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Abstract—Industrial loads account for a large share of power
consumption and possess significant regulation potential for
achieving low-carbon economic operation in power systems.
Among various industrial loads, the electric arc furnace (EAF)
steel plant cluster is rapidly expanding and is characterized by
large response capacity and strong price sensitivity. Consequently,
it serves as an ideal flexible resource to participate in low-
carbon demand response (LCDR). To this end, this paper pro-
poses a source–load coordinated optimization method considering
the regulation of EAF steel plant cluster. First, a continuous
resource–task network is employed to establish an EAF steel
plant cluster model, which captures the couplings among ma-
terial, equipment, and energy across the production stages of
EAF steelmaking. Second, a bidirectional dynamic decision-
making–based source–load coordinated optimization method is
developed, in which a Wasserstein-based distributionally robust
optimization model and a nodal carbon intensity-based LCDR
model are formulated for source-side and load-side, respectively.
The two models are iteratively coordinated to achieve low-carbon
economic operation of the system. Next, to overcome the challenge
of computation time exceeding the unit time slot, a warm-
start technique is developed to improve computational efficiency.
Finally, numerical results on an improved IEEE 39-bus test
system demonstrate the effectiveness of the proposed method.

Index Terms—Low-carbon economic operation, low-carbon
demand response, industrial load, distributionally robust opti-
mization, source–load coordinated optimization.

I. Introduction

A. Background and Literature Review

W ITH the challenges of global energy transition and
climate change, countries worldwide are accelerating

adjustments in their energy structures to advance carbon
neutrality [1]. The uncertainty of renewable energy, such as
wind power and photovoltaic (PV), leads to power imbalance
and increases operating costs [2]. Therefore, power system
decarbonization requires larger support from flexible resources
on the load side [3]. As a typical industrial load, electric arc
furnace (EAF) steelmaking is recognized as a lower-carbon
production process, as it enables higher renewable energy
utilization [4]. In 2023, the global steel industry consumed
approximately 1.39 × 109 MWh of electricity, and 29.1% of
steel production was achieved through EAF steelmaking [5].
EAF steelmaking tends to be concentrated in industrial clusters
within industrial zones [6]. It possesses significant advantages
in response capacity and price sensitivity, making the EAF
steel plant cluster an ideal flexible resource [7]. Accordingly,
it is imperative to explore an operation strategy that mitigates
renewable energy uncertainty and incentivizes the EAF steel
plant cluster to support decarbonization, thereby achieving low-
carbon economic operation of power systems.

Source–load coordinated optimization enables effective in-
teraction between generation and load resources, facilitating
joint decision-making, and serving as an effective approach to

achieving economic operation of power systems [8]. Demand
response (DR) is an important mechanism within source–load
coordinated optimization to enhance the economic performance
of power systems [9]. Although traditional DR can regulate
loads through price-based incentive signals, it fails to fully
exploit the carbon-reduction potential of load-side flexible
resources [10]. Low-carbon demand response (LCDR) is a
novel regulation mechanism in power systems designed to
reduce carbon emissions [11]. It primarily uses the carbon
price as an incentive signal to guide the load side in actively
adjusting its power consumption behavior, thereby reducing
system carbon emissions [12]. Zhang et al. [13] propose a low-
carbon economic dispatch strategy for integrated energy systems
under LCDR, considering the impact of energy storage on
carbon emission flow. In [14], a novel information gap decision
theory is developed to manage renewable energy uncertainty
in energy stations considering LCDR, thereby achieving low-
carbon economic operation. Although source–load coordinated
optimization considering LCDR promotes power system de-
carbonization, existing studies pay insufficient attention to the
carbon-reduction potential of industrial loads.

Leveraging the regulation potential of industrial loads can
enhance renewable energy integration and provide a new
pathway toward the low-carbon economic operation of power
systems [15]. Foslie et al. [16] propose an industrial DR model
that considers the joint production of chemical raw materials to
reduce production costs and load demand during periods of high
electricity prices. Bao et al. [17] propose an energy optimization
strategy for flexible manufacturing industrial parks, considering
complex production processes and improving PV utilization.
Zhang et al. [18] propose a discrete industrial manufacturing
scheduling framework that integrates energy, material, and
carbon flow, considering the impact of production planning
flexibility. The regulation of industrial loads in power systems
should primarily focus on facilitating renewable energy inte-
gration. However, existing studies give insufficient attention to
the impact of renewable energy uncertainty on the low-carbon
economic operation of power systems.

To address the above issues, uncertainty optimization meth-
ods should be prioritized. Among them, distributionally robust
optimization (DRO) is a data-driven optimization method that
maintains robustness under uncertain environments [19]. It com-
bines the advantages of stochastic programming (SP) and robust
optimization (RO), enabling data-driven decisions without
excessive conservatism [20]. Moreover, it can be deployed in two
stages, where the computation of the offline preparation stage
does not affect the operation stage. Several studies employ DRO
to enable industrial loads to support the low-carbon economic
operation of power systems. In [21], a two-stage DRO model
is developed for coordinating steel plants and oxygen stations.

Gengrui Chen, Hongxun Hui, and Yonghua Song are with the State Key Laboratory of Internet of Things for Smart City, University of Macau, Macau 999078, 
China; Yi Ding is with the College of Electrical Engineering, Zhejiang University, Hangzhou 310027, China. (e-mail: gengrui.chen@connect.um.edu.mo).
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Fig. 1. Power system of the EAF steel plant cluster.
A data-driven ambiguity set is constructed to characterize
demand uncertainty, resulting in more economical decision-
making. Ning et al. [22] propose a data-driven multistage DRO
framework for coupled electricity–hydrogen–refinery systems
and develop an innovative Wasserstein-based ambiguity set.
Case studies demonstrate that the proposed framework achieves
a balance between economic efficiency and carbon reduction. Fu
et al. [23] propose a distributionally robust chance-constrained
model for multiple steel plants participating in the electricity
market, incorporating conditional value-at-risk theory. Case
studies demonstrate that the proposed method achieves a
trade-off between risk and economic performance in energy
management. However, studies on the regulation of EAF steel
plant clusters in LCDR within power systems remain limited.
Research on source–load coordinated optimization to promote
joint decision-making of flexible resources on both sides is also
insufficient. In addition, most methods for industrial loads par-
ticipating in LCDR fail to consider the issue of computation time
exceeding the unit time slot. Therefore, this study investigates a
source–load coordinated optimization method considering the
regulation of EAF steel plant cluster in LCDR to promote low-
carbon economic operation of power systems.
B. Paper Structure and Contributions

The power system studied in this paper is illustrated in Fig. 1.
It has power sources including thermal power plants, PV plants,
wind farms, and energy storage systems, which jointly supply
electricity to the EAF steel plant cluster in coordination with
the upper-level grid. Building on the studies of resource–task
network by Zhang et al. [24] and continuous resource–task
network (cRTN) by Lyu et al. [25], this paper develops
an EAF steel plant cluster model. Although system carbon
emissions are primarily generated on the source side, load-
side power consumption behavior significantly affects overall
carbon reduction performance. Therefore, by allocating carbon
emission responsibility to the load side, the total system cost is
defined as the sum of operating cost and carbon emission cost.
This paper adopts the nodal carbon intensity (NCI) theory [26]
to quantify the carbon emissions transferred to the load side and
to guide the participation of the EAF steel plant cluster in LCDR.
In comparison with the existing studies, the contributions of this
paper are summarized as follows:

1) A cRTN–based model of the EAF steel plant cluster is
proposed. It considers the production stages of EAF steelmaking

and captures the couplings among material, equipment, and
energy to improve modeling accuracy. The proposed model
leverages the computational efficiency of the cRTN to extend
the single-plant model to a multi-plant cluster. This enables
sufficient load-side flexibility resources to participate in LCDR
and provides a feasible approach for industrial cluster dispatch.

2) A bidirectional dynamic decision-making–based
source–load coordinated optimization method is developed,
and its framework is shown in Fig. 2. To address renewable
energy uncertainty and insufficient carbon-reduction incentive,
a Wasserstein-based DRO model and a NCI-based LCDR
model are proposed for source-side and load-side, respectively.
The two models jointly mitigate the impact of renewable energy
uncertainty and guide the cluster toward low-carbon power
consumption. Through iterative coordination between the two
models, the system achieves low-carbon economic operation.

3) A warm-start based source–load coordinated optimization
algorithm is developed. A mapping function is constructed from
the sample set to characterize the relationship between NCI and
adjustment capability of the cluster. Based on this mapping,
the algorithm generates the candidate initialization for iterative
coordination between the two models in a data-driven manner. A
feasible-set projection and proximal regularization are employed
to refine candidate initialization and enhance convergence
stability, thereby improving computational efficiency.
II. The cRTN-Based Model of EAF Steel Plant Cluster

All steel plants analyzed in this paper adopt EAF steelmaking.
The four production stages of EAF steelmaking are considered,
and the process flow is shown in Fig. 3. First, the feedstock
is melted into molten steel in the EAF. Next, molten steel is
decarburized in the argon oxygen decarburization (AOD). Then,
molten steel is refined in the ladle furnace (LF). Finally, slabs
are produced in the continuous caster (CC).
A. Resource Balance Constraints

In this model, 𝑛, 𝑎, 𝑏, and 𝑡 represent the bus, resource, task,
and time slot indices, respectively. The variable 𝑅𝑛,𝑎,𝑡 ∈ [0, 1]
denotes the task progress of resource 𝑎 at bus 𝑛 during time slot
𝑡, where 𝑅𝑛,𝑎,𝑡 = 0, 𝑅𝑛,𝑎,𝑡 ∈ (0, 1), and 𝑅𝑛,𝑎,𝑡 = 1 indicate
no task, task in progress, and task completion, respectively.
The design of 𝑅𝑛,𝑎,𝑡 provides a normalized representation of
task progress, enabling a unified and solver-friendly formu-
lation. To enable flexible task execution, a task state index
𝜃 ∈ {0, 1, 2} is introduced to represent the idle, minimum-speed,
and maximum-speed states. The variable 𝑠𝑛,𝑎,𝑏, 𝜃 ∈ R denotes
the task processing rate, defined as the amount of resource 𝑎

produced or consumed by task 𝑏 in state 𝜃.
𝑅𝑛,𝑎,𝑡 ≤ 𝑅𝑛,𝑎,𝑡−1 +

∑
𝑏

∑
𝜃

𝑠𝑛,𝑎,𝑏, 𝜃𝐷𝑛,𝑏, 𝜃,𝑡 ,

∀𝑛 ∈ ΩST, ∀𝑎 ∈ ΩRE, ∀𝑏 ∈ ΩTA, ∀𝑡
(1)

where 𝐷𝑛,𝑏, 𝜃,𝑡 is a continuous variable denoting the processing
time; ΩTA, ΩRE, and ΩST denote the sets of tasks, resources, and
steel plant buses, respectively.

B. Task Execution Time Constraints
To enable flexible scheduling under varying processing rates

𝑠𝑛,𝑎,𝑏, 𝜃 , task execution time constraints are formulated to
regulate task processing time and state transition within a unit
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Fig. 2. Bidirectional dynamic decision-making–based source–load coordinated optimization framework.

1 EAF AOD2 LF3 CC4

Fig. 3. The four production stages of the EAF steelmaking [27].

time slot 𝜏. Eq. (2) ensures that the processing time in each state
does not exceed 𝜏. Eq. (3) ensures that the total processing time
across all states equals 𝜏.

0 ≤ 𝐷𝑛,𝑏, 𝜃,𝑡 ≤ 𝜏, ∀𝑛 ∈ ΩST, ∀𝑏 ∈ ΩTA, ∀𝑡 (2)∑︁
𝜃

𝐷𝑛,𝑏, 𝜃,𝑡 = 𝜏, ∀𝑛 ∈ ΩST, ∀𝑏 ∈ ΩTA, ∀𝑡 (3)

C. Task Continuity Constraints
Some resource-producing tasks 𝑅𝑎𝑏+ ,𝑡 are uninterruptible

once initiated and are therefore prevented from entering the
idle state 𝐷𝑛,𝑏,0,𝑡 . Accordingly, (4) and (5) are introduced to
ensure task continuity during execution.

𝐷𝑛,𝑏,0,𝑡 ≤ 1 − 𝜀𝑛,𝑏,𝑡 , ∀𝑛 ∈ ΩST, ∀𝑏 ∈ ΩTA, ∀𝑡 (4)

𝑅𝑎𝑏+ ,𝑡 ≤ 𝜀𝑛,𝑏,𝑡 , ∀𝑛 ∈ ΩST, ∀𝑏 ∈ ΩTA, ∀𝑡 (5)

where 𝜀𝑛,𝑏,𝑡 is a binary variable; 𝑎𝑏− and 𝑎𝑏+ denote indices of
resource 𝑎 consumed and produced by task 𝑏, respectively.
D. Waiting Task Constraints

Waiting tasks represent the dwell of resources between two
production stages. The dwell time consists of the transfer time
𝑇1
𝑛,𝑏

and the maximum waiting time 𝑇2
𝑛,𝑏

. Hence, (6) defines the
minimum and maximum processing rates of waiting tasks as
𝑠W
𝑛,𝑎,𝑏,1 and 𝑠W

𝑛,𝑎,𝑏,2, corresponding to 𝜃 = 1 and 2, respectively.
𝑠W
𝑛,𝑎,𝑏,1 = 1/

(
𝑇1
𝑛,𝑏

+ 𝑇2
𝑛,𝑏

)
𝑠W
𝑛,𝑎,𝑏,2 = 1/

(
𝑇1
𝑛,𝑏

) (6)

𝑅𝑎𝑏− ,𝑡 ≤ 𝜀𝑛,𝑏,𝑡 , ∀𝑛 ∈ ΩST, ∀𝑏 ∈ ΩTA, ∀𝑡 (7)

(a)

KN


K( )r N

(b)
Fig. 4. Construction of ambiguity set: (a) sample set; (b) Wasserstein ball.

Eqs. (4) and (7) indicate that resource-consuming tasks 𝑅𝑎𝑏− ,𝑡
are executed immediately after the completion of waiting tasks
and are therefore prevented from entering the idle state 𝐷𝑛,𝑏,0,𝑡 .
E. Batch Processing Logic Constraints

Steel production exhibits a batch-based execution pattern.
For instance, each batch of feedstock must complete the melting
process before the subsequent task begins. Together with the
task continuity constraints, (8) establishes a complete modeling
framework, ensuring that each task is completed (𝑅𝑛,𝑎,𝑡 = 1)
after an integer number of time slots.

𝐷𝑛,𝑏,1,𝑡 = 𝜀𝑛,𝑏,𝑡 · 𝜏
𝑠𝑛,𝑎𝑏+ ,𝑏,1 = 1/

(⌈
𝑇𝑛,𝑏/𝜏

⌉
· 𝜏

)
𝑠𝑛,𝑎𝑏− ,𝑏,1 = −1/

(⌈
𝑇𝑛,𝑏/𝜏

⌉
· 𝜏

)
∀𝑛 ∈ ΩST, ∀𝑏 ∈ ΩTA, ∀𝑡

(8)

where 𝑇𝑛,𝑏 denotes the processing time of task 𝑏 at bus 𝑛; ⌈·⌉
represents the ceiling operator, which ensures that the processing
time is fully covered by an integer number of time slots.

III. The Wasserstein-Based Source-Side DRO Model
under Renewable Energy Uncertainty

A. Wasserstein-based Ambiguity Set
The ambiguity set plays a central role in DRO, as it character-

izes the uncertainty in the probability distribution of the random
variable. The ambiguity set is constructed using the Wasserstein
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metric, which is particularly suitable for scenarios supported
by historical data. Given a historical sample 𝒖̂ℎ in historical
sample set

{
𝒖̂1, 𝒖̂2, . . . , 𝒖̂𝑁K

}
with sample size 𝑁K, as shown

in Fig. 4(a), the empirical distribution P𝑁K can be constructed
as in (9), which serves as a surrogate for the unknown true
distribution P of random variable 𝒖̃. The Wasserstein metric
𝑊 (P𝑁K , P), which measures the distance between P𝑁K and P, is
defined in (10).

P𝑁K =
1
𝑁K

∑︁
ℎ=1

𝛿𝒖̂ℎ
(9)

𝑊 (P𝑁K , P) = inf
Π∈Γ (P𝑁K ,P)

{∫
Ξ2

∥𝒖̂ − 𝒖̃∥ Π(𝑑𝒖̂, 𝑑𝒖̃)
}

(10)

where 𝛿𝒖̂ℎ
denotes the Dirac measure centered at 𝒖̂ℎ; Γ(P𝑁K , P)

represents the set of all joint distributions with marginals P𝑁K

and P; Ξ2 denotes the Cartesian product of the support set Ξ
with itself, representing the domain of the joint distribution Π.

Hence, P lies within the Wasserstein-based ambiguity set
defined in (11), where P̂𝑁K denotes the Wasserstein ball of
radius 𝑟 (𝑁K) centered at P𝑁K , as illustrated in Fig. 4(b). Since
𝑟 (𝑁K) plays a critical role in determining the effectiveness of
the DRO model, it is calculated based on (12) and (13) in [28].

P̂𝑁K =
{
P ∈ P(Ξ) : 𝑊 (P𝑁K , P) ≤ 𝑟 (𝑁K)

}
(11)

𝑟 (𝑁K) = 𝐷𝑁K

√︄
1
𝑁K

log
(

1
1 − 𝜆

)
(12)

𝐷𝑁K ≈ 2 inf
𝜑>0

√√√
1

2𝜑

(
1 + ln

(
1
𝑁K

∑︁
ℎ=1

𝑒𝜑 ∥𝒖̂ℎ− 𝝁̂∥2
1

))
(13)

where P(Ξ) denotes the set of all probability distributions
supported onΞ, and 𝜆 represents the confidence level; 𝝁̂ denotes
the sample mean, and | · |21 represents the squared ℓ1-norm; 𝐷𝑁K

is associated with the positive relaxation parameter 𝜑.
B. Objective Function of Source-side DRO Model

Eq. (14) represents the minimization of the operating cost
of the system, where 𝑓1 and 𝑓2 denote the planned cost and
the worst-case cost, respectively. The uncertainty is defined
as a random variable 𝜓̃𝑡 in (17) for computational tractability,
representing the total renewable energy deviation of the system.

𝑓OPE = min[ 𝑓1 + sup
P∈ P̂𝑁K

EP ( 𝑓2)] (14)

𝑓1 =
∑
𝑡=1

∑
𝑖=1

(
𝐶R
𝑖
𝛼𝑖,𝑡 + 𝐶ON

𝑖
𝛽𝑖,𝑡 + 𝐶OFF

𝑖
𝛾𝑖,𝑡 + 𝐶MT

𝑖
𝜔𝑖,𝑡 + 𝜏𝐶G

𝑖
𝑃G
𝑖,𝑡

)
+𝜏 ∑

𝑡=1

∑
𝑚=1

𝐶ES
𝑡

(
𝑃CHR
𝑚,𝑡 − 𝑃DIS

𝑚,𝑡

)
+ 𝜏

∑
𝑡=1

∑
𝑞=1

𝐶UP
𝑡

(
𝑃IN
𝑞,𝑡 − 𝑃OUT

𝑞,𝑡

)
(15)

𝑓2 = 𝜏
∑︁
𝑡=1

[
𝑈DE
𝑡 ×

(
𝜓̃𝑡

)−] + 𝜏
∑︁
𝑡=1

[
𝑈EN
𝑡 ×

(
𝜓̃𝑡

)+] (16)

𝜓̃𝑡 =
∑︁
𝑘=1

(
𝑃̃PV
𝑘,𝑡 − 𝑃PV

𝑘,𝑡

)
+

∑︁
𝑤=1

(
𝑃̃W
𝑤,𝑡 − 𝑃W

𝑤,𝑡

)
(17)

𝑈DE
𝑡 =

∑︁
𝑖=1

𝑈G
𝑖 𝑣

G
𝑖,𝑡 +

∑︁
𝑚=1

𝑈ES
𝑚 𝑣ES

𝑚,𝑡 +
∑︁
𝑞=1

𝑈UP
𝑞 𝑣UP

𝑞,𝑡 (18)∑︁
𝑖=1

𝜈G
𝑖,𝑡 +

∑︁
𝑚=1

𝜈ES
𝑚,𝑡 +

∑︁
𝑞=1

𝜈UP
𝑞,𝑡 = 1, ∀𝑡 (19)

where 𝛼𝑖,𝑡 , 𝛽𝑖,𝑡 , 𝛾𝑖,𝑡 , and 𝜔𝑖,𝑡 denote the binary state variables
representing the online, startup, shutdown, and maintenance
states of thermal power plants, respectively; 𝑃G

𝑖,𝑡
, 𝑃CHR

𝑚,𝑡 , 𝑃DIS
𝑚,𝑡 ,

𝑃IN
𝑡 , and 𝑃OUT

𝑡 denote the real-valued decision variables repre-
senting the power output of thermal power plants, the charging
and discharging power of energy storage systems, and the power
exchanged with the upper-level grid, respectively; 𝑃PV

𝑘,𝑡
and

𝑃W
𝑤,𝑡 denote the real-valued decision variables representing the

expected power of the PV plant and wind farm to be utilized
by the system, respectively; 𝑃̃PV

𝑘,𝑡
and 𝑃̃W

𝑤,𝑡 denote the random
variables representing the actual available power of the PV
plant and wind farm, respectively; 𝜈G

𝑖,𝑡
, 𝜈ES

𝑚,𝑡 , and 𝜈UP
𝑞,𝑡 ∈ [0, 1]

denote the participation factors associated with each component;
𝑓CUT =

∑
𝑡=1

[
𝑈EN ×

(
𝜓̃𝑡

)+] denotes the cost of renewable energy
curtailment; 𝐶 denotes the cost coefficients associated with
each component; 𝑈 denotes the penalty cost coefficients for
deviations in renewable generation output of each component;
(𝑥)+ and (𝑥)− represent max(𝑥, 0) and max(−𝑥, 0), respectively.

Eq. (16) is computationally intractable and can be transformed
into (20) via strong duality theory. However, the constraints in
(20) scale with the sample size, imposing a heavy computational
burden that limits the effective utilization of historical data.
To address this issue, the method proposed in [29] is adopted
to reformulate (20) into a tractable approximation. Given the
structure of 𝑓2, there exists a family of affine functions of 𝜓̃𝑡 ,
expressed as 𝑐𝑀 𝜓̃𝑡 + 𝑑𝑀 , such that (21) holds.

sup
P∈ P̂𝑁K

EP [ 𝑓2 (𝜓̃𝑡 )]

= inf
𝜅𝑡≥0

{
𝜅𝑡 · 𝑟𝑡 + 1

𝑁K

𝑁K∑
ℎ=1

sup
𝜓̃𝑡 ∈Ξ

[
𝑓2 (𝜓̃𝑡 ) − 𝜅𝑡 ·



𝜓̃𝑡 − 𝜓̂𝑡 ,ℎ




1
]}

=



inf
𝜅𝑡≥0

𝜅𝑡 · 𝑟𝑡 + 1
𝑁K

𝑁K∑
ℎ=1

𝜍𝑡 ,ℎ

s.t. 𝑓2 (𝜓𝑡 ) − 𝜅𝑡 ·
(
𝜓𝑡 − 𝜓̂𝑡 ,ℎ

)
≤ 𝜍𝑡 ,ℎ, ∀ℎ ≤ 𝑁K

𝑓2 (𝜓
𝑡
) + 𝜅𝑡 ·

(
𝜓
𝑡
− 𝜓̂𝑡 ,ℎ

)
≤ 𝜍𝑡 ,ℎ, ∀ℎ ≤ 𝑁K

𝑓2 (𝜓̂𝑡 ,ℎ) ≤ 𝜍𝑡 ,ℎ, ∀ℎ ≤ 𝑁K
(20)

𝑓2 (𝜓̃𝑡 ) = max
𝑀∈{1,2}

{
𝑐𝑀 𝜓̃𝑡 + 𝑑𝑀

}
=


∑
𝑡=1

𝑈EN
𝑡 𝜓̃𝑡 , 𝜓̃𝑡 ≥ 0

− ∑
𝑡=1

𝑈DE
𝑡 𝜓̃𝑡 , 𝜓̃𝑡 < 0

(21)
where 𝜅𝑡 and 𝜍𝑡 ,ℎ denote the dual variable and the auxiliary
variable, respectively; 𝜓𝑡 and 𝜓

𝑡
denote the upper and lower

boundaries of the support set, respectively; 𝑐𝑀 and 𝑑𝑀 represent
the coefficient and the intercept of the affine functions.

Hence, (20) is reformulated into a sample-independent form.
sup

P∈ P̂𝑁K

EP [ 𝑓2 (𝜓̃𝑡 )]

=


inf
𝜅𝑡≥0


𝜅𝑡 · 𝑟𝑡 + 𝜒 · 𝜓𝑡 − 𝜐 · 𝜓

𝑡

+ 1
𝑁K

𝑁K∑
ℎ=1

[
𝑓2 (𝜓̂𝑡 ,ℎ) + (𝜒 − 𝜐) 𝜓̂𝑡 ,ℎ

] 
s.t. ∥𝜒 − 𝜐 − 𝑐𝑀 ∥∞ ≤ 𝜅𝑡 , ∀𝑀 ∈ {1, 2}

𝜒, 𝜐 ≥ 0

(22)

where 𝜒 and 𝜐 denote Lagrange multipliers; ∥ · ∥∞ is ℓ∞-norm.
C. Constraints of Source-side DRO Model

Eqs. (23)–(25) specify the state constraints of thermal power
plant; (26)–(31) represent the limiting constraints; (32)-(33)
correspond to the ramping constraints; (34)-(35) define the
power flow security and power balance constraints, respectively.

𝛽𝑖,𝑡 + 𝛾𝑖,𝑡 ≤ 1, ∀𝑖, 𝑡 (23)
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Fig. 5. Schematic diagram of the NCI components at bus 𝑛.

𝛼𝑖,𝑡 + 𝜔𝑖,𝑡 ≤ 1, ∀𝑖, 𝑡 (24){
𝛽𝑖,𝑡 − 𝛾𝑖,𝑡 = 𝛼𝑖,𝑡 , 𝑡 = 1, ∀𝑖
𝛽𝑖,𝑡 − 𝛾𝑖,𝑡 = 𝛼𝑖,𝑡 − 𝛼𝑖,𝑡−1, 𝑡 ≥ 2, ∀𝑖

(25)

0 ≤ 𝑃IN
𝑞,𝑡 ≤ 𝜎UP

𝑞,𝑡𝑃
INmax
𝑞,𝑡 , ∀𝑞, 𝑡 (26)

0 ≤ 𝑃OUT
𝑞,𝑡 ≤ (1 − 𝜎UP

𝑞,𝑡 )𝑃OUTmax
𝑞,𝑡 , ∀𝑞, 𝑡 (27)

𝛼𝑖,𝑡𝑃
G min
𝑖,𝑡 ≤ 𝑃G

𝑖,𝑡 ≤ 𝛼𝑖,𝑡𝑃
G max
𝑖,𝑡 , ∀𝑖, 𝑡 (28)

0 ≤ 𝑃DIS
𝑚,𝑡 ≤ 𝜎ES

𝑚,𝑡𝑅
ES
𝑚 𝑊ES

𝑚 , ∀𝑚, 𝑡 (29)

0 ≤ 𝑃CHR
𝑚,𝑡 ≤ (1 − 𝜎ES

𝑚,𝑡 )𝑅ES
𝑚 𝑊ES

𝑚 , ∀𝑚, 𝑡 (30){
0 ≤ 𝑄𝑚,𝑡+1 ≤ 𝑊ES

𝑚 , 𝑄𝑚,1 = 𝑄𝑚,𝑇+1, ∀𝑚, 𝑡

𝑄𝑚,𝑡+1 = 𝑄𝑚,𝑡 + 𝜏[𝜂ES𝑃
CHR
𝑚,𝑡+1 − (1/𝜂ES)𝑃DIS

𝑚,𝑡+1]
(31)

𝑃G
𝑖,𝑡 −𝑃G

𝑖,𝑡−1 < (1−𝛼𝑖,𝑡−1)𝑃G max
𝑖,𝑡 +𝛼𝑖,𝑡−1𝐷

UR, 𝑡 ≥ 2, ∀𝑖 (32)
𝑃G
𝑖,𝑡−1 − 𝑃G

𝑖,𝑡 < (1 − 𝛼𝑖,𝑡 )𝑃G max
𝑖,𝑡 + 𝛼𝑖,𝑡𝐷

UR, 𝑡 ≥ 2, ∀𝑖 (33)

−𝑃max
𝑙

≤ 𝑃𝑙,𝑡 =
∑
𝑖=1

𝐺𝑙−𝑖𝑃G
𝑖,𝑡

+ ∑
𝑘=1

𝐺𝑙−𝑘𝑃PV
𝑘,𝑡

+ ∑
𝑤=1

𝐺𝑙−𝑤𝑃W
𝑤,𝑡 +

∑
𝑞=1

𝐺UP
𝑙−𝑞 (𝑃

IN
𝑞,𝑡 − 𝑃OUT

𝑞,𝑡 )

− ∑
𝑛=1

𝐺𝑙−𝑛𝑃L
𝑛,𝑡 +

∑
𝑚=1

𝐺𝑙−𝑚 (𝑃DIS
𝑚,𝑡 − 𝑃CHR

𝑚,𝑡 ) ≤ 𝑃max
𝑙

(34)

∑
𝑖=1

𝑃G
𝑖,𝑡

+ ∑
𝑘=1

𝑃PV
𝑘,𝑡

+ ∑
𝑤=1

𝑃W
𝑤,𝑡 +

∑
𝑚=1

(𝑃DIS
𝑚,𝑡 − 𝑃CHR

𝑚,𝑡 )

+ ∑
𝑞=1

(𝑃IN
𝑞,𝑡 − 𝑃OUT

𝑞,𝑡 ) = ∑
𝑛=1

𝑃L
𝑛,𝑡

(35)

where 𝐺 denotes the power transfer distribution factor; 𝑃𝑙,𝑡 ,
𝑃max
𝑙

, and 𝑃L
𝑛,𝑡 signify the power flow, the transmission capacity,

and the load demand, respectively; 𝜎UP
𝑞,𝑡 and 𝜎ES

𝑚,𝑡 signify the
binary state variables of the upper-level grid and energy storage,
respectively; 𝑄𝑚,𝑡 , 𝑅ES

𝑚 , 𝑊ES
𝑚 , and 𝜂ES denote the stored energy,

the power-to-energy ratio, the energy storage capacity, and
efficiency, respectively; 𝑃G min

𝑖,𝑡
, 𝑃G max

𝑖,𝑡
, 𝑃OUTmax

𝑞,𝑡 , and 𝑃INmax
𝑞,𝑡

signify the power limits; 𝐷UR denotes the ramping coefficient.
IV. The NCI-Based Load-Side LCDR Model Considering

Regulation of EAF Steel Plant Cluster
A. NCI-Based Load-Side LCDR Optimization Model

The NCI, expressed in kgCO2/MWh and defined in (36),
dynamically quantifies the carbon emissions that result from
the consumption of a unit of electrical energy. The schematic
diagram of the NCI components at bus 𝑛 is shown in Fig. 5. The
power sources of the system are classified into carbon-based
and zero-carbon types. The former, including thermal power
plants and the upper-level grid, emit carbon, whereas the latter,
including PV plants and wind farms, are emission-free.

𝐸𝑛,𝑡 =

∑
𝑙∈ΩB

𝑃𝑙,𝑡𝐸 𝑗 ,𝑡 +
∑
𝑔∈Ω

𝑃𝑔,𝑡𝑒𝑔∑
𝑙∈ΩB

𝑃𝑙,𝑡 +
∑
𝑔∈Ω

𝑃𝑔,𝑡

, ∀𝑛, 𝑡 (36)

where 𝐸𝑛,𝑡 and 𝐸 𝑗 ,𝑡 denote the NCI of buses 𝑛 and 𝑗 ,
respectively; 𝑃𝑔,𝑡 and 𝑒𝑔 indicate the output and the carbon
intensity of each power source, respectively; ΩB denotes the set
of all transmission lines injecting active power into bus 𝑛, and
Ω denotes the set of all power sources connected to bus 𝑛.

Therefore, the EAF steel plant cluster participates in LCDR
according to 𝐸𝑛,𝑡 . The objective function of the LCDR op-
timization model, given in (37), aims to minimize the carbon
emission cost of the system. Eq. (38) defines 𝐸𝑁𝑛,𝑡 as the energy
consumption of bus 𝑛.

𝑓CO2 = min𝐶C
∑︁
𝑛=1

∑︁
𝑡=1

(
𝐸𝑛,𝑡 · 𝐸𝑁𝑛,𝑡

)
(37)

𝐸𝑁𝑛,𝑡 = 𝑃L
𝑛,𝑡 · 𝜏 =


∑︁
𝑏

∑︁
𝜃

𝑃𝑛,𝑏, 𝜃 · 𝐷𝑛,𝑏, 𝜃,𝑡 , if 𝑛 ∈ ΩST

𝑃OT
𝑛,𝑡 · 𝜏, otherwise

(38)
where 𝐶C, 𝑃𝑛,𝑏, 𝜃 , and 𝑃OT

𝑛,𝑡 denote the carbon cost coefficient,
the EAF steel plant load, and other load, respectively.

Eqs. (39)-(41) specify the energy consumption variation
Δ𝐸𝑁𝑛,𝑡 for each iteration and its upper and lower bounds.
Eq. (42) ensures that the total energy consumption remains
constant over the time horizon 𝑇 .
Δ𝐸𝑁𝑛,𝑡 = 𝐸𝑁𝑛,𝑡 − 𝐸𝑁

(0)
𝑛,𝑡 =

{
𝐸𝑁U

𝑛,𝑡 , Δ𝐸𝑁𝑛,𝑡 ≥ 0
𝐸𝑁D

𝑛,𝑡 , Δ𝐸𝑁𝑛,𝑡 < 0 (39)

0 ≤ 𝐸𝑁U
𝑛,𝑡 ≤ 𝐼𝑛,𝑡 · 𝜌max

𝑛,𝑡 · 𝐸𝑁 (0)
𝑛,𝑡 , ∀𝑛, 𝑡 (40)

−(1 − 𝐼𝑛,𝑡 ) · 𝜌max
𝑛,𝑡 · 𝐸𝑁 (0)

𝑛,𝑡 ≤ 𝐸𝑁D
𝑛,𝑡 ≤ 0, ∀𝑛, 𝑡 (41)∑︁

𝑡=1
𝐸𝑁U

𝑛,𝑡 =
∑︁
𝑡=1

��𝐸𝑁D
𝑛,𝑡

��, ∀𝑛, 𝑡 (42)

where 𝐸𝑁
(0)
𝑛,𝑡 , 𝐸𝑁U

𝑛,𝑡 , and 𝐸𝑁D
𝑛,𝑡 denote the initial energy

consumption, the upward and downward adjustment amounts,
respectively; 𝐼𝑛,𝑡 denotes the binary state variable; 𝜌max

𝑛,𝑡 denotes
the expected energy consumption adjustment rate (EECR),
representing the upper limit of the adjustment capability of the
EAF steel plant cluster participating in LCDR.
B. Warm-Start Technology

In the proposed method, the source-side and load-side
models require multiple iterations to reach convergence. This
process may result in computation time exceeding 𝜏, which
is undesirable for power system operation and steel produc-
tion scheduling. To overcome this issue, a warm-start–based
source–load coordinated optimization algorithm is developed.

By rearranging (39)–(41), (43) is obtained, based on which
energy consumption adjustment rate (ECR) is defined in (44).

−𝜌max
𝑛,𝑡 ≤

Δ𝐸𝑁
(𝑧)
𝑛,𝑡

𝐸𝑁
(𝑧−1)
𝑛,𝑡

≤ 𝜌max
𝑛,𝑡 , 𝑧 ≥ 1, ∀𝑛, 𝑡 (43)

𝜌
(𝑧)
𝑛,𝑡 =

Δ𝐸𝑁
(𝑧)
𝑛,𝑡

𝐸𝑁
(𝑧−1)
𝑛,𝑡

× 100%, 𝑧 ≥ 1, ∀𝑛, 𝑡 (44)

where 𝜌
(𝑧)
𝑛,𝑡 is the ECR in the 𝑧-th iteration; 𝑧 is iteration index.

Since 𝐸𝑁
(𝑧−1)
𝑛,𝑡 is constant in the 𝑧-th iteration, 𝑓

(𝑧)
CO2 is

regarded as a function of 𝐸 (𝑧)
𝑛,𝑡 and 𝜌

(𝑧)
𝑛,𝑡 . Accordingly, 𝑓

(𝑧)
CO2 in

the 𝑧-th iteration can be expressed as (45):
𝑓
(𝑧)

CO2 = min𝐶C ∑
𝑛=1

∑
𝑡=1

[
𝐸

(𝑧)
𝑛,𝑡 · 𝐸𝑁

(𝑧)
𝑛,𝑡

]
𝐸𝑁

(𝑧)
𝑛,𝑡 = 𝐸𝑁

(𝑧−1)
𝑛,𝑡

(
1 + 𝜌

(𝑧)
𝑛,𝑡

)
, 𝑧 ≥ 1

(45)
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Algorithm 1 Warm-Start Based Source–Load Coordinated
Optimization Algorithm
Step 1. Initialize iteration index as 𝑧 = 1 and energy consump-
tion data as 𝐸𝑁

(0)
𝑛,𝑡 . Specify the convergence tolerance 𝜖 > 0

and the proximal coefficient 𝜉 > 0. For clarity of presentation,
all algorithmic formulas are expressed in matrix form.
Step 2. Using the results at 𝑧 = 1 as the sample data, a monotone
Lipschitz fitting method is employed to construct a mapping
function 𝑓𝑛 for each bus 𝑛, which preliminarily characterizes
the relationship between 𝑬𝑛 and 𝝆𝑛:

𝝆𝑛 = 𝑓𝑛 (𝑬𝑛), 𝑓𝑛 : R𝑇 → R𝑇 (46)
The matrix-form operator 𝐹 (·) is obtained by stacking the
mappings across all buses and time slots, as shown in (47):

𝝆 = 𝐹 (𝑬), 𝐹 : R𝑁×𝑇 → R𝑁×𝑇 (47)
Step 3. For computational tractability and to avoid excessive
computational burden, hard constraints are extracted from
(1)–(8) and (39)–(42) to construct a convex inner approximation
feasible set 𝑆:

𝑆 = {𝝆 : 𝑨𝝆 ≤ 𝒄, 𝑯𝝆 = 𝒅} ⊆ F (48)
where F denotes the complete feasible region defined by
(1)–(8), while 𝑨, 𝑯, 𝒄, and 𝒅 are constant matrices.
Step 4. For 𝑧 ≥ 2, the source-side DRO model is solved based
on 𝐸𝑁

(𝑧−1)
𝑛,𝑡 and 𝑬 (𝑧) is computed according to (36). The result

is then fed into 𝐹 (·) to obtain the candidate initialization 𝝆̂ (𝑧) :
𝝆̂ (𝑧) = 𝐹

(
𝑬 (𝑧)

)
(49)

However, 𝝆̂ (𝑧) obtained from (37) may deviate from constraints
of steel production. To further provide a feasible and reliable
initialization for iteration, the projection of 𝝆̂ (𝑧) onto 𝑆 is
computed according to (50), yielding refined initialization 𝝆̃ (𝑧) .

𝝆̃ (𝑧) = arg min
𝝆̃ (𝑧) ∈𝑆




𝝆̃ (𝑧) − 𝝆̂ (𝑧)



2

2
(50)

Step 5. Using 𝜌̃ (𝑧) simultaneously as the initialization for warm-
start and as the proximal center, the subproblem (51) is computed
by combining the global LCDR objective 𝐽𝐿

(
𝑬 (𝒛) , 𝝆 (𝒛)

)
in (45)

with the proximal regularization term 𝜉

2 ∥𝝆
(𝒛) − 𝝆̃ (𝒛) ∥2

2. Based
on the solution 𝝆 (𝒛) , 𝐸𝑁 (𝑧)

𝑛,𝑡 is computed according to (45).
𝝆 (𝒛) = arg min

𝝆 (𝒛)

[
𝐽𝐿

(
𝑬 (𝒛) , 𝝆 (𝒛)

)
+ 𝜉

2


𝝆 (𝒛) − 𝝆̃ (𝑧)

2

2

]
s.t.𝝆 (𝒛) ∈ F ,



𝝆 (𝒛) − 𝝆̃ (𝑧)


∞ ≤ Δ(𝑧)

(51)

where Δ(𝑧) denotes the trust region.
Step 6. If ∥𝝆 (𝒛) − 𝝆 (𝒛−1) ∥∞ ≤ 𝜀, the iteration terminates and
outputs the complete results of the source-side and load-side
models; otherwise, set 𝑧 = 𝑧 + 1 and return 𝐸𝑁

(𝑧−1)
𝑛,𝑡 to Step 4.

The warm-start algorithm, as shown in Algorithm 1, con-
structs a mapping function based on the sample data of NCI and
ECR to capture their relationship, thereby generating a candidate
initialization. It further employs feasible-set projection to obtain
refined initialization and adopts proximal regularization to
enhance convergence stability. As a result, the number of
source–load iterations is reduced, computational efficiency is
significantly improved, and feasibility is guaranteed.

V. Case Studies
The proposed methods are validated on an improved IEEE

39-bus system (Fig. 6), integrating an industrial load cluster of
15 EAF steel plants parameterized based on actual industrial
data. The parameters of thermal power plants are listed in
Table I. Time horizon 𝑇 is 24 h, and 𝜏 is 15 min. This case

39

1

9

8

7

6

31

5

2

30 25
37

3

18 17
27

26
28

24

29

38

4

11
10

32

13

12

14

15

16

34 33

20

19

21

22
35

23

36

PV plant Wind farm Energy storage system Upper-level grid

EAF steel plant load Thermal power plant

G9G6

G1 G8

G7

G4G5G3

G2

Fig. 6. System topology of the improved IEEE 39-bus system.
TABLE I

Parameter Settings of Thermal Power Plants

Capacity
(MW)

𝐶G
𝑖

(CNY/MWh)
𝐶ON
𝑖

(CNY/time)
𝐶OFF
𝑖

(CNY/time)
𝐶MT
𝑖

(CNY/time)
𝑒𝑔

(kgCO2/MWh)

G1 800 510 43000 11000 54000 840
G2 740 570 40000 10000 50000 871
G3 870 490 47000 12000 59000 828
G4 740 570 40000 10000 50000 871
G5 540 690 29000 7000 36000 970
G6 770 540 42000 10500 52000 855
G7 640 640 34000 9000 43000 910
G8 600 670 32000 8000 40000 940
G9 900 440 48000 12500 61000 794

represents a typical industry-dominated regional power system,
where steel load accounts for the majority of total demand.
This configuration highlights the role of the industrial cluster in
coordinated source–load optimization. The detailed parameters
and raw data for the case studies are available from the authors
upon reasonable request.
A. Analysis of Wasserstein-Based Source-Side DRO Model

To validate the effectiveness of the proposed DRO model, a se-
ries of historical sample sets of renewable energy are generated
as shown in Table II. Several representative models are selected
as benchmarks, including RO with a polyhedral uncertainty set
(P-RO), moment-based DRO (M-DRO), Gaussian SP (GSP),
and sample average approximation-based SP (SAA-SP). Default
confidence level 𝜆 is set to 90%. 𝑁K is measured in days.

Fig. 7 compares the operating costs of the representative
models under different sample sizes. The operating costs of P-
RO and GSP constitute the upper and lower bounds of all curves,
respectively. This is because P-RO is independent of historical
samples, whereas GSP assumes an explicit probability distribu-
tion derived from them. Therefore, P-RO and GSP yield the most
conservative and aggressive decisions, respectively. M-DRO
captures specific statistical features of historical data, utilizing
the first-order moment to characterize the central tendency and
the second-order moment to describe the variability of random
variables. In this way, it achieves a certain degree of data-driven
performance and reduces conservativeness compared with P-
RO. However, since the moment-based ambiguity set does not
converge to the true distribution even with increasing sample
size, M-DRO fails to fully exploit larger sample sets to mitigate
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TABLE II
Historical Sample Sets of Renewable Energy

Label SA1 SA2 SA3 SA4 SA5 SA6

𝑁K 10 50 100 200 500 1000
Data points 6720 33600 67200 134400 336000 672000

SA1 SA2 SA3 SA4 SA5 SA6
25.50

26.00

26.50

27.00

f O
P

E
 (

10
6  C

N
Y

)

 P-RO
 M-DRO
 The proposed DRO model
 SAA-SP
 GSP

26.05

Fig. 7. Comparison of operating costs under different sample sizes.

decision conservativeness. Both the proposed DRO model and
SAA-SP exhibit a decrease in operating cost as the sample size
increases. This indicates that both models can leverage more
samples to refine the estimation of probability distributions,
thereby reducing decision conservativeness. To further evaluate
the constraint feasibility of each model, we calculate the feasible
levels of the constraints in Subsection C of Section III, and
set 95% as the required minimum threshold for feasibility, as
shown in Fig. 8(a). P-RO, M-DRO, and the proposed DRO
model satisfy the required minimum threshold across all sample
sets, demonstrating strong robustness. In contrast, GSP fails
to meet the minimum threshold in any sample set due to its
overly aggressive decisions. As the sample size increases, SAA-
SP exhibits deteriorating constraint feasibility, failing to meet
the minimum threshold in all sample sets beyond SA2. This
indicates that, due to its aggressive decisions, SAA-SP exhibits
poor constraint feasibility performance with larger sample sizes.
In conclusion, the proposed DRO model strikes an optimal
balance between robustness and feasibility. With sufficient
data support, it yields superior economic performance, proving
highly advantageous for source–load coordinated optimization.

Another notable advantage of the proposed DRO model is its
two-stage deployment framework, consisting of an offline prepa-
ration stage and an operation stage. As illustrated in Fig. 8(b), the
offline stage entails constructing the Wasserstein ambiguity set
and reformulating the optimization model, facilitating flexible
dataset maintenance and updates. Although the computation
time of this stage increases moderately with the sample size,
it remains acceptable as it is executed offline, imposing no
impact on real-time dispatch. In contrast, the operation stage
involves solving the reformulated optimization model. The
computation time in this stage consistently remains below 25 s
and shows no dependence on the sample size due to the sample-
independent reformulation, which ensures its suitability for
iterative source–load coordination. Consequently, the proposed
framework leveraging offline data-driven preparation to enable
computationally efficient real-time optimization.

B. Analysis of Source–Load Coordinated Optimization

To evaluate the effectiveness of the proposed source–load
coordinated optimization method, four scenarios are defined
according to different EECR levels, as shown in Table III. The
historical sample set SA4 is selected for the source-side DRO
model, since SA4 not only provides sufficient data support but
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Fig. 9. Scheduling results of power sources and load adjustments.

also ensures that the constraint feasibility of the DRO model
remains close to 100%.

The scheduling results of power sources from the source-side
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TABLE III
Scenario Classification under different EECR Levels

Label Scenario 1 Scenario 2 Scenario 3 Scenario 4

𝜌max 4% 6% 8% 10%

Fig. 10. Costs of the system under different scenarios.
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Fig. 11. Iterative processes under different scenarios.

DRO model and the load adjustments from the load-side LCDR
model under the four scenarios are compared in Fig. 9(a)–(d).
From the perspective of power sources, as the adjustment capa-
bility of EAF steel plant cluster participating in LCDR increases
(with 𝜌max gradually increasing from Scenario 1 to Scenario 4),
the output of thermal generation gradually decreases. Mean-
while, the utilization of wind and PV resources significantly
improves. These results demonstrate that the proposed method,
through source–load coordinated optimization, enhances the
flexibility of power sources, reduces the operational burden on
thermal generation, and facilitates renewable energy integration.
From the load perspective, during 00:00–08:00 (Period 1) and
21:15–24:00 (Period 3), the overall load demand decreases (red-
shaded regions), whereas during 08:00–21:15 (Period 2), the
demand increases (yellow-shaded region). This trend becomes
more pronounced as 𝜌max increases, indicating that the load-
side adjustment capacity expands with the release of EAF steel
plant cluster participating in LCDR. The proposed method
effectively exploits the demand-side flexibility of the EAF steel
plant cluster, enabling more production tasks to be shifted from
periods with insufficient renewable generation (Periods 1 and 3)
to the period with higher renewable output (Period 2), thereby
achieving a higher share of low-carbon production. Meanwhile,

the load adjustment exhibits an overall “smooth-shifting” pattern
rather than frequent on/off fluctuations. This demonstrates that
the proposed method leverages demand-side flexibility while
strictly adhering to the process constraints of EAF steelmaking,
such as batch processing. In other words, the EAF steelmaking
process can be reasonably rescheduled within allowable time
windows but cannot be arbitrarily interrupted, ensuring the
feasibility of industrial production scheduling. In addition, from
the perspective of production tasks, the unchanged total energy
consumption (with the areas of the two red-shaded regions equal
to that of the yellow-shaded region) indicates that the proposed
method also ensures sufficient energy supply for the EAF steel
plant cluster within time horizon 𝑇 .

To further verify that the proposed method enables low-
carbon economic operation of the system, the costs under
different scenarios are presented in Fig. 10. The total system
cost 𝑓TOTAL is defined as the sum of the operating cost 𝑓OPE
and the carbon emission cost 𝑓CO2. An initial scenario is
defined in which neither source–load model iteration nor LCDR
is performed. Instead, the carbon emission cost is calculated
directly through NCI and initial energy consumption, such
that the initial scenario degenerates into the proposed DRO
model performing only economic optimization of the system.
From Fig. 10, as the adjustment capability of load-side EAF
steel plant cluster increases, the total system cost decreases by
23.76 × 106 CNY, representing a reduction of 57.80%. This
reduction is mainly attributed to the operating cost, which drops
from 26.05×106 CNY to 2.80×106 CNY, yielding a decline of
89.25%. In particular, the cost of renewable energy curtailment,
a non-negligible component of the operating cost, falls by
14.97×106 CNY, with a reduction exceeding 95%. Meanwhile,
this still results in a maximum reduction of 2.20 × 106 kg in
carbon emissions. These results demonstrate that the proposed
method alleviates renewable energy curtailment and reduces
carbon emissions. It achieves cost savings through enhanced
integration of zero-carbon power sources and carbon reduction
incentives. In this way, the system can achieve low-carbon
economic operation. Moreover, as the share of the EAF steel
plant cluster participating in LCDR increases, the cost-saving
benefits become more pronounced, further confirming the effec-
tiveness of the proposed method under scenarios with larger steel
loads engaged in LCDR. The iterative processes under different
scenarios shown in Fig. 11 indicate that even with an increasing
share of the EAF steel plant cluster participating in LCDR, the
proposed method can still achieve stable convergence within a
limited number of iterations, demonstrating its robustness.

From the modeling perspective, the proposed method
achieves lower costs across all categories compared with initial
scenario. The results of Fig. 11 demonstrate that multiple itera-
tions of source–load coordinated optimization can fully activate
the interactive potential of both supply-side and demand-side
resources. By enabling bidirectional dynamic decision-making
rather than one-sided, one-shot decisions, the method further
reduces the conservativeness of the proposed DRO model.
C. Analysis of Warm-Start Based Source–Load Coordinated
Optimization Algorithm

By selecting Scenario 4, which specifies the largest 𝜌max, Fig.
12(a) presents the sample data of NCI and ECR for the entire
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(a) (b)
Fig. 12. Data-driven construction of mapping functions: (a) sample data of NCI
and ECR under Scenario 4; (b) mapping functions for buses 7, 18, and 29 under
Scenario 4.
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Fig. 13. Analysis of the proposed warm-start algorithm from the optimization
perspective.

system, and Fig. 12(b) illustrates the mapping functions for
buses 7, 18, and 29. The mapping functions in Fig. 12(b) reflect
the willingness of the EAF steel plant at the corresponding
bus to participate in LCDR under different NCI levels. A
positive 𝜌 indicates an intention to increase energy consumption,
whereas a negative 𝜌 indicates an intention to decrease energy
consumption. Taking bus 7 as an example, the mapping function
and its inflection points indicate the following. When the NCI
ranges from 0 to 598.53 kgCO2/MWh, the EAF steel plant
shows the highest positive willingness to consume electricity,
implying that the associated carbon emissions are relatively low.
When the NCI falls within 598.53–699.98 kgCO2/MWh, the
willingness gradually decreases. Once the NCI exceeds 699.98
kgCO2/MWh, the EAF steel plant becomes least willing to
consume electricity, suggesting that the carbon emissions are
excessively high and the plant aims to shift energy consumption
to the maximum extent possible. The mapping functions provide
support for generating candidate initialization.

To verify the effectiveness from the optimization perspective,
the objective functions obtained by the proposed warm-start
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algorithm under different scenarios are presented in Fig. 13(a).
Furthermore, the relative deviations between the objective
functions obtained by the proposed warm-start algorithm and
those from the source–load coordinated optimization method are
shown in Fig. 13(b). To validate the computational efficiency of
the proposed algorithm, the initial scenario, the proposed warm-
start algorithm, and the proposed source–load coordinated
optimization method are denoted as Method I, Method II,
and Method III, respectively. The computation times under
different scenarios are compared in Fig. 14, while the numbers
of iterations under different scenarios are presented in Fig. 15.

From Fig. 14, it can be observed that as the adjustment
capability of the EAF steel plant cluster increases, the total
computation time of Method I remains unchanged. In contrast,
the total computation time of Method II increases from 197.12s
to 235.35s, while that of Method III increases from 707.94s to
1241.44s. By combining the results in Figs. 14 and 15, several
analytical conclusions can be drawn. Method I exhibits the
shortest computation time since it does not involve source–load
coordination and LCDR. Method III shows the longest compu-
tation time, because the increasing adjustment capability of the
EAF steel plant cluster intensifies oscillations of the decision
variables (i.e., adjusted load profiles). The oscillations and iter-
ations form a vicious cycle, which continuously amplifies their
adverse effects and progressively increases the computational
burden of both the source-side and load-side models. As a result,
nine iterations are required for decision variables of all buses
to converge, and the total computation time exceeds the unit
time slot 𝜏, imposing practical limitations. Method II, equipped
with warm-start and proximal regularization for oscillation sup-
pression, avoids excessive iterations. Consequently, it achieves
a relatively short and stable computation time, which is almost
unaffected by the increase in adjustment capability.

Considering both optimization performance and computation
time, an analysis of the results in Figs. 10, 13, 14, and 15
is conducted. Method I yields the shortest computation time.
However, it does not exploit any source–load interaction, leading
to the highest operating cost, carbon emission cost, and total cost.
Hence, it cannot provide a low-carbon and economic decision.
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Method III fully coordinates source-side and load-side resources
to achieve a balanced decision and delivers the most economic
results. Nevertheless, as the load of the EAF steel plant cluster
participating in LCDR increases, the total computation time
becomes uncontrollable, rendering it unsuitable for both power
source scheduling and steel production scheduling. Method II
retains the advantages of Method III in enabling low-carbon
economic operation. It enhances source-side resilience against
renewable fluctuations and encourages participation of the EAF
steel plant cluster in LCDR. Compared with Method III, Method
II improves computation efficiency significantly, while the loss
in economic performance remains below 1%. Most importantly,
Method II prevents excessive iterations and keeps the total
computation time stably within a reasonable range.

VI. Conclusion
This paper proposes a source–load coordinated optimization

method considering the participation of EAF steel plant cluster
in LCDR. By accommodating the specific production con-
straints of EAF steelmaking, the proposed method enables the
smooth shifting of industrial loads to periods of high renewable
generation, significantly facilitating renewable energy integra-
tion. Numerical results show that, compared with conventional
methods, the proposed method reduces carbon emissions by
up to 2.20 × 106 kg, decreases the cost of renewable energy
curtailment by 14.97 × 106 CNY, and lowers the total system
cost by 57.80%. Moreover, both carbon reduction and cost-
saving performance are further enhanced as the adjustment
capacity of the EAF steel plant cluster increases. To address the
issue of excessive iteration time in the source–load models, the
proposed warm-start algorithm limits the total computation time
to within 240s, with less than 1% loss in economic performance,
thereby achieving fast optimization within a unit time slot. The
proposed method enables low-carbon economic operation of
power systems considering the regulation of EAF steel plant
cluster, thereby providing a new perspective for future power
system decarbonization in industrial scenarios.
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