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Abstract: Conventional shared energy storage (SES) allocation and coordinated operation
mechanism are mismatched with the actual time-varying demand of the distribution system,
resulting in low utilization of energy storage and renewable energy sources (RES), which
restricts the system operational efficiency and RES integration. To solve this issue, this paper
proposes a centralized shared energy storage (CSES) optimization framework for AC/DC
distribution systems with dual-time-scale coordination to address this issue. Firstly, optimal
scheduling models for AC/DC distribution systems are formulated. Secondly, a novel
CSES optimization framework is established where a large-scale CSES directly connects to
multiple subnetworks. This framework maximizes RES utilization by coordinating CSES
operation, leveraging complementary RES potential. Thirdly, based on dual-time-scale
coordination, intraday stage adjustments are made based on the day-ahead scheduling
to accommodate and coordinate with source–load changes. Day-ahead SOC trajectory
is processed using linear interpolation to obtain intraday SOC trajectory, ensuring that
the state of charge (SOC) constraints are satisfied. An alternating direction multiplication
method (ADMM) algorithm is used to coordinate the intraday optimization. Finally, case
studies on an AC/DC distribution system comprising three IEEE 33-node AC subnetworks
show that the proposed strategy can increase the RES utilization rate to 99.31%, 88.10%,
and 99.91%, and reduce the operational cost by 16.51%.

Keywords: AC/DC distribution system; shared energy storage; dual-time-scale framework;
optimal scheduling; alternating direction method of multipliers

1. Introduction
With the rapid development of power electronic technology, the integration of the RES

and energy storage system (ESS) has significantly transformed distribution systems [1,2].
The proportion of distributed resources and DC-compatible technologies has increased
dramatically, making AC/DC distribution systems particularly advantageous for accommo-
dating diverse generation types and enhancing system flexibility [3,4]. However, AC/DC
distribution systems face multiple challenges: large-scale penetration of intermittent RESs,
coordinated operation requirements, and the temporal–spatial imbalance of source-load
relationships across subnetworks [1]. Conventional individual ESS configurations, while
attempting to resolve source–load mismatches locally, often result in suboptimal RES uti-
lization [4]. CSES emerges as a promising alternative that can leverage complementary
characteristics to improve system-wide efficiency while addressing coordination chal-
lenges [5]. Developing effective optimal scheduling mechanisms that simultaneously
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enhance RES utilization and meet system coordination needs has become a crucial research
direction for next-generation distribution systems.

When solving complex optimization problems, distributed algorithms, particularly
the ADMM, have shown significant advantages. Table 1 summarizes the state-of-the-art
applications of ADMM in power electronics and power systems with their scale-time
differences. The studies in [6–11] employ the ADMM method to address optimization
problems in AC/DC distribution networks or integrated energy systems, with scales
ranging from buildings and 33-node distribution networks to larger, more complex systems,
and time scales from minutes to hours. The studies in [12–16], on the other hand, focus on
the control of power electronic devices at scales ranging from small subsystems, such as at
the controller level, to wind farms with about 30 wind turbines (WT), and on time scales
ranging from milliseconds to seconds.

Table 1. State-of-the-art applications of ADMM in power electronics and power systems.

References Application Area Time Resolution Scale Key Features Advantages

[6–8]
AC/DC

distribution
network

Minutes to hours 33-node or larger
distribution network Decentralized dispatch Privacy, reduced

communication

[9–11] Integrated energy
systems (IES) Minutes to hours Buildings to

large-scale systems
Decoupled

energy sector

Handles temporal
couplings,
scalability

[12–16] Power electronics Milliseconds to
seconds

Small subsystems to
wind farms

(around 30 WTs)

Reduced
communication and
computation burden

Real-time control,
scalability

Based on the comparison in Table 1, ADMM offers distinct advantages for the op-
timization framework, especially for 15-min intraday coordination. As systems become
more complex, centralized methods face computational burdens and privacy concerns.
ADMM enables the framework to decompose the problem naturally along network bound-
aries, where subnetworks share only basic power information. This approach preserves
operational privacy, reduces communication, and efficiently handles the coupling con-
straints. ADMM’s mathematical structure works well for the optimization framework,
providing good convergence properties while accommodating the time-scale requirements
of distribution system operations.

Energy storage is an essential component of modern distribution systems, playing a
key role in improving system operational efficiency and economic benefits. Energy storage
technologies for power systems can be categorized based on storage medium, ownership
structure, and operational architecture. This paper focuses primarily on electrochemical
battery energy storage systems (BESS) due to their rapid response characteristics, mod-
ular scalability, and declining cost trends [17]. While other storage technologies, such as
chemical, solid, gravity, and heat storage, exist, they face geographical constraints or have
lower energy density profiles that limit their application in distribution systems [18,19]. In
terms of operational architecture, conventional individual ESSs are independently operated
and typically serve single network segments. However, traditional individual ESSs face
limitations such as capacity surplus or shortage, low operational efficiency, and limited
regulation capabilities [20]. SES enables multiple stakeholders to access storage capacity
through various market mechanisms. CSES refers to the unified construction of ESSs
designed for regulation and use by multiple users. SES involves individual users offering
their idle ESS to meet the regulatory needs of other users [21]. Numerous studies have
explored the feasibility and advantages of SES in distribution systems.
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Previous research on SES has extensively explored economic efficiency and market
mechanisms. In [4], Nash bargaining game theory is employed to model interactions in
multi-microgrid systems with SES. Other studies have explored multi-time-scale resource
allocation, combining long-term contracts with real-time rentals to enhance profitability [22].
While these studies advance economic operation, the challenge of integrating diverse
storage types across various timescales persists. The study in [23] detailed a comprehensive
three-stage multi-timescale optimization for IES with various generalized energy storage
(GES). While our study specifically addresses CSES in AC/DC distribution systems, our
parameters focus on AC subnetworks, a DC ring, and CSES SOC within a dual-time-scale
(day-ahead/intraday) framework, optimizing power flow and RES utilization. This differs
from the multi-energy, multi-GES, three-stage robust optimization in [23] as we concentrate
on CSES challenges and ADMM-based RES coordination in AC/DC contexts.

Recognizing the need for coordination in SES operations, research has also focused
on optimal scheduling strategies. Innovative mechanisms such as energy sharing clouds
for smart microgrids [24] and peer-to-peer energy sharing frameworks for buildings [25]
have also been developed. Furthermore, decentralized schemes leveraging blockchain
for SES market evaluation have been proposed [26]. Cooperative game-based models
have been formulated for local integrated energy systems [27]. To address distributed
coordination challenges, modified ADMM algorithms have been proposed in [28]. Optimal
scheduling of clustered micro-energy grids with SES has also been investigated using
cooperative game models for balanced profit allocation [29]. However, these coordination-
centric approaches, while effective in their specific contexts, often inadequately utilize the
temporal and spatial complementarity of RES across interconnected AC/DC subnetworks.
This limits the potential for maximizing system-wide RES utilization.

In summary, the parameters, performance, and interrelationships of different energy
storage operation architectures can be derived as shown in Table 2:

Table 2. A comparison of energy storage operational architecture.

Type Ownership Sharing Mechanism Available
Capacity

System
Coordination
Performance

Relationship

ESS Single user or
entity N/A Fixed Low Can be a component of SES

SES
Multiple users
or third-party

aggregator
Users share idle capacity Pre-allocate Moderate

to low
Broader concept for

shared storage

CSES Central entity Dynamic sharing of both
capacity and energy Flexible High Specific SES type: unified

asset for multiple users

As shown in Table 2, conventional individual ESS primarily serves the owner and lacks
a sharing mechanism. SES, while enabling sharing, often aggregates decentralized resources.
Users are limited by pre-allocated capacity; individuals participating in the SES can share
storage capacity but not the energy stored, thus preventing optimal system coordination.
This limitation in sharing capability restricts its application within the framework proposed
in this paper. However, in CSES, a unified entity operates a centralized energy storage
system, enabling dynamic sharing of both capacity and energy.

In the field of AC/DC distribution system optimal scheduling, research has primarily
focused on enhancing operational efficiency and integrating diverse resources. Decentral-
ized operation strategies employing analytical target cascading [30] or ADMM [6–8] have
been developed to reduce reliance on central controllers. In parallel, efforts have focused on
multi-stage energy management, with schemes combining day-ahead network reconfigura-
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tion and real-time optimal power flow [31], and developing overvoltage-averse dispatch
models for renewable-rich networks [32]. To address uncertainties, particularly from RES,
studies have used sophisticated methods such as robust optimization [33] and distribu-
tionally robust chance-constrained optimization [34]. Despite these advances in AC/DC
distribution system operations, significant research gaps persist: existing approaches lack
comprehensive dual-time-scale coordination mechanisms for CSES and do not adequately
leverage complementary characteristics across subnetworks.

Building upon these developments and addressing the identified research gaps, this
paper proposes a CSES optimization framework for AC/DC distribution systems with
dual-time-scale coordination. The primary contributions of this work are as follows:

1. A novel CSES optimization framework is established, where a large-scale CSES directly
connects to multiple AC subnetworks. By leveraging temporal and spatial differences
in RES and load profiles across subnetworks, complementary operation is achieved,
thereby effectively enhancing the utilization of RES.

2. A dual-time-scale coordination optimal scheduling with ADMM is proposed, com-
bining day-ahead scheduling with intraday adjustments. Day-ahead SOC trajectory
is converted to an intraday SOC trajectory through linear interpolation, maintaining
SOC constraint compliance. This approach effectively manages CSES while address-
ing source–load imbalance between subnetworks.

The remainder of this paper is organized as follows. Section 2 formulates the opera-
tion optimization models for AC/DC distribution systems. Section 3 presents the CSES
optimization framework with dual-time-scale coordination. Section 4 demonstrates the
effectiveness of the proposed method through case studies. Finally, Section 5 concludes the
paper and outlines directions for future research.

2. Optimal Scheduling Models for AC/DC Distribution Systems
2.1. Objective Function

The optimal scheduling of AC/DC distribution systems aims to minimize the total
operational cost. The objective function consists of multiple components related to different
aspects of system operation.

2.1.1. AC Subnetwork Operational Cost

For each AC subnetwork, the operational cost includes both the cost of purchased power
from the main grid and the cost associated with network losses, as shown in Equation (1):

CAC,e = ∑
t∈T

∑
j∈BTR

e

λTR
t PTR

j,t + ∑
t∈T

∑
ij∈LAC

e

λlossrAC
ij ĨAC

ij,t (1)

where BTR
e is the set of substation nodes in AC subnetwork e; PTR

j,t is the power purchased

by AC subnetwork e from the main grid at node j at time t; LAC
e is the set of branches in AC

subnetwork e; and ĨAC
ij,t is the squared AC current magnitude on branch ij at time t.

2.1.2. DC Ring Network Operational Benefit

The DC ring network facilitates power exchange between AC subnetworks, generating
benefits through energy transfer, as shown in Equation (2):

CDC = ∑
t∈T

∑
j∈BDC

λVSC,DC
t PVSC,DC

j,t (2)
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where PVSC,DC
j,t is the power exchanged through the voltage source converter (VSC) at node

j at time t; and BDC is the set of DC ring network nodes.

2.1.3. Conventional Individual ESS Operational Cost

The operational cost of conventional individual ESS is shown in Equation (3):

CESS = ∑
e∈E

∑
t∈T

∑
j∈BAC

e

cop(Pch,ESS
j,t + Pdch,ESS

j,t ) (3)

where Pch,ESS
j,t and Pdch,ESS

j,t are the charging and discharging power at node j at time t; E is

the set of distinct networks (AC subnetworks and DC ring network); and BAC
e is the set of

nodes in AC subnetwork e.

2.1.4. Integrated Objective Function

The integrated objective function for the optimal scheduling of the AC/DC distribution
system is formulated as Equation (4):

minCtotal = ∑
e∈E

CAC,e − CDC + CESS (4)

This objective function synthesizes the costs and benefits from individual system
components, providing a unified objective for optimization strategy.

2.2. AC Subnetwork Constraints

The AC subnetwork operation is subject to various constraints to ensure feasibility
and operational integrity.

2.2.1. AC Power Flow Constraints

The AC power flow constraints are modeled using Equations (5)–(8) from [7]:

ŨAC
j,t − ŨAC

i,t = 2(rAC
ij PAC

ij,t + xAC
ij QAC

ij,t )− (rAC2

ij + xAC2

ij ) ĨAC
ij,t , ∀ij ∈ LAC

e , ∀t ∈ T (5)

Pinj
j,t − ∑

k:j→k
PAC

jk,t + ∑
i:i→j

(PAC
ij,t − rAC

ij ĨAC
ij,t ) = 0, ∀j ∈ BAC

e , ∀t ∈ T (6)

Qinj
j,t − ∑

k:j→k
QAC

jk,t + ∑
i:i→j

(QAC
ij,t − xAC

ij ĨAC
ij,t ) = 0, ∀j ∈ BAC

e , ∀t ∈ T (7)

∥∥∥∥∥∥∥
2PAC

ij,t

2QAC
ij,t

ĨAC
ij,t − ŨAC

j,t

∥∥∥∥∥∥∥
2

≤ ĨAC
ij,t + ŨAC

j,t , ∀ij ∈ LAC
e , ∀t ∈ T (8)

where ŨAC
j,t and ŨAC

i,t are the squared AC voltage magnitudes at nodes j and i at time t; PAC
ij,t

and QAC
ij,t are the active and reactive power flows on branch ij at time t; and Pinj

j,t and Qinj
j,t

are the injected active and reactive power at node j at time t.

2.2.2. Conventional Individual ESS Constraints

Conventional individual ESSs are typically used in distribution systems where each
ESS is subject to fixed capacity and other constraints [6], as detailed in Equations (9)–(14):

0 ≤ Pch,ESS
j,t ≤ µch,ESS

j,t Pch,max,ESS
j , ∀j ∈ BAC

e , ∀t ∈ T (9)

0 ≤ Pdch,ESS
j,t ≤ µdch,ESS

j,t Pdch,max,ESS
j , ∀j ∈ BAC

e , ∀t ∈ T (10)
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µch,ESS
j,t + µdch,ESS

j,t ≤ 1, ∀j ∈ BAC
e , ∀t ∈ T (11)

EESS
j,t+1 = EESS

j,t + ηchPch,ESS
j,t ∆t −

Pdch,ESS
j,t ∆t

ηdch
, ∀j ∈ BAC

e , ∀t ∈ T (12)

Emin,ESS ≤ EESS
j,t ≤ Emax,ESS, ∀j ∈ BAC

e , ∀t ∈ T (13)

EESS
j,T = EESS

j,0 , ∀j ∈ BAC
e (14)

where µch,ESS
j,t is the charging state 0–1 variable, 0 means not charging, 1 means charging;

µdch,ESS
j,t is the discharging state 0–1 variable, 0 means not discharging, 1 means discharging;

and EESS
j,t is SOC at node j at time t.

2.2.3. Power Balance Constraints

The power balance at each node must be maintained according to Equations (15) and (16):

Pinj
j,t = PTR

j,t + PPV
j,t + PWT

j,t + Pdch,ESS
j,t − Pch,ESS

j,t − Pload
j,t − PVSC,AC

j,t , ∀j ∈ BAC
e , ∀t ∈ T (15)

Qinj
j,t = QTR

j,t − Qload
j,t − QVSC,AC

j,t , ∀j ∈ BAC
e , ∀t ∈ T (16)

where PPV
j,t is the photovoltaics (PV) output power at node j at time t; PWT

j,t is the WT output

power at node j at time t; QTR
j,t is the reactive power purchased from the main grid at node j

at time t; and PVSC,AC
j,t and QVSC,AC

j,t are the VSC active and reactive power on the AC side
at node j at time t.

2.2.4. Transmission Power Constraints

The power exchange with the main grid must satisfy Equations (17) and (18):

PTR,min ≤ PTR
j,t ≤ PTR,max, ∀j ∈ BTR

e , ∀t ∈ T (17)

QTR,min ≤ QTR
j,t ≤ QTR,max, ∀j ∈ BTR

e , ∀t ∈ T (18)

where PTR,min, PTR,max, QTR,min, and QTR,max are the lower and upper limits of active and
reactive power purchased from the main grid.

2.2.5. RES Output Constraints

Due to the high penetration of RES, the system is unable to fully absorb its generation.
RES power curtailment arises from the mismatch between RES output and load demand
during periods of high RES generation and low energy consumption.

The PV output power is constrained by Equation (19). When the available PV gen-
eration exceeds the system’s consumption capacity, the surplus between PPV

j,t and PPV
j,t

represents curtailed PV power.

0 ≤ PPV
j,t ≤ PPV

j,t , ∀j ∈ BAC
e , ∀t ∈ T (19)

where PPV
j,t is the maximum available PV output power at node j at time t.

The WT output power is constrained by Equation (20). When the available WT
generation exceeds the system’s consumption capacity, the surplus between PWT

j,t and PWT
j,t

represents curtailed WT power.

0 ≤ PWT
j,t ≤ PWT

j,t , ∀j ∈ BAC
e , ∀t ∈ T (20)
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where PWT
j,t is the maximum available WT output power at node j at time t.

When RES output exceeds the difference between load and the minimum transmission
power, surplus RES power must be curtailed to maintain supply–demand balance. This
challenge can be mitigated by increasing system flexibility resources, such as ESS [35].

2.2.6. Operational Safety Constraints

PAC,min
ij ≤ PAC

ij,t ≤ PAC,max
ij , ∀ij ∈ LAC

e , ∀t ∈ T (21)

QAC,min
ij ≤ QAC

ij,t ≤ QAC,max
ij , ∀ij ∈ LAC

e , ∀t ∈ T (22)

UAC,min
j ≤ UAC

j,t ≤ UAC,max
j , ∀j ∈ BAC

e , ∀t ∈ T (23)

IAC,min
ij ≤ IAC

ij,t ≤ IAC,max
ij , ∀ij ∈ LAC

e , ∀t ∈ T (24)

2.3. DC Ring Network Constraints

The DC ring network operation is subject to various constraints to ensure feasibility
and operational integrity.

The DC power flow constraints are modeled using Equations (25)–(27) from [6]:

ŨDC
j,t − ŨDC

i,t = 2rDC
ij PDC

ij,t − (rDC
ij )

2
ĨDC
ij,t ∀ij ∈ LDC, ∀t ∈ T (25)

Pinj
j,t − ∑

k:j→k
PDC

jk,t + ∑
i:i→j

(PDC
ij,t − rDC

ij ĨDC
ij,t ) = 0, ∀j ∈ BDC, ∀t ∈ T (26)

∥∥∥∥∥ 2PDC
ij,t

ĨDC
ij,t − ŨDC

j,t

∥∥∥∥∥
2

≤ ĨDC
ij,t + ŨDC

j,t , ∀ij ∈ LDC, ∀t ∈ T (27)

where ŨDC
i,t and ŨDC

j,t are the squared DC voltage magnitudes at nodes i and j at time t;
PDC

ij,t is the DC power flow on branch ij at time t; LDC is the set of branches in the DC ring

network; and IDC
ij,t is the squared DC current magnitude on branch ij at time t.

The power balance at each DC node must be maintained according to Equation (28):

Pinj
j,t = PPV

j,t + PVSC,DC
j,t − Pload

j,t , ∀j ∈ BDC, ∀t ∈ T (28)

DC operational safety constraints and RES output constraints are similar to those of
the AC subnetwork, as shown in Equations (19)–(24), but do not contain reactive power
constraints, which will not be repeated here.

2.4. VSC Constraints

Each AC subnetwork in the system interacts with the DC ring network through the
VSC for power interaction, and in this paper, the VSC current model has been transformed
by second-order cone–convex relaxation and linearized by circular constraints [36,37].

The power balance across the VSC must be maintained according to Equations (29)
and (30):

PVSC,AC
j,t + PVSC,DC

j,t = rVSC
j ĨVSC

j,t , ∀j ∈ BVSC, ∀t ∈ T (29)

QVSC,AC
j,t − QVSC

j,t = xVSC
j ĨVSC

j,t , ∀j ∈ BVSC, ∀t ∈ T (30)



Appl. Sci. 2025, 15, 5941 8 of 26

where PVSC,AC
j,t and PVSC,DC

j,t are the VSC power on the AC and DC sides at node j at time t;

ĨVSC
j,t is the squared current magnitude of VSC at node j at time t; QVSC,AC

j,t is the reactive

power on the AC side at node j at time t; and QVSC
j,t is the reactive power provided by the

VSC at node j at time t.
The VSC operation must satisfy Equation (31):

UVSC
j,t =

√
3

3 µMVSC
j UVSC,DC

j,t

QVSC,min ≤ QVSC
j,t ≤ QVSC,max

−SVSC
j ≤ PVSC,DC

j,t ≤ SVSC
j

−SVSC
j ≤ QVSC

j,t ≤ SVSC
j

−
√

2SVSC
j ≤ PVSC,DC

j,t + QVSC
j,t ≤

√
2SVSC

j

−
√

2SVSC
j ≤ PVSC,DC

j,t − QVSC
j,t ≤

√
2SVSC

j

, ∀j ∈ BVSC, ∀t ∈ T (31)

where UVSC
j,t is the equivalent VSC voltage magnitude at node j at time t; UVSC,DC

j,t is the

voltage magnitude on the DC side at node j at time t; and MVSC
j is the modulation index of

the VSC at node j and satisfies 0 ≤ MVSC
j ≤ 1.

In this study, the DC voltage utilization rate µ is set to 0.866, in accordance with the
standard steady-state VSC modeling widely adopted in the AC/DC distribution system
optimization literature [31,38–40]. Although advanced PWM techniques such as third-
harmonic injection can achieve higher values, such strategies are primarily relevant in
converter-level control design and are not typically considered in system-level operational
optimization studies. Therefore, for consistency and comparability with existing works, we
set µ = 0.866 in our system-level optimization models.

3. CSES Optimization Framework with Dual-Time-Scale Coordination
3.1. System Description

With the high penetration of RES, issues such as source–load mismatch and difficulty
in RES accommodation have adversely affected the economic and operational efficiency of
AC/DC distribution systems. Unlike conventional individual ESS approaches where each
subnetwork has its own independent ESS, the proposed CSES framework implements a
shared energy storage paradigm where subnetworks collectively utilize a large-scale CSES.
By coordinating the charging and discharging operations across multiple subnetworks,
the framework exploits the complementary nature of RES patterns. For instance, when
excessive RES occurs in one subnetwork, the surplus energy can be stored and later
dispatched to other subnetworks experiencing power deficits. This approach enhances
overall RES utilization and addresses the source–load mismatch issue.

Figure 1 illustrates the AC/DC distribution system with CSES connecting to N sub-
networks through tie lines. The system comprises multiple AC subnetworks connected
through a medium-voltage DC ring network [1,30]. Each AC subnetwork is based on the
IEEE 33-node topology and contains various components, including distributed PV, WT,
as well as local loads. The subnetworks are interconnected via a multi-terminal DC ring
network operating at a rated voltage of ±10 kV, which serves as the backbone for energy
exchange. All subnetworks share the capacity of the shared energy storage, allowing for
more efficient use of storage resources compared to individual approaches. This enables the
system to leverage temporal and spatial differences in RES and load across subnetworks.
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AdvantageAdvantage

CSES

Node

1 Load Load

DC  ±10kV

10kV AC1 10kV AC2 10kV AC3

PV WT Main Grid VSC
CSES

Tie line

VSC

Tie line

Utilize 

curtailed RES

Complementary 

operation

Source-load

mismatches

High RES 

penetration

Node

7

Node

6

Node

5

Node 

4

Node 

3

Node 

2

valley

filling

peak

shaving

Figure 1. AC/DC distribution system with CSES.

3.2. Operational Models for CSES
3.2.1. Operational Constraints

Unlike conventional ESS constraints, CSES constraints are more flexible. CSES
allows for varying capacities and enables the sharing of stored energy across subnet-
works. These constraints can be categorized into power constraints, SOC constraints,
and coordination constraints.

A. Coordination Constraints:

The net power exchange between the CSES and the AC subnetworks is given by
Equation (32):

PCSES
t = Pdch,CSES

t − Pch,CSES
t (32)

where Pch,CSES
t and Pdch,CSES

t are the CSES charging and discharging power at time t.
The distribution of this power among subnetworks must satisfy Equation (33):

PCSES
t = ∑

e∈E
(Pdch,CSES

e,t − Pch,CSES
e,t ), ∀t ∈ T (33)

where Pch,CSES
e,t and Pdch,CSES

e,t are the charging and discharging power allocated to subnet-
work e at time t.

B. SOC Constraints:

SOC of the CSES changes according to Equation (34):

ECSES
t+1 = ECSES

t + ηchPch,CSES
t ∆t − Pdch,CSES

t ∆t
ηdch

, ∀t ∈ T (34)

where ECSES
t is the SOC of the CSES at time t.

SOC of the CSES must be maintained within safe operational limits:

Emin,CSES ≤ ECSES
t ≤ Emax,CSES, ∀t ∈ T (35)
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Additionally, to ensure sustainable cyclic operation, the final SOC should return to the
initial SOC:

ECSES
T = ECSES

0 (36)

C. Power Constraints:

The charging and discharging power of the CSES must satisfy Equations (37)–(39):

0 ≤ Pch,CSES
e,t ≤ µch,CSES

e,t Pch,max,CSES
e , ∀e ∈ E, ∀t ∈ T (37)

0 ≤ Pdch,CSES
e,t ≤ µdch,CSES

e,t Pdch,max,CSES
e , ∀e ∈ E, ∀t ∈ T (38)

µch,CSES
e,t + µdch,CSES

e,t ≤ 1, ∀e ∈ E, ∀t ∈ T (39)

where µch,CSES
e,t is the charging state 0–1 variable, 0 means not charging, 1 means charging;

and µdch,CSES
e,t is the discharging state 0–1 variable, 0 means not discharging, 1 means

discharging. Equation (39) ensures that each subnetwork cannot charge and discharge
simultaneously, although the CSES as a whole may be charging with some subnetworks
while discharging with others at the same time.

The total charging and discharging power allocated to all subnetworks must not
exceed the CSES capacity:

∑
e∈E

Pch,CSES
e,t ≤ Pch,max,CSES (40)

∑
e∈E

Pdch,CSES
e,t ≤ Pdch,max,CSES (41)

3.2.2. Operating Costs for CSES

The objective function related to the CSES operation focuses on operational costs and
is calculated separately for each subnetwork, then aggregated to determine the total cost,
as in Equation (42):

CCSES = ∑
e∈E

CCSES
e (42)

where CCSES
e represents the operational cost associated with subnetwork e’s utilization of

the CSES, which can be expressed as Equation (43):

CCSES
e = ∑

t∈T
cop(Pch,CSES

e,t + Pdch,CSES
e,t ) (43)

3.3. Dual-Time-Scale Coordination

The CSES framework adopts a dual-time-scale approach that combines day-ahead
scheduling with intraday adjustments, as shown in Figure 2.

The day-ahead scheduling establishes reference points to ensure that the CSES SOC
constraints are met throughout the operational horizon. As actual RES and load patterns
are realized, intraday adjustments are made to the pre-established reference points while
ensuring that SOC constraints are met. Notably, the SOC reference points obtained from
the day-ahead stage are linearly interpolated to obtain time-scale-matched, application-
ready SOC trajectories in intraday. These trajectories are then distributed to individual
subnetworks for distributed optimal scheduling. These adjustments enable the system to
respond to real-time variations in RES while maintaining the overall operational integrity
of the CSES.
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Figure 2. Dual-time-scale coordination process.

3.3.1. SOC Linear Interpolation

A day-ahead SOC time series Ee
day = Ee

1, Ee
2, . . . , Ee

24 represents hourly intervals for

AC subnetwork e, and an expanded time series Ee
intra = E′ ,e

1 , E′ ,e
2 , . . . , E′ ,e

96 is generated to
represent 15-min intervals through Equation (44):

E′e
j = (1 − α) · Ee

k1
+ α · Ee

k2
(44)

where j ∈ 1, 2, . . . , 96 is the index in the expanded time series; k1 = j−1
4 + 1 is the lower

original index; k2 = min( j−1
4 + 1, 24) is the upper original index; α = j−1

4 − j−1
4 is the inter-

polation coefficient;   represents the floor function (rounding down); and   represents
the ceiling function (rounding up).

This formulation ensures that the expanded time series preserves all original data
points (E′e

4k−3 = Ee
k for k ∈ 1, 2, . . . , 24) while providing continuous transitions between

hourly intervals.
This refined approach prevents temporal SOC constraint violations that might occur

due to communication delays in the ADMM algorithm. Additionally, each subnetwork
receives only its corresponding SOC reference trajectory, maintaining operational privacy
while ensuring system-wide optimization.

3.3.2. ADMM-Based Distributed Algorithm

The intraday adjustment problem is complex as it involves multiple AC subnetworks
interconnected through a DC ring network, each with its own operational issues and privacy
concerns. The ADMM algorithm is particularly suitable as it allows decomposition based
on the natural structure of the AC/DC distribution system. The key coupling variables are
the power exchanges through VSCs, which must satisfy global power balance constraints.

Let PVSC,e
j,t denote the actual VSC power exchange from the perspective of AC sub-

network e, PVSC,DC
j,t denote the actual VSC power exchange from the DC ring network

perspective, and P̂VSC
j,t denote the global VSC power exchange variables. The coupling

constraints can be expressed as Equation (45):

PVSC,e
j,t = PVSC,DC

j,t , ∀j ∈ BVSC, ∀e ∈ E, ∀t ∈ T (45)
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The augmented Lagrangian function is formulated as Equations (46) and (47):

Le = CAC,e + ∑
e∈E

∑
j∈BVSC

∑
t∈T

λAC
j,t,e(PVSC,e

j,t − P̂VSC
j,t ) +

ρk
2 ∑

e∈E
∑

j∈BVSC
∑
t∈T

∣∣∣PVSC,e
j,t − P̂VSC

j,t

∣∣∣2
2

(46)

LDC = CDC + ∑
e∈E

∑
j∈BVSC

∑
t∈T

λDC
j,t (PVSC,DC

j,t − PVSC,e
j,t ) +

ρk
2 ∑

e∈E
∑

j∈BVSC
∑
t∈T

∣∣∣PVSC,DC
j,t − PVSC,e

j,t

∣∣∣2
2

(47)

where λAC
j,t,e is the Lagrangian multiplier associated with the power consistency constraint

for VSC j in AC subnetwork e at time t; and λDC
j,t is the Lagrangian multiplier associated

with the power consistency constraint for VSC j in DC subnetwork at time t.
The iterative process of the ADMM algorithm is shown in Figure 3:

 
Figure 3. A flowchart of the ADMM-based distributed algorithm.

1. Initialize parameters k = 0, ρ0, λDC,0
j,t , λAC,0

j,t,e , P̂VSC,0
j,t ;

2. Each subnetwork solves its local optimization problem, as shown in Equations (48)
and (49):

PVSC,e,k+1
j,t = argminLe(P̂VSC,k

j,t , λAC,k
j,t,e ) (48)
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PVSC,DC,k+1
j,t = argminLDC(PVSC,e,k+1

j,t , λDC,k
j,t,e ) (49)

3. The DC ring network coordinator updates the global VSC power exchange variables:

P̂VSC,k+1
j,t =

PVSC,e,k+1
j,t + PVSC,DC,k+1

j,t

2
(50)

4. The Lagrangian multipliers are updated:

λAC,k+1
j,t,e = λAC,k

j,t,e + ρ(PVSC,e,k+1
j,t − P̂VSC,k+1

j,t ) (51)

λDC,k+1
j,t = λDC,k

j,t + ρ(PVSC,DC,k+1
j,t − PVSC,e,k+1

j,t ) (52)

5. The primal residual re,k
j,t and dual residual se,k

j,t are calculated:

re,k
j,t = PVSC,e,k+1

j,t − P̂VSC,k+1
j,t (53)

se,k
j,t = P̂VSC,k+1

j,t − P̂VSC,k
j,t (54)

6. An adaptive penalty parameter update strategy is adopted to accelerate convergence,
with the penalty factor updated via Equation (55):

ρk+1 =


0.5ρk, se,k

j,t ≥ 10re,k
j,t ,

2ρk, re,k
j,t ≥ 10se,k

j,t ,

ρk, otherwise

(55)

Initial penalty parameter value (ρ0 = 1 × 103) is selected based on empirical tuning,
with considerations of problem scale and data magnitude.

7. The convergence criterion is checked:

max{
∣∣∣∣∣r

e,k
j,t

se,k
j,t

∣∣∣∣∣
∞

} ≤ εADMM, ∀j ∈ BVSC, ∀e ∈ E, ∀t ∈ T (56)

The iterative process continues until convergence, ensuring that the power consistency
constraints in Equation (45) are satisfied. Each AC subnetwork solves its local optimization
problem without sharing detailed operational information with other subnetworks. Fur-
thermore, the AC subnetworks only communicate with the DC ring network coordinator,
not directly with each other, further enhancing privacy.

4. Results and Discussions
4.1. Case Study

To validate the effectiveness of the proposed CSES optimization framework for AC/DC
distribution systems with dual-time-scale coordination, comprehensive case studies are
conducted on the AC/DC distribution system illustrated in Figure 1. The network com-
prises three IEEE 33-node AC subnetworks interconnected through a medium-voltage
DC ring network. The simulation is implemented in MATLAB R2020a, with Gurobi
10.0.2 solver employed to solve the optimal scheduling problems.

For the comparative analysis, two BESS configurations with equivalent total capacities
(12 MWh) and power ratings (1 MW per subnetwork) are implemented. The CSES connects
to node 15 in three AC subnetworks, while the individual ESS deploys two units at nodes
15 and 32 in three AC subnetworks.
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Detailed data of the AC network can be found in [41]. The interaction tariff for the DC
ring network is set at 80% of the time-of-day tariff. Table 3 shows the parameters of the DC
ring network lines. The system parameters are detailed in Table 4. Distributed generation
(DG) resources and VSCs are strategically positioned across the distribution system, as
detailed in Table 5. The time-of-day tariffs employed in the case studies are presented in
Table 6.

Table 3. Parameters of DC lines.

Branch Resistance (Ω)

1–2 0.3075
2–3 0.3600
3–4 0.3825
4–5 0.5850
5–6 0.9225
6–7 0.8475
7–1 0.4725

Table 4. Parameters of the system.

Parameter Value

Total number of time slots in a scheduling day 24/96
Time interval 1 h/15 min

Cost coefficient for network losses 0.4 CNY/kWh
Operational cost coefficient of ESS 0.028 CNY/kWh

Peak efficiency 0.9
VSC resistance and reactance 0.5 Ω/1.5 Ω

DC voltage utilization rate 0.866
Limits of RES power 2 MW

VSC rated active and reactive power 2 MW/1 MVar
Maximum charging and discharging power of the entire CSES 3 MW

Maximum charging and discharging power for the subnetwork 1 MW
Maximum charging and discharging power for the ESS 0.5 MW

Minimum and maximum CSES SOC 0.1/0.9
Minimum and maximum ESS SOC 0.1/0.9

Charging and discharging efficiency 0.9
ADMM initial penalty parameter 1 × 103

ADMM convergence threshold 10−2

Table 5. Distribution of DGs and VSCs in the distribution system.

Network DG Positions VSC Positions

AC1 3, 17, 27 7
AC2 4, 7, 18 9
AC3 12, 13, 25 13
DC 2, 4 1, 3, 5

Table 6. Time-of-day tariffs.

Time Period Price (CNY/kWh)

00:00–07:00 0.48
07:00–08:00 0.9
08:00–11:00 1.35
11:00–18:00 0.9
18:00–23:00 1.35
23:00–24:00 0.48
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Figure 4 demonstrates the forecasted RES and load power profile in each subnetwork
at different time scales, with forecast curves derived from [42] and appropriately adjusted
for the application to AC/DC distribution systems.

 
(a) (b) 

Figure 4. Forecasted RES and load power in each subnetwork. (a) At 1-h time scale for day-ahead
scheduling; (b) At 15-min time scale for intraday scheduling.

To comprehensively evaluate the proposed methodology, three distinct cases
are established:

Case 1: Independent ESS Operation (IE)
In this case, each AC subnetwork operates with its individual ESS independently. The

energy storage units are optimized to minimize individual subnetwork operational costs
without coordination across the system.

Case 2: Capacity Leasing CSES Operation (CL-CSES)
This case implements CSES with fixed capacity leasing among subnetworks. Each

subnetwork is allocated a predetermined shared energy storage capacity, and the
complementary characteristics across subnetworks are not considered during the
optimization process.

Case 3: Coordinated Optimization CSES Operation (CO-CSES)
The proposed methodology is implemented in this case, featuring coordinated opti-

mization of CSES. This approach leverages the temporal–spatial complementarity of RESs
and loads across subnetworks to optimize system-wide performance.

4.2. Analysis of Day-Ahead Optimization

During the day-ahead scheduling phase, three different cases are preliminarily op-
timized based on 24-h forecast data at a 1-h time scale to arrange electricity purchase
plans, ESS, or shared energy storage charging/discharging schedules, serving as a reference
for intraday optimization strategies. Notably, the CO-CSES not only generates charg-
ing/discharging scheduling plans for each AC subnetwork but also produces a day-ahead
SOC trajectory, ensuring that the total SOC of the entire CSES remains within safe limits
throughout. As a comparison, the CL-CSES uses the total charging/discharging power of
each AC subnetwork obtained from CO-CSES optimization to represent the source–load
difference and allocates the total 12 MWh shared energy storage capacity proportionally
based on this difference. The results are shown in Table 7.
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Table 7. ESS capacity allocation of CL-CSES.

Network Source–Load
Difference (MWh) Allocation Ratio Allocated Capacity

(MWh)

AC1 6.9709 0.2239 2.6868
AC2 13.0971 0.4207 5.0480
AC3 11.0660 0.3554 4.2652

Total 31.1340 1.0000 12.0000

From Table 7, it can be observed that there are significant differences among the AC
subnetworks. The AC1 subnetwork with a source–load difference of 6.9709 MWh receives a
relatively low shared energy storage allocation proportion of 22.39%. The AC2 subnetwork
has the highest source–load difference, accounting for 42.07% and, thus, receives the largest
shared energy storage capacity allocation. And the capacity of the AC3 subnetwork is in
the middle. This capacity allocation reflects CL-CSES’s consideration of the actual energy
demand of each subnetwork.

Table 8 presents a comparative analysis of various costs across the three cases after day-
ahead optimization. The data indicate that Case 3 (CO-CSES) achieves a total operational
cost of CNY 40,097.62, representing significant reductions of CNY 4069.44 (9.21%) and
CNY 3873.07 (8.81%) compared to Case 1 (IE) and Case 2 (CL-CSES), respectively. A
detailed analysis of the cost components shows that the electricity purchase cost of Case
3 is CNY 4533.89 (6.45%) and CNY 4167.37 (5.96%) less compared to Case 1 and Case 2,
respectively. These results demonstrate that the CO-CSES can adjust the shared energy
storage allocation scheme dynamically according to the source–load characteristics of
different subnetworks, reducing reliance on external grids while maintaining the same total
energy storage capacity.

Table 8. Day-ahead operational costs and benefits under different cases.

Type
Electricity
Purchase

Cost (CNY)

Network
Loss Cost

(CNY)

ESS
Opera-

tional Cost
(CNY)

DC
Network

Interaction
Benefit
(CNY)

Total
Opera-

tional Cost
(CNY)

Case 1 70,232.53 2292.63 770.57 29,128.68 44,167.06
Case 2 69,866.01 2531.04 702.80 29,129.16 43,970.69
Case 3 65,698.64 2663.45 871.75 29,136.22 40,097.62

Table 9 provides an analysis of RES utilization rates across different AC subnetworks
for each case. The data confirm that Case 3 demonstrates notable advantages in overall
RES utilization. Specifically, for the AC1 subnetwork, Case 3 achieves 99.57% RES utiliza-
tion, which is 5.02% and 4.80% higher than Case 1 and Case 2, respectively; for the AC2
subnetwork, Case 3 improves by 5.84% and 2.46% over the other cases; while for the AC3
subnetwork, all cases achieve high utilization rates (all above 98%). These results indicate
that the CO-CSES, through centralized coordination of shared energy storage across sub-
networks, can achieve higher RES utilization. The improvement is more significant for
subnetworks with obvious source–load mismatch (e.g., AC1 and AC2).
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Table 9. Day-ahead RES utilization rate of different cases among AC subnetworks.

Type AC1 AC2 AC3

Case 1 94.55% 85.23% 99.07%
Case 2 94.77% 88.61% 98.82%
Case 3 99.57% 91.07% 98.82%

Figure 5 presents the power equilibrium for the AC2 subnetwork. Comparative
analysis reveals that Case 1 (IE, Figure 5a) and Case 2 (CL-CSES, Figure 5b) primarily
differ during 1–5 h charging and 19–22 h discharging periods. CL-CSES provides enhanced
power time-shifting capability based on leasing larger shared energy storage capacity,
storing more electricity during early morning RES surplus periods and releasing more
power during evening peak load hours. However, the fixed capacity leasing model restricts
its charging/discharging behavior to patterns similar to IE, merely scaled up in magnitude,
thus failing to exploit inter-network complementarity potential.

  
(a) (b) 

 
(c) 

Figure 5. Day-ahead power equilibrium of AC2 subnetwork: (a) under IE; (b) under CL-CSES;
(c) under CO-CSES.

In contrast, Case 3 (CO-CSES, Figure 5c) effectively leverages the temporal–spatial
complementarity of RES through the coordination framework. During 1–6 h RES surplus
periods, the system both accommodates RES through VSC power exchange and stores
substantial electricity via CSES. During 9–11 h, CSES discharges to replace VSC exchange,
while also providing power support during 17 h and 22 h peak load hours to reduce
electricity purchases. As demonstrated in Tables 8 and 9, CO-CSES improves the AC2
subnetwork’s RES utilization rate from 85.23% (IE) to 91.07% while significantly reducing
total operational costs.

As shown in Figure 4, source–load imbalances exist across AC subnetworks, neces-
sitating different energy storage scheduling strategies to achieve peak shaving, valley
filling, and cost minimization through optimal power allocation. Figures 6 and 7 show
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the charging/discharging power and SOC trajectories for all AC subnetworks under the
three cases.

  
(a) (b) 

 
(c) 

Figure 6. Day-ahead ESS charging/discharging power and SOC of each AC subnetwork under IE.
(a) AC1; (b) AC2; (c) AC3.

  
(a) (b) 

Figure 7. Day-ahead CSES charging/discharging power and SOC: (a) under CL-CSES; (b) under
CO-CSES.

Figure 4 demonstrates that the AC1 subnetwork has sufficient RES power after
16 h. However, as shown in Figure 6a, inadequate corresponding load results in
temporal mismatches, preventing effective time-shifting utilization. Under the CO-
CSES (Figure 7b), coordinated optimal scheduling enables surplus energy from the AC1
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subnetwork to be stored and subsequently dispatched to power-deficient subnetworks,
achieving system-wide optimal allocation.

Under the CL-CSES (Figure 7a), capacity leasing allocation enhances RES utilization
with charging/discharging patterns similar to CO-CSES. However, fixed shared energy
storage capacity limits CSES utilization efficiency, as evidenced by SOC trajectories failing
to reach upper limits during operational cycles. Notably, all cases maintain operational
continuity and safety by ensuring consistent initial/final SOC values while observing safe
SOC constraints throughout the scheduling period.

4.3. Analysis of Intraday Optimization

The proposed CO-CSES performs linear interpolation based on the day-ahead SOC
trajectories to obtain the intraday SOC trajectory. The SOC trajectories before and after
linear interpolation are shown in Figure 8.

  
(a) (b) 

Figure 8. A comparison of CSES SOC before and after linear interpolation; (a) before; (b) after.

Table 10 demonstrates intraday operational costs and benefits under different cases.
Different from the day-ahead centralized solution approach, the intraday optimal schedul-
ing problem is solved using the ADMM distributed algorithm to coordinate the operation
of subnetworks while preserving privacy, with a time scale of 15 min.

Table 10. Intraday operational costs and benefits under different cases.

Type Network

Electricity
Purchase

Cost
(CNY)

Network
Loss Cost

(CNY)

ESS
Opera-

tional Cost
(CNY)

DC Network
Interaction

Benefit (CNY)

Total
Opera-

tional Cost
(CNY)

Case 1
AC1 21,766.04 992.05 209.54

29,860.16 60,530.71AC2 38,939.16 749.10 317.37
AC3 25,532.86 1639.21 245.55

Case 2
AC1 19,617.78 962.31 149.13

29,846.15 52,266.82AC2 33,597.38 741.70 293.22
AC3 25,958.94 556.41 236.10

Case 3
AC1 19,521.93 716.05 198.49

29,859.78 50,538.56AC2 31,061.62 1538.19 366.77
AC3 25,888.00 797.85 309.43

Comparative analysis of Tables 8 and 10 demonstrates Case 3’s economic advantages
in both day-ahead and intraday stages. In the day-ahead stage, Case 3 reduces total
operational cost by 9.21% and 8.81% compared to Case 1 and Case 2. In the intraday stage,
Case 3 reduces total operational cost by 16.51% and 3.31% compared to Case 1 and Case
2. Cost reduction proves more significant during intraday operations, evidencing CSES
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coordination advantages under fine time-scale and complex source–load variation. In terms
of cost components, the cost of purchased electricity is the main component, and CO-CSES
achieves significant reductions in both stages. In the day-ahead stage, the cost of purchased
electricity in Case 3 is 6.45% lower than in Case 1; by the intraday stage, this reduction
further increases to 11.33%.

Among the electricity purchase costs, the AC2 subnetwork with obvious source–load
imbalance accounts for the largest proportion of the electricity purchase cost, while CL-
CSES and CO-CSES both have a significant reduction in the electricity purchase cost of the
AC2 subnetwork. This difference indicates that shared energy storage has higher flexibility
and adaptability in coping with source–load source–loa imbalance. Network loss and ESS
operational costs both increase during the intraday stage, reflecting the fact that the system
faces more complex load and RES generation fluctuations in actual operation.

Figure 9 illustrates the intraday power equilibrium for each AC subnetwork under
CO-CSES at 15-min intervals.

  
(a) (b) 

 
(c) 

Figure 9. Intraday power equilibrium under CO-CSES. (a) AC1; (b) AC2; (c) AC3.

For the AC1 subnetwork (Figure 9a), a relatively stable power pattern can be ob-
served with consistent CSES charging during early morning hours (0–5 h) and evening
hours (19–22 h), while discharging operations primarily occur during 8–18 h when RES
generation is low. In AC2 subnetwork (Figure 9b), which exhibits the most volatile RES
generation profile, CSES operations demonstrate sophisticated temporal management
with strategic charging during surplus periods (1–6 h) and discharging during deficit
periods (9–12 h, 17–22 h), while VSC exchanges facilitate complementary energy transfer.
And AC3 subnetwork (Figure 9c) shows relatively balanced operation with moderate
charging/discharging cycling.

To further illustrate the role of CSES in intraday optimal scheduling, charg-
ing/discharging patterns and RES utilization are analyzed. Figure 10 shows intraday
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charging/discharging power and SOC under CO-CSES, and Table 11 shows the intra-
day RES utilization rate of different cases.

Figure 10. Intraday CSES charging/discharging power and SOC under CO-CSES.

Table 11. Intraday RES utilization rate of different cases among AC subnetworks.

Type AC1 AC2 AC3

Case 1 96.15% 71.51% 92.47%
Case 2 97.04% 79.74% 99.63%
Case 3 99.31% 88.10% 99.91%

The source–load fluctuations and imbalances in intraday are more severe compared to
those in day-ahead scheduling, and the RES utilization under each case has decreased to
different degrees. As can be seen from Table 11, Case 1’s AC2 subnetwork has the most
obvious decrease and the lowest value in RES utilization, which is consistent with the trend
of RES utilization in the day-ahead scheduling. CL-CSES can mitigate this phenomenon
due to its larger shared energy storage capacity, but it still struggles to approach the day-
ahead optimization results. On the other hand, CO-CSES maintains the highest level
of RES utilization in both intraday and day-ahead stages. As shown in Figure 10, the
CSES accommodates a large amount of redundant power from the AC2 subnetwork by
charging in 0–6 h and then supports other subnetworks with insufficient RES power by
discharging. For AC1 and AC3 subnetworks, the coordinated advantages of CO-CSES
and VSC interactions enable them to achieve near-complete RES utilization (99.31% and
99.91%, respectively).

Through multi-subnetwork synergy, CO-CSES flexibly coordinates the charging and
discharging power allocated to each subnetwork while the total charging and discharging
follow the SOC trajectory. This shows that the coordinated optimization strategy based on
the dual-time-scale framework can effectively adapt to the uncertainty of RES and maintain
a high level of RES utilization while guaranteeing the economy.
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4.4. Analysis of ADMM Effectiveness

To evaluate the effectiveness of the ADMM algorithm employed in this paper, a
comparison of centralized and distributed optimization results is conducted. Additionally,
the convergence of residuals and objective values with the number of iterations is analyzed.

Table 12 presents the objective values from both approaches. The results show that
the objective values of distributed optimization and centralized optimization are nearly
identical, indicating that the distributed optimization method employed in this paper meets
the required standards for computational accuracy.

Table 12. Objective values comparison of centralized and distributed optimization.

Objective Centralized (CNY) Distributed (CNY) Deviation

∑
e∈E

CAC,e 79,531.35 79,523.65 0.01%

CDC 29,884.75 29,859.78 0.08%
CCSES 874.68 874.68 0.00%
Ctotal 50,521.28 50,538.56 0.03%

Figure 11 presents the convergence behavior of the ADMM algorithm applied to the
intraday distributed optimization. The maximum residual values plotted against iterations
on a logarithmic scale demonstrate the algorithm’s convergence characteristics. The con-
vergence threshold of 10−2 is reached at approximately iteration 24, with residual values
subsequently stabilizing below this threshold for the remaining iterations. This conver-
gence pattern verifies the effectiveness of the ADMM-based approach for coordinating the
operational decisions between AC subnetworks and the DC ring network while preserv-
ing the privacy requirements. The corresponding objective function trajectories shown
in Figure 12a,b for the AC subnetworks and DC ring network, respectively, confirm that
the solution quality stabilizes along with the residual convergence. These results indicate
that the adopted ADMM algorithm is capable of solving the intraday optimal scheduling
problem for AC/DC distribution systems, with its accuracy and computational efficiency
meeting the required standards.

 
Figure 11. Relationship between residuals and the number of iterations.
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(a) (b) 

Figure 12. Relationship between objective values and the number of iterations. (a) AC subnetworks;
(b) DC ring network.

5. Conclusions
This paper proposed a CSES optimization framework for AC/DC distribution sys-

tems with dual-time-scale coordination to address the challenges of RES integration. The
research has successfully achieved its primary objective, with all key tasks outlined in the
introduction being completed, including the establishment of the CSES framework, imple-
mentation of dual-time-scale coordination, and validation through case studies. The results
conclusively demonstrate that the proposed approach effectively addresses the challenges
of temporal–spatial imbalance and RES integration in AC/DC distribution systems. The
main conclusions are as follows:

1. The proposed CSES framework effectively leverages temporal–spatial complementar-
ity across subnetworks, achieving significant improvements in RES utilization with
rates of 99.31%, 88.10%, and 99.91% for AC1, AC2, and AC3 subnetworks, respectively,
compared to 96.15%, 71.51%, and 92.47% under independent ESS operation.

2. The dual-time-scale coordination of CSES successfully reduces total operational costs
by 16.51% compared to independent ESS operation and 3.31% compared to capacity-
leasing CSES allocation while ensuring system-wide optimization.

3. The ADMM-based distributed algorithm achieves solution accuracy within 0.1%
deviation of centralized optimization results while protecting privacy.

While this study demonstrates the significant benefits of the proposed CSES frame-
work, certain limitations define its current scope and offer avenues for future work. The
current analysis focuses on optimal operational scheduling and does not include detailed
dynamic stability or comprehensive reliability assessments of the system with CSES. Fur-
thermore, while RES/load forecasts are used, extreme load imbalances or granular im-
pacts of specific weather events on these forecasts are simplified. Lastly, detailed bat-
tery degradation models reflecting long-term impacts of CSES operational patterns and
specific BMS-level protections beyond SOC limits were not incorporated. Addressing
these aspects would further enhance the practical robustness and applicability of the
proposed framework.
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Nomenclature

Parameters
T Total number of time slots in a scheduling day
∆t Time interval
λTR

t Time-of-day tariffs at time t
λloss Cost coefficient for network losses
λVSC,DC

t Interaction tariff at time t
cop Operational cost coefficient of ESS
rAC

ij , xAC
ij Resistance and reactance of AC branch ij

rDC
ij Resistance of DC branch ij

rVSC
j , xVSC

j VSC resistance and reactance at node j

µ DC voltage utilization rate
SVSC

j VSC capacity at node j

Pload
j,t , Qload

j,t Active and reactive load at node j at time t

PTR,min, PTR,max Lower and upper limits of active power purchased
QTR,min, QTR,max Lower and upper limits of reactive power purchased
PAC,min

ij , PAC,max
ij Lower and upper limits of active power on branch ij

QAC,min
ij , QAC,max

ij Lower and upper limits of reactive power on branch ij

UAC,min
j , UAC,max

j Lower and upper limits of voltage magnitude at node j

IAC,min
ij , IAC,max

ij Lower and upper limits of current on branch ij

Pch,max,CSES, Pdch,max,CSES Maximum charging and discharging power of the entire CSES

Pch,max,CSES
e , Pdch,max,CSES

e
Maximum charging and discharging power limit for subnetwork
e at time t

Pch,max,ESS
j , Pdch,max,ESS

j Maximum charging and discharging power limit for the ESS at node j

Emin,CSES, Emax,CSES Minimum and maximum CSES SOC
Emin,ESS, Emax,ESS Minimum and maximum ESS SOC
ηch, ηdch Charging and discharging efficiency
ρk Kth penalty parameter
εADMM Convergence threshold
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