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Highlights

Rational capacity investment for renewable hydrogen-based steelmaking systems:
a multi-stage expansion planning strategy

Kangling Sheng, Xiaojun Wang, Fangyuan Si, Yue Zhou, Zhao Liu, Haochen Hua, Xihao Wang,
Yuge Duan

o Rational capacity investments for RHSS from 2025 to 2050.
e Develop a multi-stage expansion planning model for RHSS.

o RHA can improve computational efficiency and achieve an optimal solution in a reasonable
time frame.

o Sensitivity analysis shows the discount rate as the key factor in the planning results.

o The adaptability of RHA is evaluated through robustness analysis.
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Abstract

To improve energy efficiency and mitigate environmental impact, the iron and steel industry
(IST) is responsible for implementing a low-carbon transition. The renewable hydrogen-based
steelmaking system (RHSS) has emerged as an innovative energy system in the pathway of
reducing the carbon footprint of ISI. Nonetheless, the sustainable development requirements of
RHSS emphasize the critical need for well-planned capacity investments to boost its economic
viability. This study introduces a novel planning strategy for RHSS referred to as a multi-stage
expansion planning (MSEP) model, which is aimed to minimize the levelized cost of crude steel
over the planning horizon from 2025 to 2050 (EU climate neutrality year). The MSEP model
incorporates the construction sequence and dynamic techno-economic parameters to formulate
investment strategies that adapt to changing system requirements and external conditions over
the planning horizon. To address the complexity of the MSEP model, a rolling-horizon approach
(RHA) is proposed to solve the model sequentially while integrating updated information. The
proposed approach is benchmarked against both the single-stage approach and the perfect-
sight approach through case studies. The numerical results show that the proposed RHA
(i) guarantees a rational capacity investment strategy for RHSS considering the construction
sequence and dynamic techno-economic parameters over multiple planning stages; (ii) achieves
a reduction in the levelized cost of crude steel by approximately 50% relative to the single-stage
approach; (iii) resolves the convergence issues encountered with the perfect-sight approach while
achieving an optimal solution in a reasonable time frame. Additionally, sensitivity analysis
evaluates the uncertainties of multiple factors on the planning results, while the robustness
analysis confirms the applicability and adaptability of RHA across various scenarios.

Keywords:
Multi-stage expansion planning, Rational capacity investment, Rolling-horizon approach,

Renewable hydrogen-based steelmaking

1. Introduction

1.1. Background

Accelerating the low-carbon energy transition has become a global consensus [1]. In the
face of escalating environmental and social pressures, the UN’s global roadmap has announced
ambitious commitments to achieve net-zero emissions by 2050 [2]. The iron and steel industry

*footnote: The short version of the paper was presented at ICAE2023, Doha, Qatar, Dec 3-5, 2023. This
paper is a substantial extension of the short version of the conference paper.
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(IST), known for its high energy and CO, intensity, accounts for approximately 8% of the global
final energy demand and 7% of energy sector COq emissions [3]. On average, the production of
one ton of steel requires 5.17 MWh of primary energy and releases 1.9 tonnes of COq [4]. As
the world’s leading steel producer and consumer, China’s annual steel production exceeded one
billion tonnes in 2023, accounting for 54% of the global steel production [5]. The CO, emissions
from China’s steel production accounted for over 60% of global CO, emissions in this sector,
making it the largest single contributor to CO, emissions within the global steel industry [6].

Electrification of the industry can entirely abate the energy-related CO, emissions, reducing
the industry bottleneck to only residual process emissions [7]. An increasingly preferred strategy
for the electrification of ISI is the application of electric arc furnaces (EAF), which is especially
favored by its potential for flexibility [8], low environmental impact [9], and scrap steel recycling
[10]. Almost 20% of steel production worldwide and over 40% in the EU uses EAF to process
recycled scrap steel [11]. However, as electricity is one of the dominant contributors of inputting
energy in EAF, with the consumption of about 320-580 kWh/t.s in general [12], the economic
feasibility of EAF is heavily dependent on the level of electricity consumption and the electricity
price.

As the energy system is transitioning towards a higher share of renewable energy resources
(RES) [13], RES is expected to grow with the active and broad implementation in the electri-
fication of ISI. The rapid decline in costs associated with the proliferation of renewable energy
technologies [14], forthcoming options to increase the uptake of RES as one possible way to
reduce energy consumption and CO, emissions in the electrification of ISI. Green hydrogen
produced by water electrolysis using RES offers the necessary flexibility to tackle with the
variability of RES [15]. In addition to serving as a clean energy source, hydrogen also plays a
critical role as a reducing agent in the iron ore reduction process [16]. In contrast to traditional
carbon-intensive steelmaking routes, such as blast furnace basic oxygen furnace (BF-BOF) and
natural gas-based direct reduction ironing followed by electric arc furnace (NG-DRI-EAF), the
hydrogen-based direct iron ore reduction followed by electric arc furnace (HDRI-EAF) route is
emerging as a promising alternative, which uses hydrogen instead of carbon-based reductants
such as coke and natural gas, exemplifies a significant shift from carbon-based to hydrogen-
based steelmaking pathways [17].

In recent years, several projects have been launched worldwide to explore the technical and
commercial viability of the HDRI-EAF route, including the EU-funded H2FUTURE project
[18], the SALCOS project in Germany [19], the POSCO project in South Korea [20], and
the Baowu project in China [21]. The MIDREX and HYL III processes, as the primary gas-
based direct reduction method for producing DRI, accounting for approximately 80% of the
global steel production based on shaft furnaces (SF) [22]. In addition, the possibility of flexible
use of up to 100% hydrogen in the MIDREX process has the potential to become one of the
cornerstones of the global strategy to the decarbonization of ISI [23].

Although there exists a promising pathway for the low-carbon transformation of ISI through
the HDRI-EAF route and green hydrogen production, economic feasibility remains critical
to the development of this pathway, especially when using 100% hydrogen. The viability of
this pathway largely hinges on the costs associated with hydrogen production and the related
CO, emissions. The renewable hydrogen-based steelmaking system (RHSS), integrated with
renewable energy generation, green hydrogen production, and steelmaking processes, represents
an innovative paradigm of energy systems. The increasing maturity of related technologies, such
as green hydrogen production and hydrogen-based direct reduction of iron ore, is presenting
encouraging opportunities to enhance the development of RHSS and expand its market presence
consequently. Establishing expansion planning strategies that account for system evolution is
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essential to optimize the long-term energy and economic efficiency of RHSS.

1.2. Literature review

Previous research on the optimal planning of energy systems are focused on the co-optimization
of investment and operational strategies by a bi-level planning structure to achieve the lowest
total cost or the highest profit [24, 25, 26].

Some researchers have explored investment planning on equipment capacity of RHSS. For
instance, Ref.[27] uses a linear cost-minimization model with hourly resolution to determine
the cost-optimal operation and sizing of RHSS units. Ref.[28] addresses system design and
operational logic to ensure a consistent mass flow rate of hydrogen. Life cycle assessments
(LCA) are commonly used to evaluate the levelized cost of crude steel (LCOCS). Ref.[29]
emphasizes the impact of electricity prices and scrap steel usage on LCOCS. Ref.[30] further
extends this analysis by considering the impact of the day-ahead electricity market on LCOCS.
Other aspects of studies address renewable energy and electrolysis capacity requirements for
the HDRI-EAF route, as discussed in Ref.[31, 32].

While most research considers current techno-economic parameters in designing optimal
capacity investments, strategies for future expansion planning are less thoroughly investigated
[33]. Considering the swift changes in techno-economic parameters due to technological ad-
vances and market growth, developing a dynamic expansion planning model is essential to
construct a rational planning strategy that ensures the economically and environmentally effi-
cient development of RHSS.

To the best of our knowledge, the single-stage approach (SSA) and the perfect-sight ap-
proach (PSA) are typical approaches for capacity investment planning of energy systems. The
key characteristics of these two approaches are summarized in Table 1.

Table 1: Collection of literature on planning strategies of energy systems, indicating approaches and the
MSEP model involvement. 'N/A’ denotes not applicable, and -’ indicates data not provided.

Ref  System Type Planning  Approach  Objective Function MSEP Model
Horizon Involvement

[30] Hydrogen-based steel- 20 years  SSA Minimization of the levelized N/A
making system cost of production.

[34] Integrated electricity- - SSA Minimization of the total annual N/A
heat-cold system cost considering CVaR.

[35] Integrated electricity- 20 years SSA Minimization of the levelized N/A
hydrogen system cost of hydrogen.

[36]  Isolated hybrid - SSA Minimization of the total annual N/A
AC/DC microgrids cost.

[37] Hydrogen-electricity 10 years SSA Minimization of the total annual N/A
integrated systems cost.

[38] Active  distribution 26 years  PSA Minimization of the net present / (2 stages)
network value of investment and opera-

tional costs.

[39] Electric power and 15 years  PSA Minimization of the operating +/ (3 stages)

natural gas systems costs of the electric power and
natural gas systems.

[40] Integrated electricity- 20 years — PSA Minimization of the total annual / (4 stages)
heat-cold system costs of one representative year.

[41] Integrated electricity- 10 years PSA Minimization of the total annual +/ (5 stages)
gas-heat system costs.
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However, SSA relies on a single foresight horizon during the planning process, potentially
leading to redundant initial equipment capacity and substantial upfront investment costs [42].
For energy transitions over decades or even centuries, the multi-stage expansion planning
(MSEP) model is constructed to achieve better source-load matching and improve the eco-
nomic efficiency of long-term investment decisions by considering the construction sequence
and updates of techno-economic parameters [43]. PSA assumes that investors have perfect
foresight of the planning horizon, allowing optimization of both operating and investment de-
cisions throughout the planning horizon. However, as the expansion planning model for energy
systems is becoming increasingly challenging due to the growing complexity of system structures
and the longer planning horizons, the optimization model of PSA is burgeoned with large-scale
variables and constraints and is hard to solve within a reasonable time frame. Table 1 presents
a collection of literature on planning strategies of energy systems, indicating approaches and
the MSEP model involvement.

To overcome the limitations of SSA that may lead to suboptimal investment decisions and
the computational complexity of PSA, it is imperative to adopt a practical approach to reduce
the computational effort of the model. The rolling-horizon approach (RHA) addresses the
complexity of multi-stage optimization problems by implementing a temporal decomposition
strategy that simplifies the underlying temporal structure of the problem [44]. RHA starts the
optimization process with a finite foresight horizon, solving the problem iteratively by adapting
to a progressively displaced planning horizon and applying only the decisions relevant to the
current stage. By using a fix-and-update algorithm, RHA generates sequential optimization
decisions over the entire planning horizon, thereby reducing the computational effort.

1.3. Research gap and contribution

In summary, the existing literature applies a range of approaches to the planning strategies of
RHSS. However, there remains a noticeable gap in the systematic and comprehensive discussion
of expansion planning strategies for RHSS. By answering the question “What is the optimization
structure of the multi-stage expansion planning model of RHSS considering the construction
sequence and dynamic techno-economic parameters over the planning horizon, and how can this
model be solved accurately and efficiently?”, this study aims to develop a multi-stage expansion
planning model for RHSS and propose a rolling-horizon approach to balance the complexity and
feasibility of optimization, thereby providing a practical solution for the multi-stage expansion
planning of RHSS. The research framework of this study is illustrated in Fig. 1.

The main contributions of this study are threefold:

e Develop a multi-stage expansion model for RHSS, considering the construction sequence
and dynamic techno-economic parameters over the planning horizon from 2025 to 2050,
which provides rational capacity investment strategies to ensure the long-term economic
sustainability in both the investment and operation of RHSS.

e Propose a rolling-horizon approach to address the complexity of the optimization model
by segmenting the MSEP model into sequential sub-problems. This approach aims to
reduce the computational effort without sacrificing accuracy, thereby providing a practical
solution.

o Conduct sensitivity analysis to assess the impact of uncertainty in techno-economic pa-
rameters on the planning results. Meanwhile, perform robustness analysis under various
load growth scenarios to evaluate the applicability of RHA.



121 The structure of the rest of the paper is organized as follows: Section 2 presents the MSEP
122 model of RHSS and Section 3 introduces the schematic of RHA for solving the MSEP model and
123 the algorithmic steps involved. The practical implications of the proposed approach through
124 case studies are illustrated in Section 4. Section 5 provides conclusions and suggestions for
s future work.

(1) PROBLEM IDENTIFICATION (3) OPTIMIZATION STEPS OF RHA
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Fig. 1. TThe research framework of this study.

126 2. Problem definition and mathematical formulation

127 This section presents the MSEP model for minimizing the levelized cost of crude steel
s (LCOCS) of RHSS over the planning horizon, which determines the optimal capacity configu-
129 ration of equipment and operating strategies to meet the system load requirements.

130 Besides, the MSEP model incorporates dynamic techno-economic parameters through a
131 time-varying framework that updates equipment costs, technological advancements, and eco-
12 nomic factors at each planning stage. This approach ensures that the sequence of construction
133 activities align with both immediate and long-term system goals, optimizing resource deploy-
1+ ment and adapting to changing conditions.

135 2.1. Process description

136 As depicted in Fig. 2, RHSS allows the coupling of renewable electricity and the steel
137 production process, integrating with renewable energy generation, green hydrogen production,
s hydrogen storage, direct reduction of iron ore, and steelmaking processes, which could be
139 regarded as the “power to steel” conversion pathway.

140 Precisely, various RES such as photovoltaic (PV) and wind turbines (WT) are utilized by the
1 system alongside conventional grid electricity. The power grid (PG) provides supplementary
12 support to compensate for the intermittency of RES, ensuring a reliable electricity supply.
13 Hydrogen is produced by electrolysis (EL), which is considered to be a polymer electrolyte
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Fig. 2. The framework of RHSS

membrane (PEM) in this study. The hydrogen tank (HT) stores hydrogen for subsequent use
in the steelmaking process, which manages the intermittent supply of hydrogen and the constant
demand in downstream steelmaking processes. Hydrogen is then fed to the SF for direct iron
ore reduction. The process culminates in the conversion of direct reduced iron (DRI) into steel
in the EAF, thus completing the "power to steel” pathway.

2.2. Model assumption

Based on the process description above, the following assumptions are made for the MSEP
model of RHSS:

1) Each planning stage is represented by a single year of each stage, the investment decision
is made at the beginning of each planning stage [39].

2) The crude steel production of RHSS is greater than or equal to its rated production
demand.

3) All material flows within the production cycle must adhere to the law of conservation of
mass.

4) There is no product transportation time and no shadow product costs.
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2.3. Objective function

The optimization objective of the MSEP model is to minimize the total cost and LCOCS
of RHSS are over the planning horizon. This model is structured as a bi-level system (Fig. 3),
where the upper level is dedicated to investment decision-making concerning the capacity con-
figuration of equipment and the lower level focuses on operational strategies. The upper and
lower-level problems are intricately interconnected and can be collaboratively formulated into
a mixed-integer linear programming (MILP) model.

( Upper-level :

1 s . g S O M

y  Minimize the total cost over the planning horizon | b
| | MILP Model

| Stage 0 1

1 Capacity investment cost Stage 1 1 Objective function:

1 & 1 » Minimizing the total cost over the

! Operation cost : ! . .

I Stage N I planning horizon

\ 1

Constraints:
Lower-level
Minimize the operation cost of the y-th year

S e e e, e e, e, e, ——————

» Operational constraints

»> Renewable energy penetration constraints

» Carbon emission intensity constraints

—— o ————

Energy and material balance constraints

1

1

1

1

1

1

1

1
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. 1
» Investment constraints 1
1

1

1

1
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1

1

Vi

,_______—‘
- ————

Fig. 3. The bi-level structure of the MSEP model of RHSS

The MSEP model divides the planning horizon (total of n years) into N planning stages.
Capacity investments are made at the beginning of each planning stage, while operational
decisions are made annually. y € {1,2,...,n} denotes the specific planning year.

Capacity investment costs are the costs associated with each type of equipment over the N
planning stages. The future capital is discounted to the present value by a discount factor r,
where 7 is set at 4%.

RI=(1+7r)Y YyeY (1)
C;nv,m _ C;nv,m‘/;m Vi € N, Ym e M (2)
o = Z C™™ e N,Ym e M (3)

meM

Therefore, the objective function of the MSEP model can be described as follows:

> ien RO + doyey RO — B
ZieN (Y; X Zses (DS X ZteT Sﬁift))

where R’ is the discount factor of the beginning year of stage i.

The operational costs encompass maintenance, raw material, power grid, labor, and emis-
sions costs. To accurately capture the operational dynamics across different seasons, three
typical days are selected to represent the system’s operational characteristics during summer,
winter, and transitional seasons. The operational costs for the y-th year (y € stage i) are
calculated as the sum of the costs of these three representative days, which can be expressed
as follows:

min f = Vie N,VyeyY (4)
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In (5), Cira Oy, C&d) O, and C¢™ denote the maintenance, raw material, power
grid, labor, and emission costs of the y-th year, respectively. Maintenance costs in (6) are
calculated as the sum of the maintenance costs for each type of equipment. Raw material costs
in (7) consist of the costs of raw materials (alloys, lime, iron ore, carbon, and scrap steel)
consumed in the steelmaking process. Power grid costs in (8) are related to the Time-of-Use
(TOU) electricity price and electricity purchased from the grid. Labor costs in (9) are positively
correlated with the amount of crude steel production.

Emissions are divided into direct and indirect emissions, the former of which come from the
steelmaking process of EAF and the operation of the power grid, while the latter is associated
with upstream processes, mainly from the iron ore production process. In (10), g&id, giron,
and £ denote the grid-average emission factor (EF), iron ore production EF and crude steel
production EF, respectively.

Regarding the financial assessment of equipment, the net residual value at the end of the
planning horizon is calculated by applying a discount rate ¢, (set at 6%). The straight-line
method (SLM) of depreciation [45] is used to calculate the depreciation rate of the equipment,
assuming that the value of the equipment declines uniformly over its expected technical life.

Y'im
=" > => ™ | x RM| Vi€ NVme MVyeY (11)
meM €N y=1
CdePm — O (1 — ) /A Vie N,Ym e M (12)

2.4. Constraints

RHSS is subject to a series of constraints to ensure the feasibility of the investment decisions,
operational strategies and system performance. The MSEP model of RHSS needs to meet the
following constraints.

2.4.1. Multi-stage investment logic constraints
‘/im > ‘/im.mirl Vi € ]\]7 VYm € M (]_3)

9
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Constraints (13)-(14) ensure that the capacity configuration of each equipment type at each
stage is within the minimum and maximum capacity limits, and the capacity of each equipment
type at each stage should be positive. Constraints (15)-(16) describe the capacity investment
logic between different stages.

2.4.2. Discrete-operating equipment constraints

EL and HT are examples of discrete-operating equipment that can accommodate fluctua-
tions in RES efficiently and optimize the energy exchange between hydrogen production and
other processes in RHSS, facilitating the integration of renewable energy and the steelmaking
process. The operational constraints of EL and HT are formulated as follows:

For the operational constraints of the k-th electrolyzer module (k =0,1,--- , K), where K
represents the total number of EL modules planned at stage i, the constraints are formulated
as follows:

Velkpel < petk < yelkpel e N Vse S\Vte T (17)
|Pth Ptk | <APY Wie NVse S\VteT (18)
Gl =Pk jw? Vie NVseSvteT (19)

s —dih = ultl — it Vie NVseSvteT (20a)
uflsk1 = uflskt Vie N,Vse S,VteT (20b)
siE <1—s% | VieNVseSvteT (20¢)
Ak < dtk | Wie NVseSWieT (20d)
Y sk < Sl VieNVseSVteT (20¢)
teT
STd <D VieNVseSVeT (20f)
teT

Constraints (17)-(18) describe the maximum and minimum operating ratios and ramp lim-
itation of EL. Constraint (19) denotes the efficiency in converting electricity to hydrogen.
Constraints (20a)-(20f) describe the start-stop principle of EL.

Considering the complexity of modeling the operational constraints of multiple EL. modules
by the traditional Unit Commitment (UC) model, we adopt the Clustered Unit Commitment
(CUC) model to aggregate multiple EL. modules into the EL cluster, and the binary vari-
ables (on/off state, start-up operation, and shut-down operation) can be simplified by integer
variables [46]. Taking the on/off state variables as an example, the comparison between the
traditional UC model and the CUC model of EL modules is shown in Fig. 4.

10
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Fig. 4. Comparison between the traditional UC model and the CUC model for multiple EL modules

2 The binary variables in constraint (20a)-(20f) can be adjusted to the form of constraint
23 (21a)-(21f), to describe the start-stop principle of the EL cluster:

sl —d,, =u,—uw, VieNVseSVteT (21a)
g, =uj,, VieNVseSVteT (21Db)
Sl < K-S, VYieNVseSVteT (21c)
&, <d,, , VYieNVseSVieT (21d)
S < KShy VieNVseSvteT (21e)
teT
SN d,, <KD, VieNVseSVieT (21f)
teT
224 HT provides a flexible distribution of hydrogen consumption over time. The operational
2s constraints of HT are detailed as follows:
0< G <V, Vie NVseSVteT (22)
0< GRS <V, Vie NVseSVteT (23)
. . . Ght.%wht.c ht(%
t t t 1,8, 2,8, .
Bl = Bioy (1= 8%) + —p— — —aym Vi€ NVseSWteT (24)
oLt <1 Ve NVse S, VteT (25)
Er, =E"; VYicNVseS (26)
226 Constraints (22)-(23) describe the maximum and minimum hydrogen charging and dis-

27 charging power ratios of HT. Constraint (24) denotes the relationship between the charg-
»s ing/discharging power and the state of charge (SOC) of HT, considering both efficiency factors
2o and the self-discharge rate. Additionally, constraints (25) - (26) represent the start-stop prin-
20 ciple of HT, that charging and discharging processes cannot be performed simultaneously, and
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the start and end SOC must be identical each day to maintain the daily energy balance.

2.4.3. Continuous-operating equipment constraints

SF and EAF are categorized as continuous-operating equipment in RHSS [27]. Both SF and
EAF must operate without interruptions to ensure a consistent production flow and to meet
the high stability requirements of crude steel production. The operational constraints of SF
and EAF are detailed as follows:

In the SF, iron ore pellets are reduced to DRI using hydrogen as the reducing agent. This
study assumes that the SF is integrated with a pre-heating stage. The operational constraints
of the SF are as follows:

Vi, S I, <Vl VieNVseSVteT (27)
G =I5, Jw'PM Vie NVse SVteT (28a)
P =0 Jw' Vie NVseSVteT (28b)

Constraint (27) describes the maximum and minimum reduction power ratios of SF. Con-
straints (28a)-(28b) denote the relationship between hydrogen and power consumption and the
DRI production of SF, which is determined by the reduction and power consumption efficiency.

EAF can take any fraction of sponge iron (from 0% to 100%) into crude steel production and
is the most common way of producing secondary steel from scrap steel [16]. The operational
constraints of the EAF, which ensure its efficiency and adaptability in handling different input
raw materials, are as follows:

‘/ieafnﬁifn < Sf,ift < ‘/@'eafnrer?afx Vi € N, Vs € S, VteT (29)
Siwe = Tiaa /@™ P+ QP [ Vi€ NVs e SVt eT (802)
S = Poi/w™tc VieNVseSvieT (300)

Constraint (29) describes the maximum and minimum crude steel production ratios of EAF.
Constraints (30a) denote the relationship between the DRI and scrap steel consumption with
the production of crude steel in EAF. Constraint (30b) represents the power consumption of
EAF, which is determined by the power consumption efficiency.

2.4.4. Energy and material balance constraints
The energy and material balance constraints are critical for managing the interactions be-
tween the various energy and material flows within the system, which are shown as follows:

PrY + PRy, + PRy = P, + PL, + P Vie NVseSvteT (31)
G, +GRl=GNS+ Gy, VieNVseSVteT (32)
S > 8%, VieNVseSvVteT (33)

Constraints (31)-(33) represent the energy and material balance constraints among differ-
ent energy carriers and materials in RHSS. It should be noted that while the electricity and
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hydrogen balance constraints should be strictly satisfied, the steel balance constraint can be
relaxed to ensure a stable steelmaking process.

2.4.5. Renewable energy penetration constraints

The renewable energy penetration (REP) constraints at each planning stage are designed
to ensure that a certain percentage of use from RES, facilitating the gradual increase of REP
as part of the system’s sustainability objectives. The constraints are formulated as follows:

<

wipwiN i e N Vs e S,VteT (34a)

7 ,8,t

0< <
0< PY, <VPPYYN VieNVseSvVteT (34b)

7 ,8,0

D ees (Ds X Y per (PPE + PIYL))
Sies (Do x Ser (P + PR+ PEY))

Constraints (34a)-(34b) describe the maximum wind and solar power generation capacity
of WT and PV at each planning stage. Constraint (35) denotes the REP rate at each planning
stage.

>p; Vie NVse SVteT (35)

2.4.6. COg intensity constraints

The CO, intensity constraints at each planning stage aim to regulate and limit the CO,
emissions per production unit. By setting these limits, the model can support the system’s
transition towards lower CO5 emissions. The constraints are formulated as follows:

> (DS x> (sgﬁde;'{f +ETNQI + eeafs;jjft)> <& VieNVseSVteT  (36)

ses teT

Constraint (36) describes the CO5 intensity at each planning stage, which is determined by
the EF of the power grid, iron ore production, and crude steel production.

3. Rolling-horizon approach for solving the MSEP model

The MSEP model discussed in Section 2 is a mixed-integer linear programming (MILP)
model with a complex time structure and a large number of variables, including continuous,
integer, and binary types. While NP-hard problems are computationally solvable using existing
commercial solvers, achieving global optimality within a reasonable time frame often proves
challenging and may even lead to memory overflow issues.

Therefore, in this section, RHA is proposed to enhance the efficiency of the solution process.
RHA segments the model into sequential portions, updating the information for subsequent
stages as it progresses. The general formulation of RHA is introduced in Section 3.1. Section 3.2
then compares the algorithm steps of RHA with SSA and PSA. Finally, Section 3.3 details the
implementation of RHA to solve the MSEP model.

3.1. General formulation of RHA

RHA is characterized by its capability to manage the complexities of optimization problems
that incorporate extensive time structures through temporal decomposition. That is, to divide
a large-scale problem into a series of smaller-scale sub-problems, which can be solved with
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a much shorter computation time. As each sub-problem is solved sequentially, information
from completed stages is incorporated into subsequent stages, ensuring solution continuity and
consistency.

While RHA does not necessarily guarantee global optimality, its iterative nature allows
for adjustments across iterations. By setting an appropriate foresight horizon and fixing only
the decisions of the current stage, it iteratively optimizes the decisions for upcoming stages,
correcting deviations and refining the overall solution.

The MSEP model is first formulated as a series of single-stage planning problems P; (i =
0,1,--+,N). P, aims to minimize the total cost of each stage, which is formulated as follows:

(51,1’1,191) € EZ X )(2 X @z

where ; (& € Z;) represent the initial state variables, ¥; (¥; € ©;) denote final state variables,
and z; (z; € X;) represent internal variables.

The initial state variables and final state variables link the current stage to the previous
and subsequent stages, and the set of final state variables of the current stage is included in the
set of initial state variables of the following stage. The objective function f; depends only on
the internal variables z;, while &;, ¢g; and ¥J; are constrained by the related constraints between
the stages, ensuring continuity and correlation between the stages.

Then, a finite foresight planning problem P, , (1 € Ny, pp+i < N) is defined as a combi-
nation of multiple single-stage planning problems, which starts from stage ¢ and comprises a
u-stage foresight horizon. P;, is adhered to a set of constraints that ensure the feasibility of
solutions at each stage within the planning horizon, which is formulated as follows:

it
min ij ($J>
j=t
s.t. g] (éﬁ,lﬁ,?%) SO VJG {Z,,Z"‘,LL} (38)

=01 Vjeli+l,...;i+pu}
(&, 25,0;) €5 x X; x0; Vje{i,...,i+pu}
P, ,, contains fewer variables and constraints than the original MSEP model, along with the
literation process of RHA, the resolution of the sub-problem Pfu is conducted to obtain the
optimal decisions (&;, z;,7;). For instance, RHA solves Py, to obtain the solution of stage 0,

and then (&, zo, V) is fixed. After that, RHA solves P; , to obtain the solution of stage 1, and
then (&1, xq,7,) is fixed. This process is repeated until the final stage N is reached.

3.2. Comparison between SSA, PSA and RHA

This subsection presents a comparison between SSA, PSA, and RHA in terms of their
algorithm steps and optimization strategies.

SSA focuses on solving a single-stage planning problem by considering only the parameters
of the current stage, neglecting potential changes and trends in future stages. Thus, Psga can
be considered as an intuitive formulation that can naturally be developed for the single-stage
planning problem of RHSS. The formulation of the single-stage planning model for RHSS can
be described as (39). Due to its limited foresight horizon, SSA often results in myopic decisions
that can lead to initial capacity redundancy and waste of resources.
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R'CI™) + RYCgPe — F™
ZSES (DS X ZteT Sg?sf,t)
st. Dyt 4+ Pe, + PR = Pgl, + Pyt + P5,
G(e]l,s,t + Gg,té(it = Gg,té,ct + G?)f,s,t
St = SNa
0 < Pos, < V" Fosy
0< P, < VPR (39)
ZseS (DS X ZteT (P(‘)),V;,t + Pﬁz,t))
Saes (Do x Lier (Pt + PR+ ) )

§ : § : rid pgrid iron iron eaf qeaf
(DS X (8g PO,S,t + 9 QO,S,t + 9 SO,S,t)) S 50

ses teT

Constraints(17) — (19)
Constraints(21a) — (30b)

(PSSA) min f =

> Po

In contrast, PSA is designed to tackle the MSEP model by considering the interactions
between different stages over an extended planning horizon. On such problems, as the tem-
poral dimension increases, the complexity of the optimization problem grows exponentially.
Consequently, PSA is burgeoned with plenty of variables and constraints and is hard to solve
within a reasonable time frame.

Owing to the high computational cost discussed above, obtaining optimal solutions for the
MSEP model using PSA with state-of-the-art MILP solvers remains computationally challeng-
ing when the planning horizon is extended. RHA is proposed to address this issue by solving the
MSEP model in a sequence of steps, which streamlines the solution of large-scale optimization
problems by breaking them down into sequential segments, thus lower computational effort
is required to solve each sub-problem, Meanwhile, RHA enhances flexibility and adaptability
during the solution process by allowing the incorporation of new information and adjustments
as the model progresses, which facilitates more feasible and practical planning results.

3.8. Implementation of RHA for solving the MSEP model

The detailed optimization procedure of RHA for solving the MSEP model is illustrated in
Fig. 5. RHA optimizes the investment and operational strategies of each sub-problem, which
is formulated as a multi-stage planning problem with a foresight horizon of u stages. Then,
by iteratively solving the sub-problems, RHA updates the information for subsequent stages,
ensuring the continuity and consistency of the solution.
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Fig. 5. Optimization procedure of RHA for solving the MSEP model

According to the optimization procedure described above, the algorithm of RHA for solving

the MSEP model is summarized as follows:

Algorithm: Rolling-horizon approach for solving the MSEP model

1: Input: Initial state variables &;, planning horizon N, foresight horizon u
2: Output: Optimal solution for each stage

3: Initialization: Set current stage ¢ =0

4: while 7 < N do

10:
11:
12:

Define sub-problem Pf# within horizon [, min(i + p, N) |
Solve Pfﬂ to obtain optimal decisions (&;, x;, ;)
Update variables: &;, x;, ¥;
i — i+ u // Advance to the next stage
if i+ > N then
p= N —1i // Adjust horizon for the last stage
end if
Update parameters and constraints based on new information

13: end while
14: Warm Start: Utilize results {(&;, z;,9;)}, to initiate a comprehensive optimization for

operational strategies to obtain the overall optimal strategy.

4. Case study

This section presents case studies to demonstrate the performance of RHA for solving the

MSEP model of RHSS illustrated in Section 2, in terms of accuracy and computational efficiency
(Section 4.2), multi-stage expansion planning strategies (Section 4.3), and environmental impact
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(Section 4.4), such as renewable energy penetration rate and COs intensity. Furthermore, the
sensitivity and robustness analysis of the proposed model are conducted in Section 4.5.

4.1. Basic settings

We develop a long-term planning framework for RHSS that covers a 25-year planning horizon
from 2025 to 2050. We consider five investment stages within the planning horizon of 25
years. A 4-year operating stage follows each investment stage. Consequently, the associated
techno-economic parameters and load demand at each stage are assumed to be constant. Since
identifying the uncertainty of the parameters is out of this work’s scope, we assume that the
forecasting errors are negligible. The crude steel load demand is set to follow a linear growth
trend, i.e.

L(i)= Lo+ ki i=0,1,2,3,4 (40)

where L(i) represents the hourly load demand at stage i, Lg is the initial load demand per hour
(tes/h), and k is the linear growth factor of the load demand (t./h per stage). For the case
study discussed in this paper, the initial load demand Ly is set to 1 t.s/h, with a growth factor
k of 2 te/h per stage.

The assumptions of CAPEX (capital expenditure) and OPEX (operational expenditure)
from 2025 to 2050 in this study are listed in Table A1, and other associated parameters are
listed in Table A3. The WT and PV curves (in per unit values) for a typical metric year (TMY)
and typical seasonal days are shown in Fig. A1. TOU electricity prices for each typical day are
shown in Fig. A2. The numerical experiments are performed in Matlab2022A and solved by
the commercial solver [47] on a personal computer with a 2.50GHz CPU and 32.0GB RAM.

4.2. Analysis of computational efficiency and accuracy

1000
807.54
800 =——
é\‘,; 6001
8 s - N \
8 400k 392.80 392.27 392.20 (\ 392.20 392.26 )
_I ~ - - - -
200
0
SSA RHA(uU=1) RHA@uU=2) RHA@u=3) RHA(u=4) PSA

Optimality gap
tolerance: 0.0064

Fig. 6. Comparison of the optimal LCOCS and computation time using different approaches

The results comparing the optimal LCOCS and computation time for SSA, RHA, and PSA
are shown in Fig. 6. The results show that while SSA has the lowest computational cost, due
to its less complex one-step model, it leads to a myopic solution of 807.54 $/t.s, which is about
twice the optimal solution of 392.20 $/t.s.

PSA and RHA provide more economically efficient solutions by an expansion planning strat-
egy taking into account the construction sequence and dynamic techno-economic parameters.
However, as the complexity of the MSEP model escalates, PSA may fail to provide solutions
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within a reasonable time frame. It turns out that PSA cannot be solved for global optimality by
Gurobi since the gap value remains at 0.64% after running for 11434 s , and an out-of-memory
error occurred when the solution time exceeded 8 hours. Thus, at an optimality gap tolerance
of 0.64%, PSA provides a suboptimal solution of 392.26 $/t.s, which is higher than the optimal
LCOCS using RHA (u=3/4). Further experiments on the computation time of PSA are under
the same optimality gap tolerance setting.

In contrast, RHA provides practical solutions for the optimal LCOCS at a significantly
reduced computational cost by segmenting the entire optimization problem into several sub-
problems. Specifically, as the foresight horizon of RHA increases, there is an improvement in
solution accuracy and a proportional increase in computation time. For example, RHA (u=2)
provides an optimal result of 392.27 $/t. which is better than the optimal result of RHA
(u=1) (392.80 $/t.s). Extending the foresight horizon to 3 stages allows RHA (u=3) to obtain
an optimal result of 392.20 $/t.; with a computation time of 55.87 s, which is equal to the
solution using RHA (u=4) and is better than the solution obtained by PSA in a reasonable
time frame. The results demonstrate that RHA can provide high-quality solutions within an
acceptable computation time, making it a practical and efficient approach for solving the MSEP
model of RHSS.

4.83. Analysis of multi-stage expansion planning strategies

4.3.1. Investment strategies
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Fig. 7. Optimal LCOCS results using different approaches

Fig. 7 shows the breakdown of the LCOCS by different approaches, which include capacity

303 investment costs, raw material costs, power grid costs, maintenance costs, labor costs, and
;4 emissions costs. Raw material costs account for the most significant portion of the LCOCS,
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Fig. 8. Capacity investment strategies using different approaches

which are primarily influenced by the price of iron ore, lime, alloys, and carbon. In addition,
as the steelmaking process evolves, the price of scrap steel has an increasing impact on raw
material costs due to its growing share in production. Capacity costs are the second major
component of the LCOCS. As technological advances lead to increased technical maturity over
time, the associated capital costs decrease, thereby reducing capacity costs. Other associated
costs, which are linked to capacity and raw material costs, respond to the dynamic changes in
techno-economic parameters at each planning stage.

PSA and RHA facilitate a sequential investment strategy, allowing capacity expansion in
stages, which helps minimize total costs. In contrast, SSA tends to result in the highest total
cost of all components of the LCOCS. This approach focuses on a one-time, up-front investment
in the initial planning stage, resulting in significant redundant initial investments and higher
costs over time.

In the context of investment strategies, Fig. 8 shows the capacity configurations of WT,
PV, EL, HT, SF, and EAF at each planning stage. The capacity configurations determined by
SSA are shown with orange dotted lines, indicating that the capacities are fixed in the initial
stage and remain unchanged throughout the planning horizon.

Over the planning horizon, the capacities of WT and PV are projected to increase by 7-8
times, reflecting their roles in providing a stable supply of renewable energy and reducing CO4
emissions from the grid. This growth is in line with the expected increase in the use of wind
and solar energy to support downstream processes in the steelmaking chain. The capacity of
EL also increases over time to meet the growing demand for crude steel and the flexibility
requirements of the system as the REP increases.

The capacity of EL will also increase over time to meet the growing demand for crude steel
and to meet the flexibility needs of the system as renewable energy penetration increases. At
the same time, the capacity of HT will be expanded to store excess hydrogen produced by
EL during off-peak hours for use during peak demand periods, which underscores the growing
importance of HT in balancing energy supply and demand within the system.
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Similarly, the capacities of SF and EAF are being increased to meet the growing demand
for crude steel. As the use of scrap steel in the steelmaking process increases, the capacity of
the EAF will be gradually increased to optimize the recycling of scrap steel, further promote

the energy efficiency and resource deployment of the steelmaking processes.

4.3.2. Operational strategies
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Fig. 9. Optimal operation scheduling results at different planning stages using RHA (u=4)

Since RHA (u=4) achieves high-quality solutions within an acceptable computation time,
we analyze the hourly operation of the system during a typical summer day using RHA (u=4),

including patterns of electricity and hydrogen production and consumption.

As time-of-use (TOU) electricity prices fluctuate throughout the day, the operation strategy
is dynamically adjusted. Production units are optimized to take advantage of lower electricity
prices during off-peak hours, and to minimize consumption during peak hours, thereby reducing
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the costs associated with purchasing grid electricity. In addition, HT plays a critical role by
storing excess hydrogen produced by EL during off-peak periods for later use, increasing both
operational flexibility of the system.

As the planning horizon progresses, the system’s operational strategy evolves in response
to changes in the techno-economic parameters at each stage. In the initial stage, the system’s
operation strategy is mainly based on the initial investment configuration, while in the following
stages, the strategy is increasingly tailored to meet increasing load demands and incorporate a
higher penetration of renewable energy sources, thus steering the generation structure towards
greater sustainability and reducing CO, emissions from the grid.

Increased integration of RES introduces greater variability and intermittency into the sys-
tem, necessitating increased reliance on storage technologies such as HT'. These storage solutions
are critical to maintaining a balance of energy supply and demand within the system, ensuring
operational stability in the face of renewable variability.

4.4. Analysis of environmental impacts

The REP rate, as shown in Fig. 10, indicates that both RHA and PSA facilitate an in-
cremental increase in REP, thereby reducing CO, emissions from the grid. Conversely, SSA
maintains constant REP rates due to its fixed initial capacity configuration, which limits the
ability of the system to promote a higher utilization of RES.

1009

90 90 90 90 90

0%k e 75 15 B 80 80 80 80 80
67 67

0% 61 61 61 61
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51 50 51 51 51 51

40%|-
20%}-
0%

Stage 0 Stage 1 Stage 2 Stage 3 Stage 4
SSA RHA(u=1) RHA(U=2) RHA(u=3) RHAu=4) [ PsA

REP (%)

Fig. 10. REP rate over the planning horizon using RHA (u=4)

Fig. 11 shows the CO, intensity under different approaches. Implementation of the HDRI-
EAF route, as in this study, results in significantly lower CO, intensities compared to the NG-
DRI-EAF and BF-BOF routes (where the CO, intensity is 1000-1500 and 1500-2000 kgco, /tes
respectively) [48]. Notably, the CO5 intensity under SSA remains the highest throughout the
planning stages, averaging 638.06 kgco, /tes- In contrast, the results for RHA are close to those
for PSA, mainly due to the increasing REP rate and more extensive use of scrap steel in the
steelmaking process.

These results indicate that RHA effectively supports long-term decarbonization goals in the
steelmaking industry, demonstrating its potential to balance environmental performance with
operational feasibility.

4.5. Analysis of sensitivity and robustness

As global targets for decarbonization and carbon neutrality evolve, policies will play a crucial
role in shaping the demand for green steel production. Sensitivity and robustness analyses are
conducted to assess the adaptability and effectiveness of our proposed approach considering
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Fig. 11. COq intensity over the planning horizon using RHA (u=4)

different steel demand scenarios and changes in techno-economic parameters to understand
how different policy frameworks might affect system performance. We examine three different
scenarios for crude steel demand growth to reflect potential future policy impacts (Fig. 12):

Scenario 1: Linear Growth

Lo = 1 tes/h, k = 2 tes/per stage.

Scenario 2: Slow Linear Growth followed by Fast Linear Growth

Lo = 1te/h, i < 3: k =1 te/h per stage, i > 3: kK = 3 te/h per stage.

Scenario 3: Fast Linear Growth followed by Slow Linear Growth

Lo = 1 tes/h, i < 3: k = 3 tes/h per stage, i > 3: kK = 1 te5/h per stage.

12

10 Scenario 3

i

—_ =/
Scenario 1 F

4+ / Scenario 2

Crude steel demand (tcs/h)

0 ] ] ] ]
2025 2030 2035 2040 2045 2050

Fig. 12. Crude steel load growth trend under different scenarios

4.5.1. Sensitivity analysis

The sensitivity analysis visually and statistically compares the impact of different techno-
economic parameters on the optimal LCOCS. In this section, QLab library [49] is used to
perform a Sobol sensitivity analysis of the planning results obtained by RHA (u=4).

We evaluate the uncertainty of five key parameters: carbon tax, scrap steel price, iron
ore price, labor cost, and discount rate in the sensitivity analysis, which are assumed to be
uniformly distributed between predefined upper and lower bounds (Table 2). The results of the
global sensitivity analysis are presented in the form of first-order Sobol indices and total-order
Sobol indices, which are presented in Fig. 13.
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The results indicate that the variability in the discount rate is a principal contributor to
the overall uncertainty impacting the LCOCS, which suggests that the planning results are
susceptible to changes in financing conditions. Additionally, the fluctuations in iron ore prices
emerge as a significant determinant, followed by labor costs, scrap steel prices, and carbon tax.
Given the dynamic nature of global economic and environmental policy, by understanding the
multiple impacts of economics, environmental and technological factors on investment decisions,
more scientifically rational planning strategies can be developed to support the transition to
the sustainable development of ISI.

Table 2: Lower and upper bound of the input parameters for Sobol sensitivity analysis

Input parameters Unit Lower bound Upper bound

ctex $/tco, 50 150
P $/tscrap 300 400
cron $/tore 100 200
clabor $/tecs 50 100
r % 0.04 0.10
Scenario 1
1.0
0639 0637 0.8
0.6
0.219 0.218 0.4
' ' 0.2
0.014 0014 0.030 0.029 707-17% 0.101 i
Ctax Cscrap C|ron CIabor
Scenario 2 3
10 S
0692 0690 %8 3
0.6 S
04 %5
0.186  0.185 0p B
0.012  0.012 0.026  0.026 m_m 707.078767 0.086 oo;
Ctax Cscrap Clron Clabor E_
Scenario 3
1.0
0.8
0600 0598 0.6
0.243  0.241 0.4
0015 0015 0032 0.032 0113 = 0.112 83
Ctax Cscrap C|r0n CIabor

Fig. 13. Sensitivity analysis results of different input parameters using RHA (u=4)

4.5.2. Robustness analysis

Robustness analysis is performed to evaluate the adaptability of RHA under varying market
demand and policy environments. The results of the optimal LCOCS and computation time
using RHA (u=4) and PSA under different scenarios are shown in Table 3.

It’s noteworthy that RHA (u=4) consistently achieves comparable or better cost efficiency
than PSA in all scenarios. Meanwhile, the computation times of RHA (u=4) are significantly
shorter than those of PSA in all three scenarios, which highlights the efficiency of RHA (u=4) in
both economic and computational terms. As a result, RHA (u=4) emerges as a viable option for
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real-world applications, particularly in solving large-scale optimization problems with complex
interactions over an extended planning horizon where convergence problems may occur in PSA.
The comparative results of REP rates and CO, intensities using RHA (u=4) and PSA
are presented in Table 4. Both approaches show consistent improvement in REP rates across
all three scenarios, demonstrating their effectiveness in promoting high-level usage of RES in
RHSS under different conditions. For the COq intensity, both RHA (u=4) and PSA consistently
demonstrate a reduction across the stages, emphasizing their role in supporting the transition to
a more sustainable industrial processes by improving renewable energy integration and reducing
carbon emissions thereby decreasing the carbon footprint of steel production processes.

Table 3: Comparison of optimal LCOCS and computation time using RHA (u=4) and PSA under different
scenarios

Scenario  Approach LCOCS ($/tcs) Computation time (s)
Scenario 1 RHA (u=4) 392.20 327.90
PSA 392.26 11434.97
Scenario 2 RHA (u=4) 387.48 37717
PSA 387.48 11672.50
Scenario 3 RHA (u=4) 395.45 392.08
PSA 395.49 11635.72

Table 4: Combined Comparison of REP and COs intensity using RHA (u=4) and PSA under different
scenarios

Scenario Approach Stage
0 1 2 3 4
REP (%) / COg intensity (kgco, /tes)
Scenario 1 RHA (u=4) 61 /589.22 75 /483.49 71 /397.14 80 /326.40 90 /268.12
PSA 61 / 589.22 67 / 483.49 71 /397.14 80/ 326.40 90 / 268.12
Scenario 2 RHA (u=4) 61 /589.22 67 /483.48 71 /397.43 80 /326.36 90 /268.12
PSA 61 / 588.63 67 / 483.53 71 /397.14 80/ 326.33 90 / 268.12
Scenario 3 RHA (u=4) 61 /589.22 69 /483.72 71 /397.15 80 /326.34 90 /268.12
PSA 61 / 589.22 70 /483.72 71 /397.15 80/ 326.34 90 / 268.12

More detailed comparative results of SSA, RHA, and PSA are presented in Fig. A3 and
Fig. A4. Overall, the results demonstrate that RHA is a practical and robust approach for
solving the MSEP model of RHSS, providing high-quality solutions within reasonable compu-
tation time and effectively managing the incremental nature of decision-making in the MSEP
model.

5. Conclusion and perspectives

The decarbonization transformation of ISI is pivotal in the global quest for carbon neutrality.
The HDRI-EAF route holds significant potential to reduce CO5 emissions in this sector. This
paper introduces a rolling-horizon approach to address the MSEP model of RHSS, covering
the planning horizon from 2025 to 2050. The novelty of this study lies in the development
of rational multi-stage investment strategies by considering the interactions between different
stages and the dynamic changes of techno-economic parameters.

The key findings demonstrate that, as the transition towards a low-carbon ISI takes shape,
the multi-stage expansion planning strategy is crucial for the economic and environmental
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development of RHSS with a focus on long-term planning. RHA is proposed as a practical ap-
proach to address the complexity of the MSEP model, which can achieve high-quality solutions
with a reasonable computation time, overcoming the overinvestment limitations of SSA and re-
ducing the computational burdens of PSA. Notably, RHA is specifically designed to iteratively
incorporate the updated information, thereby increasing the robustness of the planning results.
In light of the ever-changing global economic and environmental policy landscape, it’s imper-
ative to consider the multiple impacts of economic, environmental, and technological factors
on investment decisions. RHA exemplifies this by providing robust and adaptive multi-stage
expansion planning strategies that specifically support the transition toward sustainable and
low-carbon steel production.

Future research will focus on exploring the cumulative impact of parameter uncertainty on
planning results, addressing the inherent myopic nature of the current RHA model, which will
further refine our understanding and implementation of robust planning strategies in the face
of uncertainty. Moreover, the potential integration of different renewable energy sources will
be explored to further enhance the sustainability of RHSS and support the global transition to
a low-carbon steelmaking process.
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Appendix A

Table A1l: Assumptions of CAPEX and OPEX from 2025 to 2050 in this study

Equipment Unit CAPEX OPEX(%) Technical Life (a) Ref
2025 2030 2035 2040 2045
WT $/kW 1500 1400 1300 1200 1100 3 30 [28]
PV $/kW 1000 900 800 700 600 3 30 28]
EL $/kW 900 800 700 600 500 5 25 [50]
HT $/kgy, 500 5 30 [50]
SF $/tDRI - a 250 8 40 [51]
EAF $/tes - a 230 8 40 [51]

*Each EL module has a capacity of 1 MWh.

Table A3: Assumptions of associated parameters from 2025 to 2050 in this study

Associated parameters Unit 2025 2030 2035 2040 2045 Ref
Renewable energy penetration % 50 60 70 80 90 -
COg intensity tCOo, /tes 700 600 500 400 300 [10]
EL efficiency kWh/key, 60 55 50 45 40  [50]
Crude steel demand tes/h 1 2 4 6 8 -
Scrap steel rate tserap/bes 0.3 0.4 0.5 0.6 0.7 [52]
Scrap steel cost $/tscrap 328 [9]
Labor cost $/tcs 60 [53]
EAF alloys demand kg /tes 11 [9]
EAF alloys cost $/t 1500 9]
EAF lime demand kg /tes 50 9]
EAF lime cost $/t 110 9]
EAF carbon demand kg /tes 20 [54]
EAF carbon cost $/t 180 [53]
Iron ore demand tiron/tes 1.5 [52]
Iron ore cost $/tiron 122 [50]
Crude steel production EF kgco, /tes 130 [50]
Iron ore production EF kgco, /tes 167 [50]
Grid-average EF kgco,/kWh 0.57 [55]
Carbon tax $/tco, 60 [54]

*Other associated parameters are from Ref [50].
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