between retro�tting BF-BOF plants with CCUS or transitioning

to H2-based DRI) or parallel, complementary technology deployments. This

limitation reduces the practical e�ectiveness and applicability of the models

in realistic decision-making contexts.

The inherent 
exibility of electri�ed steel production processes can be leveraged

to participate in industrial DR programmes. However, the complexity of steelmak-

ing processes poses signi�cant challenges in optimising energy-centric scheduling.

To e�ectively address these challenges, this thesis examines the research gaps for

the scrap-based EAF steelmaking process and H2-DRI-EAF steelmaking process

separately.

Regarding the scheduling of the scrap-based EAF steelmaking process, while

some progress has been made, several critical challenges remain unaddressed.

1. Multi-objective scheduling models for scrap-based EAF steelmaking processes

are still less explored. From an objective perspective, current studies rarely

consider the reduction of carbon emissions together with the minimisation

of electricity costs and the minimisation of the make-span. In terms of con-

straints, while existing scheduling models e�ectively represent operational con-

straints related to material handling, equipment availability, and production

sequences, they rarely integrate carbon emissions into these critical production

constraints.

2. Well-distributed Pareto solutions for 
exible scheduling under variability in

processing time requirement (PTR) are not adequately studied. When the ac-

tual PTR is shorter than a prede�ned make-span, current scheduling solutions

become impractical for real-time operations; conversely, if the PTR is signi�-

cantly longer, available temporal 
exibility remains underutilised. Therefore,

generating well-distributed Pareto solutions is crucial to e�ectively exploiting

temporal 
exibility and facilitating robust, adaptable scheduling in diverse

PTR scenarios.

3. The poor granularity of time inherent in batch steelmaking processes requires

further attention to facilitate e�cient utilisation of renewable energy. Coordi-

nating energy storage system (ESS) with steelmaking schedules can e�ectively

bridge temporal mismatches, thus improving time granularity and improving
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demand-side 
exibility. However, existing research remains limited with re-

spect to coordinated optimisation strategies of ESS and industrial processes

to address the limitations of poor time granularity inherent in batch produc-

tion, particularly evident when considering the distinct challenges associated

with steelmaking processes modelling.

The H2-DRI-EAF steelmaking process is an emerging technology that has only

recently gained attention, and research on its scheduling remains limited. The main

research gaps are summarised as follows.

1. The H2-DRI-EAF process consists of multiple tightly coupled sub-processes

with distinct operational constraints. There is a lack of analysis of the dis-

tinct operational characteristics of each HISP sub-process, nor a lack of the

operational constraints of each sub-process.

2. Conventional resource-task network (RTN) methods have limited capability

to handle the H2-DRI-EAF process, calling for the augmentation of the RTN

formulation. To the author's best knowledge, the RTN formulations to model

the operational constraints of the H2-DRI-EAF process have not yet been

explored.

3. There is a lack of the scheduling model of the H2-DRI-EAF process, which

comprehensively considers the 
uctuations in renewable generation, electricity

prices, and grid emissions to fully exploit its 
exibility while adhering to critical

operational constraints.

1.2.2 Main Contributions

To �ll the research gaps mentioned above, contributions regarding electri�cation

pathway planning and energy-centric scheduling of the two pivotal steelmaking pro-

cesses are summarised in this section.

To address research gaps in electri�cation pathway planning for steel plants, this

thesis develops a bottom-up optimisation model that integrates multiple decarbon-

isation technologies, dynamic techno-economic parameters, and the regional energy

system's decarbonisation timeline, enabling region-speci�c electri�cation pathways.

The model jointly optimises long-term investment and short-term operation to en-

hance adaptability to 
uctuations in renewable energy. Furthermore, generalised

disjunctive programming (GDP) is employed to explicitly represent mutually exclu-

sive and parallel technology pathways, enhancing the transparency of decision logic
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and improving computational e�ciency. The key contributions of this thesis are

threefold.

1. A plant-level planning model for hydrogen-enabled steel plant decarbonisa-

tion is developed, integrating bottom-up modelling of multiple decarbonisa-

tion technologies with top-down constraints imposed by dynamically evolving

regional energy systems. The bottom-up modelling framework o�ers a detailed

representation of multiple decarbonisation technologies by explicitly captur-

ing their techno-economic characteristics, material and energy 
ows, process-

speci�c feedstock requirements, electricity demand, and associated carbon

emissions. Meanwhile, top-down modelling incorporates external system-level

drivers and constraints, including the pace of renewable energy capacity ex-

pansion, the roll-out of green hydrogen infrastructure, technology readiness

trajectories, and the evolution of regional resource markets such as hydrogen,

electricity, and scrap prices.

2. Multi-scale temporal optimisation is addressed by jointly determining long-

term yearly investment decisions and short-term hourly operational schedul-

ing. To enhance computational tractability while more accurately re
ecting

realistic operational characteristics, all externally driven input data (e.g., re-

newable generation, electricity prices) are �rst clustered into high- and low-

level aggregated pro�les. A joint scenario-based approach then partitions the

annual planning horizon into representative operational snapshots, facilitat-

ing the deployment of 
exible load shifting and storage arbitrage strategies to

optimise performance under variable market conditions.

3. A GDP formulation is developed for the �rst time to address the proposed

optimisation problem, o�ering a transparent and intuitive way to represent

the underlying decision logic. This approach explicitly captures discrete tech-

nology choices, sequencing, and operational dependencies through clear logical

disjunctions, without requiring immediate algebraic reformulation. Moreover,

the GDP formulation allows explicit construction of disjunctions that directly

link investment strategies with their corresponding operational behaviours.

As a result, the multi-scale temporal optimisation problem can be expressed

within a uni�ed framework, e�ectively capturing the complex interactions be-

tween discrete and continuous decisions across di�erent time scales.

To address research gaps in energy-centric scheduling of scrap-based EAF steel-

making process, this thesis introduces a multi-objective scheduling model for the
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steel plant equipped with RES and an ESS. The model explicitly considers variabil-

ity in the PTR of steel production orders, aiming to minimise electricity costs, reduce

indirect emissions, and accommodate variability in PTR, while simultaneously inte-

grating critical steelmaking constraints to ensure operational safety and continuity.

Since the PTR is an external factor that a�ects the make-span of the steelmaking

plant, the scheduling problem is reformulated as a selection problem among Pareto-

optimal solutions with di�erent make-spans. To systematically explore these trade-

o�s, this thesis proposes a what-if analysis-based strategy combined with the normal

boundary intersection (NBI) method to generate evenly distributed Pareto-optimal

solutions, enabling a more e�ective utilisation of the temporal 
exibility of the steel-

making process. Furthermore, to address the coarse time granularity inherent in the

batch steelmaking process, ESS are integrated into the demand response model.

This integration enhances the time granularity of operational 
exibility, increases

self-consumption of renewable energy, and improves cost-e�ectiveness. Speci�cally,

contributions related to the scheduling of scrap-based EAF steelmaking plants are

threefold.

1. With an extended RTN method, this thesis presents a multi-objective mixed

integer linear program (MO-MILP) model that embeds critical steelmaking

constraints, considering electricity cost minimisation, indirect emission reduc-

tion, and PTR variability.

2. Considering the variability in PTR, this thesis proposes a what-if-analysis-

based strategy to generate a series of Pareto optimal points tailored to di�erent

make-span scenarios. To yield evenly distributed Pareto optimal points, this

thesis introduces the NBI method to the formulation of our proposed MO-

MILP model, such that the electricity cost and emission are optimised for

speci�ed make-span scenarios.

3. By integrating ESS into the demand response model, this thesis improves the

time granularity of the steelmaking plant's 
exibility, which is inherently lim-

ited by the batch steelmaking process. With the improved responsiveness, the

RES self-consumption of the steelmaking plant is increased, and the electricity

cost and emission are reduced.

To address the research gaps in energy-centric scheduling of H2-DRI-EAF steel-

making process, this thesis proposes a novel cost-e�ective scheduling model for plants

powered by grid-assisted renewable energy systems. To accurately represent the dis-

tinct operational characteristics of the process, a RTN model is �rst developed for
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each sub-process. These individual RTN models are then integrated through bound-

ary dependency constraints, which capture the coupling and interdependencies be-

tween sub-processes. The integrated RTN model is subsequently embedded into

the optimisation model, enabling cost-e�ective scheduling. The main contributions

related to the scheduling of H2-DRI-EAF steelmaking plant are threefold:

1. The distinct operational characteristics of each sub-process are analysed and

converted to an abstract representation. Atop of the abstract representations,

uni�ed mathematical models of sub-processes are developed based on the RTN

method, which depicts the operational constraints originating from each sub-

process.

2. Considering both the task sequence and mass balance, boundary dependency

constraints are proposed to model the coupling and interaction between con-

secutive sub-processes. Based on the boundary dependency, the integrated

RTN model of H2-DRI-EAF production is developed from individual RTNs,

which serves as constraints in the H2-DRI-EAF scheduling problem.

3. A cost-e�ective scheduling model is developed for the H2-DRI-EAF. The pro-

posed scheduling model comprehensively considers the 
uctuations in renew-

able generations, electricity prices, and grid emissions, allowing H2-DRI-EAF

to fully exploit its 
exibility while adhering to critical operational constraints.

1.2.3 List of Publications

The work introduced in this thesis is based on the following publications:

First-authored journal papers:

[1] Pengfei Su , Yue Zhou, and Jianzhong Wu. \Multi-objective scheduling of a

steelmaking plant integrated with renewable energy sources and energy stor-

age systems: Balancing costs, emissions and make-span," Journal of Cleaner

Production 428 (2023): 139350.

[2] Pengfei Su , Yue Zhou, Hongyi Li, Hector D. Perez, and Jianzhong Wu.

\Cost-E�ective Scheduling of a Hydrogen-based Iron and Steel Plant Supplied

by a Grid-assisted Renewable Energy System," Applied Energy, vol. 384, April

2025.

First-authored conference papers:
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[1] Pengfei Su and Yue Zhou. \Optimal Scheduling of Steelmaking Process

Considering Multiple Electricity Bill Components," 2023 IEEE 7th Conference

on Energy Internet and Energy System Integration (EI2). IEEE, 2023.

[2] Pengfei Su and Yue Zhou. \Demand response from steelmaking process

coordinated with energy storage systems," 2023 IEEE PES Innovative Smart

Grid Technologies Europe (ISGT EUROPE). IEEE, 2023.

[3] Pengfei Su , Yue Zhou, and Jianzhong Wu. \Multi-Objective Production

Scheduling of a Steel Plant With Electric Arc Furnaces," 2021 International

Conference on Applied Energy (ICAE). Energy Proceedings, 2021.

Other publications:

[1] Yue Zhou,Pengfei Su , Jianzhong Wu, Wenqiang Sun, Xiandong Xu, and Mu-

ditha Abeysekera. \Digital twins for 
exibility service provision from indus-

trial energy systems." In 2021 IEEE 1st International Conference on Digital

Twins and Parallel Intelligence (DTPI), pp. 274-277. IEEE, 2021.

1.3 Outline of the Thesis

The structure of the rest of the chapters in the thesis is illustrated in Fig. 1.2.

Chapter 2 begins with an overview of the current status and technological devel-

opment pathways of the ISI, followed by a comprehensive review of the state of the

art literature on transition pathway planning and process scheduling related to elec-

tri�cation of the ISI. Subsequently, this thesis explores the role of electri�cation of

steelmaking as a key enabler of the decarbonisation of the energy system, focusing

on both the planning and operation dimensions. At the planning level,Chapter 3

�rst examines the electri�cation pathway of steelmaking from 2025 to 2050. Based

on the pathway, in the short term, scrap-based EAF is adopted for decarbonisation,

while in the long term, a transition to H2-DRI-EAF is pursued. From an opera-

tional perspective, the thesis further investigates energy-centric scheduling, focusing

on the scrap-based EAF process inChapter 4 , and the H2-DRI-EAF process in

Chapter 5 . Speci�cally, the rest of this thesis comprises 5 chapters, whose contents

are introduced as follows.

Chapter 2 aims to present a comprehensive review of the state-of-the-art litera-

ture on transition pathway planning and process scheduling related to electri�cation

of the ISI. It begins with an overview of key steelmaking routes, particularly scrap-

based EAF and direct reduced iron combined with EAF processes, highlighting their
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Figure 1.2: Thesis structure

respective energy consumption pro�les and associated CO2 emissions. The chapter

then examines planning for the long-term electri�cation pathway, highlighting the

importance of holistic models that align short-term operational decisions with strate-

gic transition goals. Finally, it reviews energy-centric process scheduling approaches,

with a focus on the integration of renewable energy sources, energy storage systems,

and operational 
exibility, especially in the context of EAF-based steelmaking.

Chapter 3 aims to develop a bottom-up optimisation model that integrates mul-

tiple decarbonisation technologies, dynamic techno-economic parameters, and the

regional energy system decarbonisation timeline, enabling region-speci�c electri�ca-

tion pathways. The model jointly optimises long-term investment and short-term

operation to enhance adaptability to 
uctuations in renewable energy generation.

Furthermore, GDP method is employed to explicitly represent mutually exclusive

and parallel technology pathways, improving the transparency of decision logic and

improving computational e�ciency.

Chapter 4 aims to develop a multi-objective scheduling model for the scrap-

based EAF steelmaking plant equipped with both RES and ESS, considering the

variability in the PTR of steel production orders. The model aims to minimise

electricity costs, reduce indirect emissions and accommodate variability in PTR,

while simultaneously integrating critical steelmaking constraints to ensure opera-

tional safety and continuity. The model proposes a what-if-analysis-based strategy

coupled with the NBI method to generate a series of evenly distributed Pareto so-

lutions, which better leverage the temporal 
exibility of the steelmaking process.

Furthermore, to address the poor time granularity in the batch steelmaking process,

this thesis integrates the battery energy storage system (BESS) into the demand re-
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sponse model to improve the time granularity of the steelmaking plant's 
exibility.

Chapter 5 aims to develop a cost-e�ective scheduling model for the hydrogen-

based iron and steel plants (HISP), which is powered by a grid-assisted renewable

energy system. Individual RTN model is initially developed for each HISP sub-

process to represent its distinct operational characteristics. These individual RTN

models are subsequently integrated using boundary dependency constraints that

capture the coupling between HISP sub-processes. The resulting integrated RTN

model is then incorporated into the optimisation framework to enable cost-e�ective

scheduling of HISPs.

Chapter 6 concludes the thesis by summarising the main contributions and

proposing future research directions.
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Chapter 2

Literature Review

The following section �rst presents a review of the status and electri�cation pathways

of the ISI, and then provides a state-of-the-art literature on electri�cation pathway

planning and energy-centric scheduling of electri�ed steelmaking processes.

2.1 Iron and Steel Industry: Status and Electri-

�cation Pathways

2.1.1 Background of Electri�ed Steelmaking

The iron and steel industry represents a fundamental pillar of modern industrial soci-

ety, which supports the development, manufacturing, and advancement of clean en-

ergy technologies. In 2022, global crude steel production reached 1.9 billion tonnes,

with a compound annual growth rate of 3.4% over the past decade [29]. The in-

dustry directly employs over 6 million people and supports extensive supply chains,

generating signi�cant indirect economic activity. Strategically, steel plays a crit-

ical role in the clean energy transition: it is indispensable for wind turbines and

solar structures (requiring 120 to 180 tonnes of steel per megawatt), low carbon

transportation systems, power transmission networks and hydrogen infrastructure.

However, the steel industry is also one of the largest industrial contributors to GHG

emissions. In 2019, the iron and steel industry represented 7{9% of global energy-

related CO2 emissions and 8% of global �nal energy demand [8]. Addressing this

climate impact has become increasingly urgent in the context of global decarboni-

sation e�orts, especially since energy-related activities account for more than 70%

of GHG emissions [7]. In response, many nations and regions are pursuing a deep

industrial decarbonisation. Policy mechanisms such as the EU CBAM, China's
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Dual Carbon policy, and market drivers such as green steel premiums have acceler-

ated the adoption of low-carbon steelmaking technologies.

The increasing adoption of electri�ed steelmaking aligns with the broader en-

ergy transition toward renewable-rich power systems. Although the EAF and H2-

DRI technologies o�er signi�cant emission reductions - up to 50- 98% compared to

conventional methods|they also introduce substantial electricity demand. For ex-

ample, EAF requires 400 to 440 kWh per tonne of steel, and H2-DRI may consume

eight times more electricity than the BF-BOF route when considering hydrogen

electrolysis [18], [19]. As a result, integrating these technologies requires careful

coordination with power system planning to avoid unintended increases in indirect

emissions. At the same time, electri�ed steelmaking o�ers considerable potential

for DSF, which is essential to maintain grid stability in the growing share of vari-

able renewable generation. By strategically adjusting production schedules, steel

plants can support load balance, reduce curtailment, and improve grid resilience.

Initiatives in the UK, EU, and China have begun to incorporate DSF into electric-

ity markets, incentivising industrial participation. Technologies such as EAF and

electrolytic hydrogen production are well suited to provide such 
exibility, turning

steelmaking into a key enabler of renewable-rich energy systems.

In this context, electri�cation of the steel industry is critical not only to achieve

deep decarbonisation but also to realise synergies with regional energy systems.

This dual role, both as a major energy consumer and as a provider of grid 
exibility,

positions the iron and steel industry as a strategic actor in the transition to clean

energy. However, signi�cant challenges remain in the coordination of electri�cation

pathways with renewable deployment and in modelling the operational complexity

of steelmaking processes for e�ective scheduling.

2.1.2 Current Status of the Iron and Steel Industry

Contemporary steel production follows two main routes. Figure 2.1 illustrates the

two main steel production routes, which are (1) the primary route, where iron ore

and coal are used as raw materials, and (2) the secondary route, where recycled

steel scraps are used as raw materials [18]. The most common primary route for

steel production is the BF-BOF, which historically dominated steel production,

accounting for approximately 71.6% of the global steel production in 2022 [30].

The blast furnace (BF) is used in the iron making stage, where coal-derived coke

and sintered iron ore are fed into the BF for hot metal production. Then, the

hot metal generated is further re�ned in the basic oxygen process (BOF) to yield

liquid steel. The DR of iron with EAF route (also known as the DRI-EAF route)
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Figure 2.1: Main steel production routes [18]

o�ers an alternative primary route, accounting for about 8% of the global steel

production in 2022 [30]. The DRI-EAF route can reduce iron ore with natural gas

(NG) or H2 to metallic iron at lower temperatures to avoid the need for coke-based

ironmaking. Thus, the DRI-EAF route has a lower carbon intensity than BF-BOF

route. Another steelmaking technology is called open hearth furnace (OHF). The

OHF process is a very energy-intensive process and has huge environmental and

economic disadvantages. It has been phased out over the past decade. In the

secondary route, recycled steel scrap is molten using electrical energy in an EAF,

accounting for 20.4% of global steel production [30]. However, steel production by

EAF has become the dominant route in some countries. In 2023, EAF accounted

for almost 68.3% of total steel production in the United States and 100% of total

steel production in Saudi Arabia and Venezuela [30]. In United Kingdom (UK),

major steel manufacturers, including Tata Steel UK and Liberty Steel, are gradually

replacing blast furnaces with EAF installations to align with net zero goals [31], [32].

The environmental impact of steel production is substantial. The ISI represents

one of the most carbon-intensive sectors, contributing roughly 7{9% of global CO2

emissions [18]. In 2020 alone, approximately 1.86 billion tonnes of crude steel were
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produced globally, generating approximately 2.6 gigatonnes of direct CO2 emissions

[18]. The bulk of these emissions arise from traditional BF-BOF methods, predom-

inantly reliant on coal, resulting in emissions of approximately 2.3 tonnes of CO2

per tonne of steel. The emissions of the EAF route are highly dependent on the

carbon intensity of the electricity supply but are, on average, 0.6 tonnes of CO2

per tonne of steel, while the emissions of the direct reduction of iron (DRI)-EAF

route are 1.4 tonnes of CO2 per tonne of steel when using natural gas [29]. The

IEA emphasises that to meet global climate targets, steel industry emissions must

decrease by at least 50% by 2050, which requires a fundamental transformation from

coal dependency toward electri�cation and innovative low-carbon technologies.

2.1.3 Decarbonisation Options of the Iron and Steel Industry

Global steel producers are increasingly transitioning from traditional BF-BOF routes

to low-carbon alternatives, driven by climate policies and technological advances.

The EAF route, already widely deployed, leverages electric power and scrap steel

recycling, o�ering immediate emission reductions. The EAF share of global pro-

duction rose from 21% in 2000 to 26% in 2023, with projections reaching 40% in

2050 [18]. Regional adoption patterns reveal signi�cant variation: While the United

States (68.3%), Saudi Arabia (100%), and Venezuela (100%) lead in EAF deploy-

ment [30], emerging economies maintain higher BF-BOF shares due to scrap avail-

ability constraints [33]. In the UK, signi�cant shifts are also underway; the UK

Government and Tata Steel announced a£1.25 billion investment in 2023 to replace

the aged coal furnaces at Port Talbot with modern EAFs [34].

H2-based DRI serves as a crucial supplement to low-carbon steelmaking, par-

ticularly as the EAF route is limited by the availability and quality of the scrap.

Several large-scale initiatives, particularly in Europe, are leading the way in H2-

based steel production. In Sweden, the HYBRIT project has successfully produced

the world's �rst fossil-free sponge iron using H2, while commercial-scale plants such

as HYBRIT and H2 Green Steel are currently under construction [17]. These de-

velopments demonstrate both the technical viability of H2-based steelmaking and

strong market interest, as evidenced by o�-take agreements from the automotive

and manufacturing industries [35], [36]. In China, China Baowu Steel Group Cor-

poration launched China's �rst 1 million-ton H2-based iron making pilot project in

2023 [37]. According to IEA's Net Zero scenario, near-zero emission technologies, in-

cluding H2-based DRI and carbon capture methods, must account for at least 8% of

primary steel production by 2030, necessitating substantial investment in renewable

energy and electrolyser infrastructure [8].
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2.2 Electri�cation Pathway Planning of the Iron

and Steel Industry

Existing research indicates that incremental improvements in energy e�ciency alone

are insu�cient to achieve substantial decarbonisation in the ISI, thus emphasising

the necessity for systemic transformations through breakthrough technologies [38],

[39]. Despite notable advances in energy e�ciency in recent decades, further poten-

tial is constrained by thermodynamic limits, which cap additional e�ciency gains

at 15-20% [40]. Consequently, the focus has changed to breakthrough technologies

for deeper decarbonisation of the ISI.

In response, international bodies, such as IEA, have identi�ed key breakthrough

technologies, including H2-DRI, CCUS, and EAF, emphasising the importance of

coordinated policies and infrastructure development to facilitate their adoption [18].

Reinforcing this perspective, Quader et al. provide a comprehensive review of global

carbon reduction initiatives, evaluating novel steelmaking technologies and their

techno-economic feasibility [41]. Speci�cally, Souza Filho et al. propose a hybrid H2

plasma reduction method, signi�cantly enhancing the e�ciency of H2-based tech-

nology [42], while Ranzani Da Costa et al. validate the technical and environmental

viability of H 2-based steelmaking, demonstrating potential CO2 emission reductions

exceeding 80% compared to conventional BF-BOF processes [43]. Taken together,

these studies con�rm that the need for the adoption of breakthrough steelmaking

technologies is essential for substantial emissions reductions in the ISI.

Many studies have investigated various decarbonisation pathways on a national

scale, taking into account di�erences in regional resources and infrastructure to

address unique regional traits and limitations. For example, Ren et al. outline

China's path to carbon neutrality by 2050, highlighting carbon capture, and stor-

age (CCS), H2-based reduction, and scrap-based EAF adoption, highlighting the

potential for H2 technologies to constitute up to 25% of steel production in sce-

narios where CCS is limited [38]. Similarly, Durga et al. apply the global change

analysis model to the US steel sector, identifying H2-based steelmaking and CCS

technologies as critical to achieving net zero targets [44]. Harpprecht et al.'s analysis

further underscores this urgency, demonstrating that aggressive electri�cation, coal

phase-outs, and CCS would exhaust Germany's carbon budget compatible with the

1.5°C goal by 2037, necessitating accelerated grid decarbonisation and expanded H2

infrastructure [45]. However, national-level decarbonisation pathways cannot serve

as a universal \one-size-�ts-all" solution. Even within a single nation, there are sig-

ni�cant di�erences between individual steel plants in terms of iron ore availability,
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energy supply, processing routes, technological characteristics, and socioeconomic

demands. It should be noted that global and national transition strategies must ul-

timately be implemented at the individual plant level. Therefore, designing detailed

plant-level decarbonisation pathways is essential to ensure actionable and tailored

transition strategies.

Current studies at the plant level primarily evaluate single technology routes,

limiting their scope and practical usability. For example, Toktarova et al. focus on

optimising H2-based steelmaking with renewable energy by precisely sizing and plan-

ning the operations of electrolysers, EAFs, and H2 storage [46]. Similarly, Superchi

et al. assess operational strategies for H2-DRI facilities, examining H2 mass 
ow

stability under realistic renewable conditions [26]. Sheng et al. propose dynamic

expansion planning models that emphasise strategic investments and operations

in rapid techno-economic developments [47]. While H2-based steelmaking is vital

for deep decarbonisation in the ISI, it faces immediate obstacles due to the high

costs of green H2. Moreover, current studies often overlook the integration of dy-

namic techno-economic factors (e.g., H2 prices, scrap availability and costs) and the

timeline for regional energy decarbonisation (e.g., RES expansion, and green H2 in-

frastructure). Therefore, creating pathway planning models for electri�cation that

fully incorporate multiple decarbonisation technologies, dynamic techno-economic

factors, and regional timelines remains under-researched, indicating a notable gap.

Modelling ISI decarbonisation pathways is complex due to the varied production

methods, intricate technology interdependencies, and strict emission targets estab-

lished by national regulators. The interplay between steel plants and regional energy

systems for electricity, NG, and H2 underscores the need for a bottom-up decarbon-

isation model that integrates plant-level decisions with system-wide dynamics. Liu

et al. use a bottom-up dynamic optimization for China's steel industry [48], [49],

while Chen et al. study future steel and scrap needs [50]. However, these mod-

els often miss broader resource limits, such as low carbon electricity access and H2

networks or potential shared infrastructure (e.g. CO2 transport and storage) [51].

These gaps can prevent steel plants from aligning production with regional energy

systems. In addition, current models simplify investment and operational decisions,

ignoring key phased choices and technology readiness, leading to skewed cost and

technology feasibility estimates. Despite their e�ectiveness in exploring speci�c tech

solutions, bottom-up models often lack integration of broader systemic interactions,

such as synergies between regional energy systems and individual plants.

Recent advances in integrated modelling approaches o�er the potential to ad-

dress these limitations, enabling the evaluation of diverse technology portfolios and
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their interactions over multiple time horizons. The GDP provides a uni�ed frame-

work for addressing the discrete and continuous decisions inherent in the low-carbon

transition of a steel plant. By representing alternative pathways, such as retro�tting

BF-BOF furnaces with CCS versus adopting H2-based direct reduction|as logical

disjunctions, GDP explicitly encodes the 'either-or' nature of technological choices.

This approach signi�cantly reduces the reliance on large penalty parameters (e.g.

Big M constants), resulting in more precise feasibility and cost evaluations [52].

Moreover, tighter reformulations, such as convex hull methods, also improve compu-

tational e�ciency by strengthening the continuous relaxation of discrete space [53].

Finally, GDP's explicit representation of the logical relationships GDP helps stake-

holders to clearly understand why certain restrictions apply only when a particular

technology option is chosen, promoting transparency and more robust collaboration

in the design of decarbonisation strategies [54].

2.3 Energy-Centric Scheduling of Steelmaking

Processes

Section 2.2 indicates that scrap-based EAF and H2-DRI-EAF steelmaking processes

are two critical low-carbon steelmaking technology pathways. Their adoption is

accelerating globally, driven by climate policies and technological advances. Conse-

quently, these processes are expected to dominate global steel production.

Nevertheless, both scrap-based EAF and H2-DRI-EAF steelmaking processes

are highly electricity-intensive. Through energy-centric scheduling, they can serve

as key demand-side 
exibility resources for the power grid, with participation in

DR programmes being the most common application. This, on the other hand,

is bene�cial for the power grid, as it helps mitigate daily supply and transmission

bottlenecks and slows down the need to construct more generation capacity. This

section systematically reviews methodologies and challenges associated with energy-

centric scheduling for these two pivotal steelmaking processes.

2.3.1 Energy-Centric Scheduling of Scrap-based EAF Steel-

making Process

Among commercialised steelmaking technologies, scrap-based EAF steelmaking,

which recycles scrap metal, promotes resource e�ciency and emission reduction in

the steel industry. However, its inherently electricity-intensive nature results in high

electricity costs and increased grid-related indirect emissions. The scrap-based EAF
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process is identi�ed for its substantial potential in o�ering demand-side 
exibility

[23], as its large electricity consumption and power demand and well-established

infrastructures for control and communication.

Existing literature related to the scheduling of scrap-based EAF steelmaking

process predominantly centres on single objectives, prioritising either make-span

minimisation or electricity cost reduction. The objective for optimal scheduling

of steel plants has traditionally been focused on minimising the make-span [27],

[55] to promote rapid production, thereby fully utilising the heavily invested facil-

ities. In recent times, smart grid technologies and the liberalisation of the energy

markets have allowed steel plants to actively participate in demand response or de-

mand side management to optimise their electricity costs. Given the recent surge

in electricity prices, minimising electricity costs has become a priority for steel-

making plants. Strategies for energy-aware scheduling have been explored with a

variety of emphases, such as peak load management [23], [56], [57], electricity cost

reduction [58]{[61] and ancillary services provision [62]{[64]. Although a signi�cant

decrease in electricity costs is evident, other objectives, such as emission reduction

and make-span minimisation, in production schedules are often neglected. Some

studies emphasise multi-objective optimisations, considering both cost and emission

reduction. Given the concerns regarding fossil fuel usage and its resultant green-

house gas emissions, grid-related carbon emissions have likewise been highlighted

in the literature. Zhang et al. [65] examined the trade-o� between electricity costs

and grid-associated carbon emissions while not compromising production through-

put under time-of-use tari�s for a 
ow shop. For the scheduling of a steelmaking

process, current studies have mainly two limitations: 1) the existing model of the

steelmaking process is not compact enough; 2) the PTR of steel production orders

is overlooked.

The scheduling of the steelmaking process is often recognised as one of the most

intricate industrial scheduling problems, as it is a large-scale, multistage, multiprod-

uct batch process encompassing parallel equipment and critical production-related

constraints [27]. The RTN serves as a pro�cient modelling framework, systemati-

cally illustrating intricate chemical processes. [59] validate the e�ectiveness of the

RTN model for developing a steelmaking process model, e�ectively capturing the

key scheduling constraints of a steel plant. However, the modelling of indirect emis-

sions is neglected in the RTN model. Thus, to be applied to the multi-objective

scheduling problem, both electricity consumption and indirect emission need to be

included in the RTN model.

PTR refers to the maximum completion time required by the customers for the



2.3 Energy-Centric Scheduling of Steelmaking Processes 23

steelmaking order. The variability of the PTR arises from order modi�cations, such

as rush order arrival, order cancellation, and changes in due dates (either delays or

advances) [66], [67]. In the steelmaking process, PTR is the direct factor that a�ects

the to-be-selected make-span of the steelmaking plant, which directly impacts the

temporal 
exibility of the steel production process. [68] develop an energy-carbon

footprint optimisation model for a single-machine scheduling problem, generating

a schedule with a singular make-span. However, only considering a singular make-

span leads to some critical problems. When the PTR is shorter than the prede�ned

make-span, the obtained solution will be impractical in real-time production, while

the 
exibility of the steelmaking process is not fully utilised if the PTR is way

longer than the prede�ned make-span. Therefore, well-distributed Pareto solutions

are desirable to better leverage the temporal 
exibility of the steelmaking process

under di�erent PTR scenarios.

Additionally, by incorporating on-site RES like PV and wind power, the plant's

sustainability and cost-e�ectiveness can be signi�cantly enhanced [69]. However,

the batch production mode inherent in steelmaking poses challenges for e�cient

renewable energy utilisation due to poor time granularity. This issue stems from

a misalignment of time scales between electricity prices (e.g., a 60-minute interval

in the UK [70], RES predictions (e.g., a 30-minute interval in the UK [71], and

the batch production of secondary steelmaking (e.g., a 35{85-minute continuous

operating interval [59]. To tackle the poor time granularity issue, [72] proposed

a continuous-time model that incorporates on-site generation and potential grid

sell-back options, aiming to optimise the daily production schedules and electricity

purchases of a steel plant. The proposed solution scheme bene�ts from the exact

timing of the tasks by the continuous-time scheduling representation. However,

the limitation of the continuous-time model concerning computational performance

poses challenges when applied to larger instances. Another method to improve the

time granularity of the batch processes' 
exibility is to integrate the on-site 
exible

resources, e.g., ESS [73], into the production scheduling model. To overcome the

restriction of poor granularity on o�ering ancillary services due to discrete power

changes by switching on/o� the loading units, [74] propose a method for provid-

ing ancillary services by the combination of industrial loads, which can adjust their

power consumption only in large discrete steps, and an on-site ESS, which provides

the more granular power adjustments. Nonetheless, considering the distinctions be-

tween steelmaking and cement production processes, further research is needed to

explore how energy storage can bolster 
exibility in steel production. The above lit-

erature review indicates a signi�cant lack of studies on the coordinated optimisation



24 2.3 Energy-Centric Scheduling of Steelmaking Processes

of ESS and industrial processes to address the limitations of poor time granular-

ity inherent in batch production. This is particularly evident when considering the

distinct challenges associated with steelmaking processes.

2.3.2 Energy-Centric Scheduling of H 2-DRI-EAF Steelmak-

ing Process

Despite progress in emission reductions through e�ciency improvement and waste

valorisation [26], decarbonisation e�orts remain insu�cient to meet ISI's climate

commitments, which highlights the need for deep decarbonisation technologies [75],

[76]. As one of the leading deep decarbonisation routes, the H2-based iron and

steel plant (HISP), which utilises the H2-based direct reduction of iron ore (DRI)

followed by the EAF steelmaking process, has garnered increasing attention. There

have been intensive industrial investments [77] and successful pilot projects, such as

those of Swedish forerunners [17], in this area.

Nonetheless, the commercialisation of HISP still faces economic feasibility chal-

lenges due to the high electricity costs associated with H2 production [26]. Con-

sequently, numerous recent studies have focused on methods to enhance the HISP

economic feasibility, such as con�guring energy sources [26], selecting optimal plant

locations [76], and designing regional supply chains [78]. A consensus has emerged

that co-locating manufacturing processes with a local RES-dominated electricity

supplies, supplemented by grid assistance, can achieve higher energy e�ciency and

cost reduction [79]. Currently, the power grid is not fully decarbonised due to

its reliance on a mix of renewable and non-renewable energy sources. This varied

energy mix results in 
uctuations in electricity prices and grid-related emissions.

Therefore, 
exible scheduling of HISP production tasks is essential for reducing

electricity costs in response to the variability of renewable energy generation and

time-dependent electricity prices and grid-related emissions [78]. By emphasising a

cost-e�ective scheduling model, economic feasibility can be enhanced without sig-

ni�cant additional investments.

Recent studies have underscored the signi�cant role of cost-e�ective scheduling

in achieving substantial cost savings and improving grid support in energy-intensive

industries. In the context of cost savings, Papadaskalopouloset al. [80] develops a

whole-system model that evaluates the economic bene�ts of industrial demand 
exi-

bility. Their model optimises both long-term investments and short-term operations

while accounting for the variability in RES generations. Similarly, Zhanget al. [81]

propose scheduling models for steel plants in order to minimise electricity costs by

exploiting the operational 
exibility of EAF. Gan et al. [82] further investigate
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demand-side management strategies to reduce electricity purchases in steel plants

through targeted adjustments to key energy-intensive production processes. Addi-

tionally, Huang et al. [83] introduce a real-time demand response framework based

on hour-ahead electricity pricing. This approach combines arti�cial neural networks

for price forecasting with mixed-integer linear programming to optimise energy con-

sumption without compromising production goals. Beyond cost savings considera-

tions, several studies have explored the role of industrial facilities in enhancing grid

stability. For example, Zhou et al. [84] examine industrial heating loads such as

bitumen tanks for their potential to provide frequency response services through de-

centralised control systems. Zhaoet al. [85] propose a hierarchical control strategy

that integrates thermostatically controlled loads and H2 energy storage systems to

strengthen frequency regulation. Furthermore, Palenskyet al. [86] advocate for a

holistic approach to demand-side management that integrates technological innova-

tion, behavioural adjustments, and market-based incentives to improve both grids

e�ciency and stability.

However, the cost-e�ective scheduling of HISP production tasks is non-trivial, as

it is subject to critical operational constraints. The challenges of formulating oper-

ational constraints stem from the tight coupling and distinct operational character-

istics of HISP sub-processes. Traditional simulation tools, such as HYSYS, ProSim,

and Aspen Plus, are commonly used to simulate industrial processes and optimise

operational parameters. However, these tools often fall short in systemic decision op-

timisation and tend to overlook intricate dependencies among production tasks [87],

[88]. Similarly, while some studies have assessed the economic feasibility and envi-

ronmental impact of HISP for long-term techno-economic evaluations [78], [89], they

neglect operational constraints and complex dependencies among production tasks,

potentially resulting in infeasible schedules [88]. In recent years, the application of

arti�cial intelligence (AI) techniques has signi�cantly increased in enhancing steel

production e�ciency. For instance, studies utilising reinforcement learning have

demonstrated the ability of AI to manage complex production operations and im-

prove overall performance [90]{[92]. However, conventional \black-box" AI models

su�er from high data requirements and insu�cient interpretability, limiting their

industrial applications. As an alternative , RTN method, originally proposed within

the Process System Engineering community, o�ers a promising for industrial appli-

cations where transparency, interpretability and clear constraint management are

emphasised.

The RTN approach, �rstly proposed in 1994 [93], is a modelling framework to

mathematically depict the allocation of resources to tasks, ensuring well-organised
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resource use and task scheduling. Thus, RTN is recognised as one of the most gen-

eral and powerful paradigms for process scheduling and has been widely adopted

to handle complex processes with multiple stages and critical production require-

ments [94]. The RTN paradigm guarantees interpretability and transparency by

representing the fundamental governing rules of industrial processes through alge-

braic constraints [93]. The resulting algebraic constraints can be mathematically

formulated as mixed integer programming (MIP) problems and then solved using

MIP solvers to generate optimal schedules.

A few attempts have been made by researchers to apply the RTN method to

iron and steel production processes, which mainly focus on the scrap-based EAF

steelmaking process and the BF-BOF process. For the scrap-based EAF steelmaking

process, Castroet al. [95] validate the e�ectiveness of RTN formulation of the scrap-

based EAF steelmaking process, capturing the key operational constraints of an

EAF steel plant. Based on this work, Zhanget al. [81] expand the RTN formulation

to include EAF 
exibility by adjusting power rates, thus further reducing electricity

costs. In response to rising energy costs and decarbonisation pressures in the ISI,

Su et al. [28] extend the RTN formulation that incorporates both cost and emission

considerations. For BF-BOF process, Wanget al. [33] build an RTN formulation

of the steelmaking-re�nery-continuous casting process, facilitating the schedule of


exible resources at iron and steel sites. Comparing with the steelmaking processes

studied in existing literature, the H2-DRI-EAF process consists of multiple tightly

coupled sub-processes with distinct operational constraints. However, conventional

RTN methods have limited capability to handle the H2-DRI-EAF process, calling

for the augmentation of RTN formulation. To the author's best knowledge, the RTN

formulations to model the operational constraints of the H2-DRI-EAF process have

not yet been explored.
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3.1 Introduction

Building upon the literature review presented in Section 2.2, it is evident that exist-

ing studies on plant-level electri�cation transition pathway planning for steel plants

predominantly focus on single low-carbon steelmaking technology options and often

neglect the integration of evolving techno-economic parameters and decarbonisation

timeline of regional energy system over the planning horizon. Such insu�cient con-

sideration of dynamically evolving factors limits the capabilities of these models to

accurately re
ect the practical feasibility and economic viability of electri�cation

pathway decisions for steel plants.

To address these research gaps, this chapter proposes a bottom-up optimisation

model for electri�cation transition pathway planning in steel plants. The developed

model integrates multiple electri�cation technologies, evolving techno-economic pa-

rameters, and regional-speci�c energy system decarbonisation timeline, enabling

tailored electri�cation pathways at a regional scale. The model simultaneously opti-

mises long-term investment decisions and short-term operational strategies, thereby

enhancing adaptability to 
uctuations in renewable energy generations. Further-

more, the GDP method is employed to explicitly represent mutually exclusive and

parallel technology pathways, thus improving the transparency of decision-making

logic.

The remainder of this chapter is organised as follows: Section 3.2 introduces

the problem statement, while Section 3.3 provides the mathematical formulation

of the proposed bottom-up optimisation model. A case study, including the case

description and scenario setting, is provided in Section 3.4, while Section 3.5 presents

results and discussion. Finally, Section 3.6 concludes this chapter.

3.2 Problem Statement

Decarbonising the steel industry is crucial for achieving global climate targets due

to its substantial energy use and emissions. Moving to low-carbon steel requires

the integration of diverse technologies and the alignment of plant investments with

the evolving regional energy infrastructure. This study aims to optimise the setup

and operation of a steel plant using various decarbonisation methods on di�erent

timescales. Planning involves optimising investment and scheduling while respect-

ing regional infrastructure limits. Section 3.2.1 describes the processes of the steel

plant, highlighting the integration of multiple decarbonisation options. Section 3.2.2

presents the temporal representation for yearly planning and hourly operational

modelling.
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Figure 3.1: Framework of a steelmaking plant integrating multiple decarbonisation options

3.2.1 Process Description

As illustrated in Figure 3.1, the steelmaking plant integrates multiple decarboni-

sation pathways within a single plant framework. The schematic depicts material


ows of iron ore or pellets, sponge iron, scrap, and �nal steel slabs, alongside energy

carriers such as electricity, NG, hydrogen, and captured CO2. A shaft furnace can

operate 
exibly on NG, hydrogen, or their blends to produce sponge iron, which is

then combined with scrap in an EAF to produce steel. The EAF relies heavily on

electricity, which may increasingly be supplied by renewable sources complemented

by on-site energy storage. Additionally, residual CO2 emissions are partially miti-

gated through CCS, providing an additional lever for achieving stringent emission

reduction targets. This hybrid con�guration facilitates a staged transition from NG-

based DRI to hydrogen-based processes as hydrogen becomes more economically

viable, supported by gradual infrastructure build-up and technology maturation.

Despite growing research on these individual decarbonisation pathways, many ex-

isting studies treat each option in isolation and often neglect the interdependencies

with the surrounding energy infrastructure. Such oversimpli�cations risk neglect-

ing regional energy system constraints, including the rate of renewable capacity

expansion, the deployment of green hydrogen infrastructure, and evolving regional

resource markets. These omissions may yield planning strategies misaligned with

local conditions, potentially resulting in suboptimal investments or stranded assets.

To address these limitations, this study develops a plant-level planning model

for hydrogen-enabled steel plant decarbonisation, which integrates bottom-up mod-

elling of multiple decarbonisation technologies with top-down constraints from dy-

namically evolving regional energy systems. Furthermore, the model captures multi-
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Figure 3.2: Temporal resolution for co-optimisation of investment planning and operation

scale temporal dynamics by jointly optimising long-term annual investment decisions

alongside short-term hourly operational scheduling. Consequently, the proposed

model improves cost competitiveness, leverages system 
exibility, and aligns with

the phased deployment of low-carbon technologies and their supporting infrastruc-

ture.

3.2.2 Temporal Representation

As shown in Figure 3.2, the proposed optimisation model adopts a hierarchical

temporal structure that simultaneously captures long-term investment decisions and

short-term operational variability. Speci�cally, three nested time sets are considered:

years y 2 Y over the planning horizon, representative dayss 2 S to capture the

di�erence in daily scenarios, and hourly periodst 2 T to re
ect daily operational


uctuations.

Investment decisions, such as capacity expansions and technology shifts, are

made at the beginning of each year. To manage computational complexity, each

year, comprising 365 days, is approximated using a reduced set of representative

days identi�ed through clustering techniques based on PV and wind generation

availability, and electricity prices. Within each representative day, the model explic-

itly resolves hourly operations, thereby leveraging the role of ESS and the demand


exibility.
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To ensure that the operational model re
ects realistic combined variability of

key drivers, a joint scenario set is constructed. Historical time series of PV genera-

tion, wind output, and electricity prices are �rst clustered independently to extract

typical days for each parameter. These typical days are then combined to gener-

ate joint scenarios that encapsulate their correlated behaviour. This enables the

co-optimisation framework to jointly evaluate long-term investment trajectories and

short-term plant operations under diverse and statistically representative operating

conditions.

By employing this hierarchical temporal resolution and joint-scenario representa-

tion, the model e�ectively balances the need to capture long-term investment dynam-

ics with the operational 
uctuations, thereby providing a comprehensive framework

for the co-optimisation of investment planning and short-term system operation.

3.3 Mathematical Formulations

The optimisation aim is to reduce the levelised cost of steel (LCOS) throughout

the planning period, as described in (3.1)-(3.11) in Section 3.3.1. The path for

electrifying iron and steel plants is subject to a series of constraints to ensure the

feasibility of investment decisions, operational strategies, and system performance,

as detailed in (3.16) - (3.59) within Section 3.3.2 - Section 3.3.6.

3.3.1 Objective Function

The objective function is to minimise the LCOS of the proposed system on the

planning horizon, as shown in (3.1). The LCOS, as de�ned in [47], is calculated

as the sum of capital expenditure (CAPEX) and operational expenditures (OPEX)

divided by the total steel production over the planning horizon.

min 	 =
	 capex + 	 opex

�
; (3.1)

where 	 represents the LCOS of the proposed system over the planning horizon,

	 capex and 	 opex are capital investment costs and operation costs, respectively.Y is

the set of planning years. The � calculates the cumulative sum of steel production

over the planning horizon, as shown in (3.2).

� =
X

y2 Y

CSD
y ; (3.2)

whereCSD
y is the capacity for the crude steel demand for yeary.
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The CAPEX 	 capex is calculated as the sum of all investments in all types of

equipment over the planning horizon, as shown in (3.3).

	 capex =
X

y2 Y

Ry � C inv
y ; (3.3)

where Ry indicates the present value in yeary, which is discounted to the present

value by a discount factorr , as shown in (3.4).C inv
y is the total capital investment

cost in yearn, which is calculated by (3.5).

Ry = (1 + r )� y ; (3.4)

C inv
y =

X

j 2 J

cinv
j;y � QE j;y 8y 2 Y; (3.5)

where cinv
j;y denotes the capital expenditure for the unit capacity of equipmentj in

each planning yeary; QE j;y denotes the expansion capacity of each equipmentj in

the planning yeary.

The OPEX 	 opex is calculated annually and future operational costs are dis-

counted to the present value byRy, which consists of the raw material costCraw
y ,

the electricity purchase cost from the power gridCgrid
y , the labour cost C lab

y , the

emission costCemi
y , the maintenance cost of all equipmentCmai

y , CCS related costs

Cccs
y , and the external crude steel procurement costCbuy

y , as shown in (3.6).

	 opex =
X

y2 Y

Ry � (Craw
y + Cgrid

y + C lab
y + Cemi

y + Cmai
y + Cccs

y + Cbuy
y ); 8y 2 Y; (3.6)

Detailed equations for the cost terms of OPEX are shown in (3.7)-(3.13). The

costs of raw materials in (3.7) consist of the costs of raw materials (iron ore, NG,

H2, scrap, and other slag) consumed in the steelmaking process.

Craw
y =

X

s2 S

 

Ds �
X

m2 M

X

t2 T

craw
m;y � Fm;y;s;t

!

; 8y 2 Y; (3.7)

whereDs denotes the number of days for each typical day in one year;M denotes

the raw material set; craw
m;y denotes the unit cost of the raw materialm; S and T

are the sets of planning scenarios and time slots, respectively;Fm;y;s;t denotes the

amount of material m in the time slot t of the day in seasons and yeary.

The costs of purchasing grid electricity, determined by (3.8), are related to the
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time-of-use (ToU) electricity price and electricity purchased from the power grid.

Cgrid
y =

X

s2 S

 

Ds �
X

t2 T

celp
y;s;t � Pgrid

y;s;t

!

; 8y 2 Y; (3.8)

wherecelp
y;s;t is the price of electricity in the time slot t of the day in a speci�c season

s and the speci�c planning yeary; Pgrid
y;s;t denotes the electricity purchased from the

power grid in the time slot t of the day in a speci�c seasons and the speci�c yeary.

Emission costs are calculated by (3.9). The accounting of emissions in this study

follows the GHG Protocol, which classi�es emissions as scope 1, scope 2, and scope

3 [96]. Scope 1 emissions represent all direct CO2 emissions from sources owned or

controlled by the facility, including both combustion and process emissions arising

from the consumption of fuel and material on site. Emissions from scope 1 in

year y are calculated as (3.10). Scope 2 emissions include indirect GHG emissions

from purchased electricity, calculated as the plant's electricity consumption weighted

by the carbon intensity of the local power grid in each given year, as shown in

(3.11). Scope 3 includes all other indirect emissions throughout the value chain,

both upstream and downstream of the reporting facility. Due to the focus on plant-

level analysis and data limitations, the scope 3 emissions are not included in this

study.

Cemi
y = ctax

y �
�
Ems1

y + Ems2
y � Emccs

y

�
; 8y 2 Y; (3.9)

Ems1
y =

X

s2 S

�
Ds �

X

t2 T

� X

m2 M

� m � Fm;y;s;t
� �

; 8y 2 Y; (3.10)

Ems2
y =

X

s2 S

�
Ds �

X

t2 T

X

j 2 J

Elecj
y;s;t

�
� � grid;y ; 8y 2 Y; (3.11)

wherectax
y denotes the carbon tax in yeary, Ems1

y represents the emission of scope

1 in year y, Ems2
y is the emission of scope 2 in yeary, Emccs

y is the amount of CO2

captured using CCS technologies in yeary. � m is the emission factor of materialm;

� grid;y is the carbon intensity of the power grid in yeary; Fm;y;s;t is the consumption of

material m in year y, seasons, and time slot t; Elecj
y;s;t is the electricity consumption

of unit j in year y, seasons, and time slot t.

Labour costs, determined by (3.12), are positively correlated with the amount of

crude steel production.

C lab
y =

X

s2 S

 

Ds �
X

t2 T

clab � Fcs;y;s;t

!

; 8y 2 Y; (3.12)
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whereclab is the labour cost for the unit production of crude steel,Fcs;y;s;t represents

the crude steel production during yeary, seasons, and time slot t.

The maintenance costs of the equipment in (3.13), are calculated as the sum of

the maintenance costs for all the equipment installed.

Cmai
y =

X

eq2 REq

cmai
eq;y � Qr;y ; 8y 2 Y; (3.13)

wherecmai
eq;y is the maintenance cost for the unit capacity equipment of the equipment

eq in the planning year y. Qeq;y is the installed capacity of each equipmenteq in

year y. REq is the set of all the equipment.

The CCS-related costs in (3.14) are calculated as the product of the amount

captured CO2 and the sum of its corresponding transportation cost to the storage

facility and the CCS processing costs.

Cccs
y = Emccs

y � (cship + cccs); 8y 2 Y; (3.14)

whereEmccs
y denotes the amount of CO2 captured in yeary. The parameterscship

and cccs represent the unit costs of transport CO2 to the storage facility and CCS,

respectively, expressed in£/tCO 2.

The external crude steel procurement cost in (3.15) is calculated as the product

of the amount of crude steel purchased and its price. This is necessary when a local

plant cannot meet its own demand during the initial stages of transitions in the

production process or equipment construction.

Cbuy
y = ccs

y � CSD
y ; 8y 2 Y; (3.15)

whereccs
y denotes the price of crude steel acquired from other steel plants in yeary.

3.3.2 Investment Constraints

Investment constraints govern the evolution of equipment capacity in each produc-

tion process over the planning horizon as a result of discrete installation and expan-

sion decisions. These constraints comprise two tightly coupled components: (1) a

logical structure that determines the discrete decisions, and (2) a set of algebraic

constraints that specify how continuous variables behave under each decision. More

speci�cally, the full investment logic is captured by the following three mutually

exclusive clauses:

ˆ Clause 1: Installed and Expanded
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In this case, the process has been installed and an expansion is executed in year

y. The total installed capacity is updated based on the capacity of the previous

year and the new expansion, expressed in (3.16) fory > 1, and initialised in the

�rst year by (3.17). The installed capacity and expansion amount are further

bounded, as shown in (3.18) and (3.19).

Qj;y = Qj;y � 1jy> 1 + QE j;y ; (3.16)

Qj; 1 = QE j; 1; (3.17)

Q � Qj;y � Q; (3.18)

QE � QE j;y � QE; (3.19)

where Qj;y is the total installed capacity of processj in year y; QE j;y is the

additional capacity expansion in yeary. Q and Q are the lower and upper

bounds for installed capacity; andQE and QE are the lower and upper bounds

for expansion capacity.

ˆ Clause 2: Installed but Not Expanded

When the process is installed but no expansion is made in yeary, the total

installed capacity remains unchanged and the expansion variable is set to zero,

as described in (3.20) and (3.21).

Qj;y = Qj;y � 1; (3.20)

QE j;y = 0; (3.21)

ˆ Clause 3: Not Installed

If the process is not installed, both the installed capacity and the expansion

amount are set to zero, as required by (3.22) and (3.23).

Qj;y = 0; (3.22)

QE j;y = 0; (3.23)

This study uses the GDP to represent high-level logical statements by linking

logical clauses with algebraic constraints without immediate algebraic translation.

Installation and expansion decisions are managed by a nested disjunction, as shown

in (3.24). The primary decision is whether to install the processj (gj ) or not ( : gj ).

The secondary decision concerns the expansion of the installed processj in year y

(zj;y ) or not ( : zj;y ). If installed (gj is true) and expanded in yeary (zj;y is true),

the constraints in (3.16)-(3.19) apply. If no expansion occurs (: zj;y ), (3.20)-(3.21)
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apply. When not installed (: gj ), (3.22)-(3.23) apply.

2

6
6
6
6
6
6
6
6
6
6
6
6
6
4

gj
2

6
4

zj;y

(3.16) � (3.19)

3

7
5

_

2

6
4

: zj;y

(3.20) � (3.21)

3

7
5

3

7
7
7
7
7
7
7
7
7
7
7
7
7
5

_

2

6
4

: gj

(3.22) � (3.23)

3

7
5 ; 8j; y; s; t; (3.24)

where gj is a Boolean variable representing if processj is installed, and zj;y is a

Boolean variable indicating whether processj expands in yeary. Square brackets

[ : ] group the conditions linked to each disjunct, aligning with the GDP framework's

nested logic. The symbol: stands for logical negation (NOT), while_ represents

logical disjunction (OR), indicating mutually exclusive decision paths.

Considering the technology readiness level (TRL) of each technology archetype

is vital. The equipment is built once the corresponding technology reaches TRL 8,

signaling readiness for commercialisation. This serves as a time-based constraint

that prevents process capacity installation until maturity, as detailed in (3.25).

Qj;y = 0; 8j 2 J; 8y � yTRL8
j ; (3.25)

whereyTRL8
j indicates the year when the technology for processj achieves TRL 8.

3.3.3 Operational Constraints

Operational constraints determine whether a process can operate, depending on dis-

crete installation and operational decisions. These constraints comprise two interde-

pendent components: (1) a logical structure governing the feasibility of operation,

and (2) a set of algebraic expressions that characterise physical behaviour under

each operational state. The full operational logic is captured by the following three

mutually exclusive clauses.

ˆ Clause 1: Installed and Operated

In this case, the process is installed and operated in yeary, scenarios and

time slot t. The 
ow of output material m, as described in (3.26), is propor-

tional to the installed capacity, with m associating the process to its output in

(3.27). The corresponding electricity consumption is calculated in (3.28), and
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the material 
ows are subject to transmission capacity limits as in (3.29).

F out j
m;y;s;t = Qj;y � 
 j ; (3.26)

m = f out j (j ) ; (3.27)

Elecj
y;s;t = elj � F out j

m;y;s;t ; (3.28)

Fm;y;s;t � Fm ; (3.29)

whereF out j
m;y;s;t denotes the output 
ow of material m during year y, scenarios,

and slot t. Elecj
y;s;t represents electricity consumption during yeary, scenario

s, and slot t, and elj is the electricity intensity of the processj . Fm;y;s;t is the


ow of material m during the year y, the scenarios and the slot t, bounded by

the upper capacity limit Fm .

ˆ Clause 2: Installed but Not Operated

In this case, the process is installed but not operated in the speci�ed period.

Hence, material 
ow is set to zero, as shown in (3.30):

Fm;y;s;t = 0; (3.30)

ˆ Clause 3: Not Installed

If the process is not installed, it cannot operate and must have zero installed

capacity and zero material 
ow, as enforced in (3.31)-(3.32):

Qj;y = 0; (3.31)

Fm;y;s;t = 0; (3.32)

Operational constraints are incorporated within the GDP framework as a nested

disjunction, as illustrated in (3.33). This formulation encapsulates high-level opera-

tional logic by associating discrete decisions with their corresponding algebraic con-

straints. The primary decision relates to whether the processj is installed (gj ) or not

(: gj ). Conditioned upon installation, the subsequent decision involves determining

whether the process is executed in yeary, scenarios, and time slot t (wj;y;s;t ) or not

(: wj;y;s;t ). If the process is installed and executed, constraints (3.26){(3.29) are in-

voked, which delineate output 
ow, electricity consumption, and material transmis-

sion limits. In contrast, if the process is installed but not operational, the constraint

(3.30) ensures zero material 
ow. In instances where the process is not installed,
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constraints (3.31){(3.32) mandate zero installed capacity and zero 
ow.

2

6
6
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6
4

gj
2

6
4

wj;y;s;t

(3.26) � (3.29)

3

7
5 _

2
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4

: wj;y;s;t

(3.30)

3

7
5

3

7
7
7
7
7
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_

2

6
4

: gj

(3.31) � (3.32)

3

7
5 ; 8j; y; s; t (3.33)

where wj;y;s;t is a Boolean variable that indicates whether the installed processj

operates in yeary, scenarios and time t.

Raw material availability is limited by the commissioning time of the respective

supply facilities, as indicated in equation (3.34). For instance, hydrogen availability

depends on the start date of the hydrogen pipeline for delivery within the industrial

cluster. Similarly, process equipment availability relies on its technological readiness

and planned construction completion year. Before these points, capacity is zero, as

dictated by equation (3.35).

Fm;y;s;t = 0; 8m 2 M input ; 8y � yava
m ; (3.34)

Qj;y = 0; 8j 2 J; 8y � max
�

ytrl 8
j ; ycon

j

	
; (3.35)

whereyava
m is the availability year of input material m; M input is the set of all input

materials; Qj;y is the installed capacity of processj in year y; ytrl 8
j is the year when

processj reaches TRL 8;ycon
j is the construction completion year of processj .

Material balance constraints for crude steel NG and hot metal are given in (3.36)-

(3.38). (3.36) states crude steel production equals the sum of scrap-based steel,

adjusted by scrap-to-steel e�ciency� scrap , and hot metal from shaft furnaces. (3.37)

relates NG consumption in EAF to crude steel production via gas consumption factor

� eaf
ng . (3.38) states hot metal production equals the output from NG and H2-based

direct reduction processes, adjusted for fuel conversion e�ciencies.

Fcs;y;s;t =
Fscrap;y;s;t

� scrap
+ Fhm;y;s;t ; (3.36)

Fngeaf ;y;s;t = � eaf
ng � Fcs;y;s;t ; (3.37)

Fhm;y;s;t =
Fhm ng ;y;s;t

� sf
ng

+
Fhm h 2 ;y;s;t

� sf
h2

; (3.38)

whereFcs;y;s;t is the total crude steel production in yeary, seasons, and time slot

t; Fscrap;y;s;t is the scrap input into the EAF in year y, seasons, and time slot t;

� scrap is the scrap-to-steel conversion e�ciency;Fhm;y;s;t is the hot metal produced

from shaft furnace (SF) in yeary, seasons, and time slot t. Fngeaf ;y;s;t is the NG
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consumed in EAF in yeary, seasons, and time slot t; � eaf
ng is the NG consumption

factor in the EAF. Fhm ng ;y;s;t and Fhm h 2 ;y;s;t are hot metal 
ows from NG- and H2-

based shaft furnaces, respectively; and� sf
ng and � sf

h2 are the speci�c fuel conversion

factors for NG- and H2-based SFs.

Additional logic constraints are given in (3.39) - (3.44). The cardinality clauses

in (3.40) - (3.41) establish the hierarchical decision logic among installation, oper-

ation, and expansion. The constraint in (3.39) ensures that exactly one disjunct,

either process installation (gj ) or non-installation (: gj ), is selected for each process.

Similarly, the constraint (3.40) guarantees that if a process is installed (gj = true),

exactly one of the operational decisions (wj;y;s;t or : wj;y;s;t ) is selected; otherwise,

neither is selected, ensuring that operation is possible only if the process is installed.

Constraint (3.41) imposes that expansion decisions (zj;y ) are only considered when

the process is in operation.

� (1 ; f gj ; : gj g) ; 8j 2 J; (3.39)

� ( gj ; f wj;y;s;t ; : wj;y;s;t g) ; 8j 2 J; y 2 Y; s2 S; t 2 T; (3.40)

� ( wj;y;s;t ; f zj;y ; : zj;y g) ; 8j 2 J; y 2 Y; s2 S; t 2 T; (3.41)

where the operator �(a; f b;: bg), commonly used in the GDP paradigm, denotes a

cardinality constraint requiring exactly a true element(s) in the Boolean setf b;: bg.

The propositional logic constraint in (3.42) ensures that the DRI process can only

be installed if the EAF process is also installed. (3.43) enforces that, if a process is

installed, it must operate at least once during the planning horizon. (3.44) further

requires that for any operation of the processj , at least one expansion event must

be scheduled from the start of the planning horizon to timet.

gDRI ) gEAF (3.42)

gj )
_

y2 Y;s2 S;t2 T

wj;y;s;t ; 8j 2 J; (3.43)

wj;y;s;t )
t_

t= t0

zj;y ; 8j 2 J; y 2 Y; s2 S; t 2 T; (3.44)

wheregDRI and gEAF denote the installation statuses of the DRI and EAF processes.

The operator) , frequently used in the GDP paradigm, indicates logical implication,

while
W

signi�es a disjunction over an indexed set, necessitating that at least one

set element is true.
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3.3.4 Annual Production Requirements

The sum of the annual production capacity and the steel bought from other locations

must match the demand capacity outlined in (3.45), with annual production capacity

detailed in (3.46).

CSP
y + CSB

y = CSD
y ; 8y 2 Y; (3.45)

CSP
y =

X

s2 S

Ds �
X

t2 T

Fcs;y;s;t ; 8y 2 Y; (3.46)

where CSP
y is the annual production of crude steel in each planning yeary. CSB

y

denotes the crude steel purchased from other sites in yeary; Fcs;y;s;t indicates the


ow of crude steel production in yeary, scenarios and time stept.

3.3.5 Energy Balance Constraints

The energy demand is determined by the sum of the electricity consumption of

all processes, as calculated in (3.47). The overall energy balance of the system is

ensured by (3.48), which guarantees the balance between the supply and demand of

electricity.

PD
y;s;t =

X

j 2 J

Elecj
y;s;t ; 8y 2 Y; s2 S; t 2 T; (3.47)

PD
y;s;t = Pwt

y;s;t + Ppv
y;s;t + PGrid

y;s;t � P ch:
y;s;t + Pdisch:

y;s;t ; 8y 2 Y; s2 S; t 2 T; (3.48)

where PD
y;s;t is the total electricity demand in year y, scenarios and time slot t;

Elecj
y;s;t is the electricity consumption of the processj in year y, scenarios and

time slot t; Pwt
y;s;t and Ppv

y;s;t are the electricity supplied by on-site wind and PV

generation in yeary, scenarios and time slot t, respectively;PGrid
y;s;t is the electricity

purchased from the grid in yeary, scenarios and time slot t; P ch:
y;s;t and Pdisch:

y;s;t are

the electricity charged to and discharged from the storage system in yeary, scenario

s and time slot t, respectively.

The availability of renewable energy is determined by the commissioning status

of the corresponding generation infrastructure. For example, the availability of wind

power in each time slott is restricted by the installed capacity of wind power plants,

as speci�ed in (3.49). Similarly, the availability of PV power is constrained by the
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commissioned PV capacity, as shown in (3.50).

Pwt
y;s;t � Pwt;u

y;s;t � V wt
y ; 8y 2 Y; s2 S; t 2 T; (3.49)

Ppv
y;s;t � Ppv;u

y;s;t � V pv
y ; 8y 2 Y; s2 S; t 2 T; (3.50)

wherePwt
y;s;t and Ppv

y;s;t are the actual wind and PV power generated in yeary, scenario

s, and time stept; Pwt;u
y;s;t and Ppv;u

y;s;t are the unit output pro�les of wind and PV; V wt
y

and V pv
y are the installed capacities of wind and PV power in yeary.

The operation of the BESS is governed by the following constraints, which collec-

tively ensure its energy balance, operating limits, and temporal consistency. (3.51)

models the dynamic energy balance, updating the stored energy based on charging

and discharging activities at each time step. (3.52) initialises the energy level at

the beginning of each year using a prede�ned initial state. The battery state of

charge (SoC) is de�ned in (3.53) as the relationship between the stored energy and

the total energy capacity and is limited within the levels permitted in (3.54). The

charging and discharge power are restricted in (3.55) and (3.56), where the binary

variable � y;s;t enforces mutually exclusive operation modes. Lastly, (3.57) imposes

an end-of-day condition to restore SoC to its initial level, ensuring operational con-

sistency throughout representative days.

E bess
y;s;t = E bess

y;s;t � 1 j t> 1 + P ch:
y;s;t � Pdisch:

y;s;t ; 8y 2 Y; s2 S; t 2 T; (3.51)

E bess
y;s;1 = E bess

ini j t=0 + P ch:
y;s;t � Pdisch:

y;s;t ; 8y 2 Y; s2 S; t 2 T; (3.52)

SoCy;s;t =
E bess

y;s;t

E bess
cap

; 8y 2 Y; s2 S; t 2 T; (3.53)

SoC � SoCy;s;t � SoC; 8y 2 Y; s2 S; t 2 T; (3.54)

P ch:
y;s;t � P ch:

max � � y;s;t ; 8y 2 Y; s2 S; t 2 T; (3.55)

Pdisch:
y;s;t � Pdisch:

max � (1 � � y;s;t ); 8y 2 Y; s2 S; t 2 T; (3.56)

SOCy;s;jT j = SOCinitial ; 8y 2 Y; s2 S; (3.57)

whereE bess
y;s;t is the energy stored in the BESS;P ch:

y;s;t and Pdisch:
y;s;t are the charging and

discharging power of BESS;E bess
ini is the initial SoC of BESS;E bess

cap is the energy

capacity of the storage system;SoCy;s;t is the SoC in each time step;SoC and SoC

represent the minimum and maximum allowable SoC levels;P ch:
max and Pdisch:

max are

the maximum charging and discharging rates;� y;s;t is a binary variable representing

the operational mode of the battery (charging or discharging); andSoCinitial is the

target SoC at the end of each representative day.
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3.3.6 Carbon Intensity Constraints

The carbon intensity constraint regulates the allowed amount of CO2 emissions per

unit of crude steel production, as enforced by (3.58). Additionally, (3.59) limits

the amount of captured CO2 to be no greater than the annual emissions of scope

1, re
ecting the assumption that CCS is applied exclusively to scope 1 emission

sources.
P

Ems1
y + Ems2

y � Emccs
y

CSD
y

� " y 8y 2 Y; s2 S; t 2 T; (3.58)

Emccs
y � Ems1

y ; 8y 2 Y; (3.59)

where" y is the limit of the carbon intensity imposed in yeary.

3.4 Case Study

3.4.1 Case Description

Steel Plant Overview

This section evaluates the proposed model using a case study of the Tata Steel UK

plant, the UK's largest steel producer with an annual capacity of around 3 million

tonnes of crude steel [34]. By 2030, the plant targets a 30% reduction in CO2

emissions and aims to achieve carbon neutrality by 2045. To meet decarbonisation

goals, the plant phased out its last blast furnace in 2024 and switch to scrap-based

EAF facilities by 2027 [34]. Production will pause until late 2027 during facility

construction [31]. The crude steel needs will be met by other sites [34].

The shift focusses on implementing greener steel production methods, notably

scrap-based EAF and hydrogen-based DRI-EAF processes. The selection of these

technologies hinges on their development stage, resource availability, and cost-

e�ectiveness under various energy and carbon pricing conditions. Emission reduction

technologies for steel production are being considered and assessed using their TRL.

Table 3.1 shows when these technologies are expected to achieve TRL 8 [97]. Ta-

ble 3.2 presents the carbon intensity and potential captured CO2 of each route [97].

From 2025 to 2050, CAPEX remains stable for SF at£418=tdri � a [97] and for EAF

at £375=tcs�a [34]. The maintenance coe�cientcmai
eq;y in OPEX is kept at 3% for both

SF and EAF over the planning horizon [47]. In OPEX, other parameters include a

labour coe�cient clab of £20 =tcs, CCS unit costcccs and CO2 transport cost cship at

£33 =tCO2 and £12.4=tCO2 respectively [98].
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Table 3.1: Availability year of decarbonisation technologies [97]

Technology Scrap-
based EAF

DRI-EAF CCS DRI-EAF with
50% H2

DRI-EAF with
100% H2

Year(TRL=8) 2025 2025 2030 2030 2040

Table 3.2: Carbon intensity and potential captured CO2 of each route,tCO2=tcs [97]

Routes Scrap-based
EAF

DRI-EAF DRI-
EAF 50% H2

DRI-
EAF 100% H2

Carbon intensity 0.16 0.85 0.69 0.08

Captured CO2 - 0.77 0.61 -

Regional Context

Regionally, Tata Steel UK is located within South Wales Industrial Cluster (SWIC),

a region that undergoes a signi�cant low carbon transformation. SWIC has secured

£20 million in funding to explore pathways toward achieving net zero emissions by

2040. This includes developing regional hydrogen production, expanding transport

and utility networks, scaling up renewable energy, and deploying carbon capture

and storage (CCS) as an interim solution.

Figure 3.3 illustrates the geographic and infrastructure context of the SWIC.

The Tata Steel plant, marked by a red star, is located in Port Talbot within the

Neath{Port Talbot region (highlighted in pink), which hosts the highest installed re-

newable energy capacity in Wales. This provides a solid foundation for the supply of

renewable electricity to the steel plant, with further expansion of renewable capacity

expected, as shown in Table 3.3 [99]. To the west, Milford Haven (shaded green)

serves as a major regional energy hub, featuring a lique�ed natural gas (LNG) ter-

minal and planned green hydrogen production facilities powered by o�shore wind.

A dedicated hydrogen pipeline (blue dashed line) is proposed to transport green

hydrogen from Milford Haven to Port Talbot, supporting hydrogen-based steelmak-

ing processes. In parallel, a NG pipeline (solid blue line) runs through the region

to supply NG for NG-based DRI production. In addition, CO2 captured from the

steel plant is planned to be transported (red arrows) to nearby coastal terminals for

o�shore storage in the Celtic Sea, facilitating future integration with CCS infras-

tructure.

Electricity prices [100], PV power output [101], and wind power output [102]

are obtained from publicly available online databases. Data for the most recent
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