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Abstract

By implementing a proactive reserve scheduling mechanism, distribution networks (DNs)
can optimize emergency resource deployment to improve fault recovery resilience. To
address the limitations of existing pre-disaster preparation strategies that only consider
limited resources, this paper proposes a proactive scheduling strategy that integrates
mobile resources and field personnel in a coordinated manner for DNs. By establishing a
two-stage stochastic mixed-integer programming (SMIP) model for coordinated control
of emergency resources in DNs, the first stage determines the quantity and location of
mobile energy storage systems (MESSs), repair crews (RCs), and switching crews (SCs). In
the second stage, the emergency resources rapidly reach the affected sites to participate in
sequential restoration of the DN. Finally, the model is validated using standard IEEE test
systems. The results from the experiments demonstrate that the proposed method reduces
load shedding cost by 19.0% and 19.9% on 33-node and 123-node systems. Empirical
simulations confirm that the introduced framework enables efficient emergency resource
orchestration, thereby enhancing the pre-disaster preventive response capability and post-
disaster real-time restoration capability of the DN, significantly mitigating the impact of
disruptive events.

Keywords: extreme weather; emergency resources; repair crews; mobile energy storage
systems

1. Introduction
In recent years, the intensification of climate change and environmental degradation

have significantly increased global exposure to temperature variations and extreme weather
events [1]. In 2019, Super Typhoon Lekima severely damaged power distribution facili-
ties in China, causing power outages for millions of people and resulting in direct and
indirect economic losses exceeding $80 billion [2]. During the catastrophic rainstorm in
Henan, China in 2021, hundreds of distribution lines, multiple transformer substations,
and underground utility tunnels were destroyed or flooded. The failure of the distribution
network (DN) triggered widespread blackouts, leading to a complete shutdown of drainage
pumping stations that relied on electricity. This further exacerbated urban flooding and
ultimately culminated in significant disaster-related losses [3]. Such extreme weather events
severely disrupt agriculture, industry, and social operations [4] and result in substantial
economic losses [5]. As the frequency and severity of high-impact low-probability (HILP)
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events continue to rise, the resilience of the power infrastructure to natural disasters has
become crucial for socio-economic stability [6]. This urgency has driven recent research to
focus on enhancing the resilience of power systems to extreme weather conditions.

Through proactive system planning and scheduling, power supply to critical or emer-
gency areas can be ensured in advance of disruptive events, avoiding delays in restoration
until after reconnection to the main grid. This approach accelerates the system’s recovery to
efficient operational conditions [6]. Mitigating extreme weather events before disturbances
typically involves developing disaster response strategies across two temporal phases:
“investment planning” and “preventive response” [7]. Although DNs can enhance their
structural resilience through “investment planning” to mitigate the impact of extreme
disasters, fault conditions are sometimes unavoidable in certain scenarios. Transportation
network disruptions during extreme weather complicate emergency resource mobiliza-
tion. The resilience capabilities of infrastructure systems like electrical power grids largely
depend on the pre-disaster resource reserves. Optimal resource allocation significantly
impacts the post-disaster recovery of the system [8]. Existing research [9–11] has proposed
various models and strategies aimed at enhancing the resilience of distribution networks
through pre-disaster scheduling and resource optimization. Ref. [9] introduces a multi-
stage restoration strategy that integrates mobile energy storage systems, integrated energy
systems, and photovoltaics. It plans the initial deployment and state of charge of mobile
storage in advance, thereby providing scenario support for resource scheduling before
disasters occur. Ref. [10] constructs a transportation and vehicle-to-grid interaction model
for mobile hydrogen energy resources. Through a risk-constrained three-stage mixed-
integer programming model, it optimizes their deployment locations, transportation routes,
and initial storage levels, significantly reducing the unit cost of resilience enhancement.
Ref. [11] proposes a coordinated topology reconfiguration and mobile emergency resource
scheduling method to address the interdependency between the power distribution net-
work and the urban drainage network before rainstorm disasters. Since weather events
are somewhat predictable, actions like refining emergency response plans, building early
warning mechanisms, public training for disaster preparedness can be carried out according
to weather prediction data prior to extreme weather exerting an influence on the power
grid system [12], thereby preparing for impending disasters and mitigating their effects.

In recent years, mobile resources have been widely applied in pre-disaster deployment
and post-disaster restoration of DNs due to their geospatial flexibility [13]. Ref. [14], aiming
to enhance the agility of DNs in responding to HILP events, leveraged the uncertainty and
stochasticity of renewable energy sources (RESs) and adopted a combined approach of
mobile energy storage systems (MESSs) and RESs to fully exploit resource potential. This ap-
proach improves the restoration process of DNs through dynamic network reconfiguration.
Ref. [15] utilized MESSs and mobile emergency generators to address the impact of spatially
random seismic damage on DNs. When fixed energy storage systems (ESSs) participate in
DN scheduling, they require consideration of time-dependent two-dimensional decision
variables, namely charging and discharging behaviors. In contrast, the scheduling method
for MESSs extends the two-dimensional decision variables of fixed ESSs to spatiotemporal-
dependent three-dimensional decisions, incorporating charging/discharging behaviors
and movement routes, which increases the complexity of solving the scheduling model.

Previous studies have focused on pre-disaster resource scheduling of field personnel to
facilitate faster post-disaster recovery efforts. Ref. [16] establishes a three-stage collaborative
planning model that involves the pre-positioning of repair crews (RCs) and equipment,
as well as route pre-planning. Ref. [17] established a two-stage mixed integer linear
programming model that integrates depot supply restoration, staging locations, and field
personnel to determine staging locations for emergency preparedness and allocate RCs.
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Ref. [18] innovatively integrated RC routing modeling, personnel scheduling, and DN fault
recovery strategies, proposing a phased outage management approach. Building on this
foundation, ref. [19] introduced considerations for the uncertainty of repair times, modeling
it using a normal distribution, and developed a two-stage restoration model incorporating
field personnel coordination. While the aforementioned studies explore the process of
restoring DNs from fault conditions to normal operation, they often overlook critical
steps such as the repair of faulty equipment and the sequence of switching operations.
Ref. [20] pointed out that an effective DN restoration model should not only determine the
post-restoration network structure, but also include the sequence of switching operations
required for system restoration. In the post-fault restoration of DNs, on one hand, RCs
are required to repair faulty equipment, and switching crews (SCs) are needed to perform
switching actions; on the other hand, a reasonable power scheduling and load restoration
plan is essential. Determining the pre-disaster locations and post-disaster movement paths
of RCs and SCs enables their more rational participation in fault recovery.

Existing research demonstrates that DNs can enable faster utilization of emergency
resources and effectively improve post-disaster recovery processes through optimized
“reserve” or resource allocation strategies. In practice, pre-disaster preventive responses
primarily focus on the allocation of individual resources rather than formulating a com-
prehensive optimization problem that integrates the mutual impacts of various flexible
resources for unified pre-allocation. Given these challenges, this paper addresses the “in-
sufficient resources” issue faced by DNs in responding to extreme weather events and
innovatively proposes a proactive scheduling strategy aimed at achieving coordinated
control of emergency resources. By constructing a pre-disaster and post-disaster two-
stage stochastic mixed-integer programming (SMIP) model, the strategy integrates the
“pre-disaster preparation” and “post-disaster restoration” of MESSs, RCs, and SCs. The
first stage formulates pre-scheduling decisions on the quantity and location of emergency
resources, while the second stage implements real-time scheduling of emergency resources
participating in the DN, achieving rapid load recovery under operational constraints. The
major contributions of this paper are as follows:

(1) Revealing the coordinated interaction mechanism among multiple emergency
resources and network reconfiguration strategies. The joint scheduling model elucidates the
spatiotemporal coordination and operational logic among post-disaster repair of damaged
lines by RCs, dynamic network reconfiguration by SCs, and mobile power supply by MESSs
shuttling between stations. This ensures an efficient and orderly restoration process.

(2) Developing enhanced modeling methods for accurately capturing resource
dynamics. An enhanced multi-state model is utilized to formulate the logical con-
straints governing the states of RCs/SCs and line faults/switching operations. This ap-
proach effectively linearizes the multidimensional coupling effects of mobile resources
on the operational states of distribution lines, enhancing both the model’s accuracy and
computational tractability.

It is worth noting that this work is a natural extension of our previous studies [21,22].
Accordingly, several common components of the modeling framework are directly adopted
from these references. However, the core novelty of this paper lies in the integration of
three types of mobile emergency resources (MESSs, RCs, and SCs) into a unified short-
term proactive scheduling framework, with a decision horizon ranging from several days
to a few hours after typhoon warnings. This is fundamentally different from the long-
term investment planning problems addressed in [21,22]. To provide a clear and concise
overview of the distinctions and connections among these three works, we summarize their
key differences in Table 1 below.
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Table 1. Comparison of this paper with refs. [21,22].

This Paper Ref. [21] Ref. [22]

Phase Short-term
(days to hours)

Long-term
(years) Long-term (years)

Resources MESSs, RCs, SCs Lines, switches, fixed
ESSs MESSs

Solution PHA PHA PHA

This paper is organized as follows. Section 2 introduces the proactive defense sys-
tem of DNs. Section 3 provides the logical relationships governing line operational
states. Section 4 proposes a two-stage SMIP model. Section 5 verifies the suggested
model by means of thorough and extensive case analyses. Finally, Section 6 provides
concluding remarks.

2. Proactive Defense System of DNs
The proposed strategy for proactive scheduling of the DN with emergency resource

participation is illustrated in Figure 1. Taking a typhoon as an example, the DN scheduling
center obtains typhoon forecast information through an information-sharing platform and
calculates the real-time fault probability of distribution lines. Multiple fault scenarios
for the DN under typhoon conditions are generated through sampling. Based on fault
scenarios, a two-stage SMIP model for pre-disaster and post-disaster emergency resource
coordination and control is constructed. In the preventive response stage, the quantity
and location of emergency resources such as MESSs, RCs, and SCs are determined. In
the real-time restoration stage, emergency resources are dynamically scheduled according
to the latest disaster conditions, and sequential restoration of the DN is realized by the
coordinated efforts of multiple resources.

Location and sizing of 
emergency resources

Scheduling center of the DN

Emergency demand

Scheduling

Two-stage SMIP model

The first stage The second stage

Typhoon 
landing

Real-time scheduling of 
emergency resources

Information 
sharing 
platform

MESS Field Personnel DG

Natural disaster warning

Scenario 
generation

Failure rate sampling

Mobile Resources

 

Figure 1. Emergency resource coordination and control framework.

This paper focuses on a regional DN, whose relatively small scale implies that it
will only be affected by the typhoon wind field for a limited time. When a typhoon
passes through the DN, the probability of overhead line breakages and pole collapses
increases. The anticipated faults in the DN are assumed to be caused by failures of these
two components: overhead lines and poles. Based on pre-disaster meteorological forecast
data, the typhoon path and wind speed can be obtained, allowing the estimation of the fault
probability of conductors and poles under wind load influence. Under typhoon wind loads,
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both conductors and poles are subject to failure according to the stress–strength interference
model [22]. The tensile strength of aluminum conductor steel-reinforced conductors and
the bending strength of concrete poles, calculated from wind loads, both follow normal
distributions. The failure rates of conductors and poles are given by Equations (1) and (2),
respectively, while the overall failure rate of distribution line is given by Equation (3). The
specific values of the means and standard deviations are provided in [22].

λline =
∫ σg

0

1√
2πδ1

exp

[
−1

2

(
σ1 − µ1

δ1

)2
]

dσ1 (1)

λtower =
∫ MT

0

1√
2πδp

exp

[
−1

2

(
Mp − µp

δp

)2
]

dMp (2)

λl = 1 −
M1

∏
m=1

(
1 − λtower

l,m

) M2

∏
m=1

(
1 − λline

l,m

)
(3)

3. Logical Relationships of Line Operational States
3.1. RCs and Faulty Lines

In the TSN, depots, fault points, and the connecting arcs between them form the
operational foundation for RCs. These arcs represent the possible movement routes for RCs.
The TSN includes two main types of paths: movement arcs and docking arcs. Movement
arcs facilitate the transportation of RCs between depots and fault points, while docking
arcs allow RCs to pause at specific fault points to perform line repair tasks. Based on this
network structure, an operational plan for RCs can be formulated within a specified time
range, ensuring efficient scheduling between different locations. Equation (4) enforces
single-action-per-period constraints for each RC; Equation (5) represents the balance of
actions between consecutive time periods; Equation (6) specifies the initial location of RCs;
Equation (7) imposes immediate return prohibitions for RCs arriving at fault sites; and
Equation (8) ensures that RCs return to the initial temporary depot site.

∑
dp∈Ω

xRC
rc,dp

/(
NRC + 1

)
≤ ∑

(e, f )∈ZRC

ζrc,e f ,s,t ≤ ∑
dp∈Ω

xRC
rc,dp, ∀rc ∈ RC, t ∈ T, s ∈ S (4)

∑
(e, f )∈Z−

RC,e

ζrc,e f ,s,t = ∑
(e, f )∈Z+

RC,e

ζrc,e f ,s,t+1, ∀rc ∈ RC, e ∈ NRC ∪ NRCV , t ∈ T\{T}, s ∈ S (5)

∑
(e, f )∈Z+

RC,e

ζrc,e f ,s,1 = ζrc,e,s,0, ∀rc ∈ RC, e ∈ NRC ∪ NRCV , s ∈ S (6)

ζrc,e f ,s,t + ζrc, f e,s,t+1 ≤ 1, ∀rc ∈ RC, (e, f ) ∈ ZRC, e ̸= f , t ∈ T\{T}, s ∈ S (7)

ζrc,e,s,0 = xRC
rc,dp, ∀rc ∈ RC, e ∈ NRC, s ∈ S (8)

During the process of RCs repairing faulty lines, the lines can exist in three states:
faulty, under repair, and operating. The transitions among these states are illustrated in
Figure 2. It should be emphasized that the faulty state can switch to the under repair
state at any time, but the under repair state typically requires a certain amount of time to
complete. Therefore, this paper improves the multi-state operational model [23] as shown
in (9)–(17). Constraint (9) demonstrates that a line is restricted to being in a single state at
any specific instant; Constraint (10) defines the shortest time period that the state of being
under repair must last, meaning that a line can enter the under repair state at most once
and cannot leave this state within that time period; Constraint (11) represents the state
transition relationship between consecutive time periods; Constraint (12) ensures that a
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line cannot simultaneously enter and leave the under repair state; Constraints (13)–(15)
describe the relationship between the faulty/under repair/operating states of a line and
its entry/exit from these states; Constraint (16) indicates that a line can only be put into
service after it reaches the normal operation state; and Constraint (17) states that a line
enters the under repair state after RCs arrive at the repair location.

ηij,s,t + µij,s,t + ξij,s,t = 1, ∀(i, j) ∈ L0, t ∈ T, s ∈ S (9) ∑u+Nij,min
rc −1

t=u Iµ,in
ij,s,t ≤ 1

∑u+Nij,min
rc −1

t=u (Iµ,in
ij,s,t + Iµ,out

ij,s,t ) ≤ 1
, ∀1 ≤ u ≤ |T|+ 1 − Nij,min

rc , (i, j) ∈ L0, s ∈ S (10)

Iη,out
ij,s,t = Iµ,in

ij,s,t, Iµ,out
ij,s,t = Iξ,in

ij,s,t, ∀(i, j) ∈ L0, t ∈ T, s ∈ S (11)

Iµ,in
ij,s,t + Iµ,out

ij,s,t ≤ 1, ∀(i, j) ∈ L0, t ∈ T, s ∈ S (12)

−Iη,out
ij,s,t = ηij,s,t − ηij,s,t−1, ∀(i, j) ∈ L0, t ∈ T, s ∈ S (13)

Iµ,in
ij,s,t − Iµ,out

ij,s,t = µij,s,t − µij,s,t−1, ∀(i, j) ∈ L0, t ∈ T, s ∈ S (14)

Iξ,in
ij,s,t = ξij,s,t − ξij,s,t−1, ∀(i, j) ∈ L0, t ∈ T, s ∈ S (15)

αij,s,t ≤ ξij,s,t, ∀(i, j) ∈ L0, t ∈ T, s ∈ S (16)

µij,s,t = ζrc,ee,s,t, ∀e ∈ (i, j), t ∈ T, s ∈ S (17)

Faulted 
Under 
repair

Operating

 

Figure 2. Relationship between faulty line running status.

3.2. SCs and Line Switches

Similar to RCs, SCs are treated as mobile resources, with their temporary depot sites
serving as departure points and the locations of line switches as docking points. The
TSN is used to establish a scheduling model for SCs. Equation (18) enforces single-action-
per-period constraints for SCs; Equation (19) represents the balance of actions between
consecutive time periods for SCs; Equation (20) specifies the initial state of SCs; Equation
(21) restricts SCs from immediately returning after arriving at a node; and Equation (22)
ensures that SCs return to the initial site.

∑
dp∈Ω

xSC
sc,dp

/(
NSC + 1

)
≤ ∑

(e, f )∈ZSC

ζsc,e f ,s,t ≤ ∑
dp∈Ω

xSC
sc,dp, ∀sc ∈ SC, t ∈ T, s ∈ S (18)

∑
(e, f )∈Z−

SC,e

ζsc,e f ,s,t = ∑
(e, f )∈Z+

SC,e

ζsc,e f ,s,t+1, ∀sc ∈ SC, e ∈ NSC ∪ NSCV , t ∈ T\{T}, s ∈ S (19)

∑
(e, f )∈Z+

SC,e

ζsc,e f ,s,1 = ζsc,e,s,0, ∀rc ∈ SC, e ∈ NSC ∪ NSCV , s ∈ S (20)

ζsc,e f ,s,t + ζsc, f e,s,t+1 ≤ 1, ∀sc ∈ SC, (e, f ) ∈ ZSC, e ̸= f , t ∈ T\{T}, s ∈ S (21)

ζsc,e,s,0 = xSC
sc,dp, ∀rc ∈ SC, e ∈ NSC, s ∈ S (22)

It is assumed that the switching time for line switches with remote control is negligible,
and SCs only need to spend time operating line switches with manual control. During
the process of SCs operating line switches, the switch states in the DN can exist in three
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states: open, acting, and closed. The possible transitions between these states are illustrated
in Figure 3. It should be particularly noted that the open state and the closed state are
capable of transitioning to the acting state at any moment, but the acting state typically
requires a certain duration to complete. Therefore, this paper establishes a multi-state
operational model, as shown in (23)–(29). Constraint (23) indicates that, at any specific
point in time, a line switch is restricted to being in just one state; Constraint (24) sets out
the minimum time length that the acting state should maintain, meaning that a line switch
can enter the acting state at most once and cannot leave this state within that time period;
Constraint (25) embodies the relationship of state transformation across successive time
intervals; Constraint (26) guarantees that a line switch is prohibited from both entering
and exiting state h at the same time; Constraint (27) depicts the connection between state h
of a line switch and its entry/exit from this state; Constraint (28) states that a line switch
transitions to the acting state after SCs arrive at the line; and Constraint (29) indicates that
a line switch enters the normal operation state after being closed.

3

∑
k=1

xsw,h
ij,s,t = 1, ∀(i, j) ∈ LSW , t ∈ T, s ∈ S, h ∈ {1, 2, 3} (23)

∑u+Nij,min
sc −1

t=u Isw,2,in
ij,s,t ≤ 1

∑u+Nij,min
sc −1

t=u (Isw,2,in
ij,s,t + Isw,2,out

ij,s,t ) ≤ 1
, ∀1 ≤ u ≤ |T|+ 1 − Nij,min

sc , (i, j) ∈ LSW , s ∈ S (24)

Isw,1,out
ij,s,t + Isw,3,out

ij,s,t = Isw,2,in
ij,s,t , Isw,1,in

ij,s,t + Isw,3,in
ij,s,t = Isw,2,out

ij,s,t , ∀(i, j) ∈ LSW , t ∈ T, s ∈ S (25)

Isw,h,in
ij,s,t + Isw,h,out

ij,s,t ≤ 1, ∀(i, j) ∈ LSW , t ∈ T, s ∈ S, h ∈ {1, 2, 3} (26)

Isw,h,in
ij,s,t + Isw,h,out

ij,s,t = xsw,h
ij,s,t − xsw,h

ij,s,t−1, ∀(i, j) ∈ LSW , t ∈ T, s ∈ S, h ∈ {1, 2, 3} (27)

xsw,2
ij,s,t = ζsc,ee,s,t, ∀e ∈ (i, j), t ∈ T, s ∈ S (28)

xsw,3
ij,s,t = αij,s,t, ∀(i, j) ∈ LSW , t ∈ T, s ∈ S (29)

Open Acting Closed

 
Figure 3. Relationship among switch running statuses.

4. Two-Stage SMIP Model
4.1. Objective Function

The objective function for emergency resources participating in the proactive schedul-
ing of the DN aims to minimize the pre-disaster pre-scheduling costs and the real-time
operational costs of MESSs, RCs, and SCs, as shown in (30). The actual operational cost of
the DN under scenario s includes the operational costs of MESSs, RCs, and SCs, as well as
the load shedding cost, as shown in (31)–(35).

min cmess ∑
ω∈ME

∑
e∈NME

xMESS
ω,e + crc ∑

dp∈Ω
∑

rc∈RC
xRC

rc,dp + csc ∑
dp∈Ω

∑
sc∈SC

xSC
sc,dp + ∑

s∈S
p(s)ϕ(s) (30)

ϕ(s) = CMESS
s + CRC

s + CSC
s + CD

s (31)

CMESS
s = ∑

t∈T
∑

ω∈ME
ctran

ω ∑
(e, f )∈ZME,e ̸= f

ζω,e f ,s,t (32)

CRC
s = ∑

t∈T
∑

rc∈RC
ctran

rc ∑
(e, f )∈ZRC,e ̸= f

ζrc,e f ,s,t (33)
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CSC
s = ∑

t∈T
∑

rc∈SC
ctran

sc ∑
(e, f )∈ZSC,e ̸= f

ζsc,e f ,s,t (34)

CD
s = ∑

t∈T
∑
i∈N

cd
i Pc

i,s,t∆t (35)

4.2. Constraints

Constraints (36)–(38) limit the maximum number of schedulable MESSs, RCs, and SCs,
respectively.

∑
ω∈ME

∑
e∈NME

xMESS
ω,e ≤ NMESS (36)

∑
rc∈RC

∑
dp∈Ω

xRC
rc,dp ≤ NRC (37)

∑
sc∈SC

∑
dp∈Ω

xSC
sc,dp ≤ NSC (38)

The operational constraints of MESSs are similar to those of traditional energy storage
facilities, including output power constraints and state of charge (SOC) constraints, as
shown in (39)–(47). Specifically, Constraints (39)–(42) define the feasible range of MESS
charging and discharging power; Constraints (43) and (44) ensure that MESS cannot charge
and discharge simultaneously; Constraint (45) restricts the operational mode of MESS,
indicating that MESS is only allowed to charge or discharge when docked at an energy
storage station; and Constraints (46) and (47) represent the SOC constraints for MESSs.

0 ≤ Pch
ω,e,s,t ≤ ζω,ee,s,tPMESS

eq , ∀ω ∈ ME, e ∈ NME, t ∈ T, s ∈ S (39)

0 ≤ Pdis
ω,e,s,t ≤ ζω,ee,s,tPMESS

eq , ∀ω ∈ ME, e ∈ NME, t ∈ T, s ∈ S (40)

−θPch
ω,e,s,t ≤ Qch

ω,e,s,t ≤ θPch
ω,e,s,t, ∀ω ∈ ME, e ∈ NME, t ∈ T, s ∈ S (41)

−θPdis
ω,e,s,t ≤ Qdis

ω,e,s,t ≤ θPdis
ω,e,s,t, ∀ω ∈ ME, e ∈ NME, t ∈ T, s ∈ S (42)

0 ≤ ∑
e∈NME

Pch
ω,e,s,t ≤ Ich

ω,s,tP
MESS
eq , ∀ω ∈ ME, t ∈ T, s ∈ S (43)

0 ≤ ∑
e∈NME

Pdis
ω,e,s,t ≤ Idis

ω,s,tP
MESS
eq , ∀ω ∈ ME, t ∈ T, s ∈ S (44)

Ich
ω,s,t + Idis

ω,s,t ≤ ∑
e∈NME

ζω,ee,s,t, ∀ω ∈ ME, t ∈ T, s ∈ S (45)

EMESS
ω,s,t+1 = EMESS

ω,s,t −

 ∑
e∈NE

Pdis
ω,e,s,t+1

ηdis
ω

− ηch
ω ∑

e∈NE

Pch
ω,e,s,t+1

∆T, ∀ω ∈ ME, t ∈ T\{T}, s ∈ S (46)

SOCminEMESS
eq ∑

e∈NME

xMESS
ω,e ≤ EMESS

ω,s,t ≤ SOCmaxEMESS
eq ∑

e∈NE

xMESS
ω,e , ∀ω ∈ ME, t ∈ T, s ∈ S (47)

Constraints (48)–(51) represent the power balance constraints; Constraint (52) rep-
resents the line transmission capacity constraint; Constraints (53) and (54) represent the
load shedding constraints; Constraints (55)–(57) represent the voltage constraints; and Con-
straints (58) sets the upper and lower limits for the output of distributed generations (DGs).
Constraints related to network reconfiguration and node energization can be found in [24],
which provides detailed guidelines and limitations, ensuring that network reconfiguration
and node energization are carried out safely and effectively.
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∑
(j,k)∈L

Pjk,s,t − ∑
(i,j)∈L

Pij,s,t = PIN
j,s,t − (Pd

j,s,t − Pc
j,s,t), ∀j ∈ N, t ∈ T, s ∈ S (48)

∑
(j,k)∈L

Qjk,s,t − ∑
(i,j)∈L

Qij,s,t = QIN
j,s,t − (Qd

j,s,t − Qc
j,s,t), ∀j ∈ N, t ∈ T, s ∈ S (49)

PIN
j,s,t = Pdg

j,s,t + ∑
ω∈Ω

Pdis
ω,j,s,t − ∑

ω∈Ω

Pch
ω,j,s,t, ∀j ∈ N, t ∈ T, s ∈ S (50)

QIN
j,s,t = Qdg

j,s,t + ∑
ω∈Ω

Qdis
ω,j,s,t − ∑

ω∈Ω

Qch
ω,j,s,t, ∀j ∈ N, t ∈ T, s ∈ S (51)

P2
ij,s,t + Q2

ij,s,t ≤ αij,s,tSmax
ij , ∀(i, j) ∈ L, t ∈ T, s ∈ S (52)

0 ⩽ Pc
i,s,t ⩽ Pd

i,s,t, ∀i ∈ N, t ∈ T, s ∈ S (53)

Qc
i,s,t = Pc

i,s,t × tan φi, ∀i ∈ N, t ∈ T, s ∈ S (54)

Vi,s,t − Vj,s,t ≥ 2
(
rij · Pij,s,t + xij · Qij,s,t

)
+
(
αij,s,t − 1

)
· M, ∀(i, j) ∈ L, t ∈ T, s ∈ S (55)

Vi,s,t − Vj,s,t ≤ 2
(
rij · Pij,s,t + xij · Qij,s,t

)
+
(
1 − αij,s,t

)
· M, ∀(i, j) ∈ L, t ∈ T, s ∈ S (56)

Vmin
i ⩽ Vi,s,t ⩽ Vmax

i , ∀i ∈ N, t ∈ T, s ∈ S (57)

0 ≤ Pdg
i,s,t ≤ Pdg

i,max, 0 ≤ Qdg
i,s,t ≤ Qdg

i,max, ∀i ∈ NG, t ∈ T, s ∈ S (58)

4.3. Model-Solving Approach

The analysis shows that the proposed two-stage optimization model for emergency
resources in both pre-disaster and post-disaster situations is, in essence, a two-stage SMIP
model. The established two-stage SMIP model can be formulated as presented in (59)–(62):

minx

{
cTx + ∑

s∈S
p(s) f (x, s)

}
(59)

s.t. Ax ≤ b (60)

f (x, s) = mingTy (61)

s.t. Wy ≤ r(s)− T(s)x (62)

Similar to [24], this paper considers uncertainties in load levels, fault line locations,
line repair times, and DG output uncertainty. Since this paper focuses on extreme weather
scenarios exemplified by typhoons, the line failure rates are not directly derived from
statistical data, but are calculated based on simulations of the typhoon disaster process
to obtain time-varying failure rates for faulty lines. Based on this, several fault scenarios
are selected as samples, and representative and typical scenarios are derived by means of
scenario generation and simplification. First, operation scenarios are generated considering
the uncertainty of fault locations, load levels, and repair times. Then, the scenarios that
greatly affect SMIP are identified and minimized. Finally, the k-means clustering method
is used to obtain typical representative scenarios. Ultimately, the progressive hedging
algorithm (PHA) is utilized to solve the model. More detailed steps are provided in
Appendix A.

5. Case Study
The case study was tested on a computer with an Intel Core i5-8400 processor and 16

GB of RAM. The model was programmed using the YALMIP toolbox in MATLAB R2024a,
and the Gurobi 10.0.1 solver was used to generate a solution.
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5.1. Results of the Experiments on an IEEE 33-Node System

(1) Scenario Generation and Reduction
In order to verify the efficacy of the suggested model, the IEEE 33-node system was

employed. This region is close to the coastline and frequently experiences extreme weather
such as typhoons during summer and autumn. The basic design wind speed for distribution
lines is 25 m/s, and the geographical layout of the feeders is consistent with Figure 4 [22].
The average span length of the overhead lines is 50 m. It is assumed that the typhoon
makes landfall at coordinates −125 km, −150 km and moves at a speed of 20 km/h at a
45◦ angle to the horizontal axis. Other parameters are consistent with those in [24].

0

9 km

9 km 12 km 15 km 18 km

6 km

6 km

3 km

3 km

Figure 4. The coordinate diagram in an IEEE 33-node system.

According to the wind field information, the correlation between the failure rates of
the DN components and the wind speed is obtained, as illustrated in Figure 5. It is evident
that, once the wind speed surpasses 120 km/h, there is a notable increase in the failure rates
of both conductors and towers. As the typhoon approaches, the wind speed along the lines
gradually increases. By calculating the time-varying failure rate of distribution lines, it can
be found that, during the typhoon, the failure rates of distribution lines are high, making
faults highly likely. We generate the failure rate and repair time of each distribution line
through random sampling based on historical statistics [21]. This paper randomly sampled
200 typhoon weather scenarios, with the average cost shown in Figure 6. Once the number
of scenarios reaches 140, the average cost for extreme scenarios becomes stable and remains
around ¥1,320,000. The threshold of the minimum cost during typhoon season is ¥100,000,
and 115 fault scenarios are chosen. These 115 fault scenarios are clustered and reduced,
resulting in the selection of 45 representative fault scenarios.
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Figure 5. Failure rate–wind speed curves for the lines.
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Figure 6. Average cost during typhoon season using an IEEE 33-node system.

(2) Scheduling Results
The IEEE 33-node system, after being modified, is presented in Figure 7. It is presumed

that there are three MESSs, two RCs, and one SC available for pre-scheduling. The DN
includes one DG at node-18, one remotely controlled switch, and five manually operated
switches. The opening and closing time of the remotely controlled switch is assumed to be
negligible, while the operation time of the manually operated switches is 10 min. Before the
disaster, the DN is divided into two regions based on geographical location, with temporary
stations established at D1 and D2. The assignment of RCs and SCs to each station is to be
determined. It is assumed that travel time within the same region is 10 min, while travel
time across regions is 30 min. The cost of pre-scheduling an RC/SC to a station is assumed
to be ¥300. The MESSs are specified to have a rated power of 1000 kW and a capacity of
1000 kW·h, and the efficiency for charging as well as discharging is 0.9 in each case. The
SOC limits are between 0.05 and 0.95. MESSs are capable of being linked to energy storage
stations situated at nodes 2, 15, 22, and 31. The unit time is set to 10 min, and for each unit
of this time period the transportation cost for MESSs, RCs, and SCs is ¥10.

D 1
33

17

181
2

3 4

5 6

7 8 9 10 11

12 13

14

16

15

19 20 21 22

26 27 28

29 30 31 3223 24 25

D 2

Critical load

DG

Remote control Manual control

Energy storage station RC SCMESS

Figure 7. A revised version of the IEEE 33-node test system.

The penalty factor ρ applied in PHA is set to 280, and this value is marginally lower
than the cost of scheduling a RC to a station. After 28 iterations, the computation time
is 78 min, and the pre-scheduling results are obtained. Before the disaster, one RC and
one SC are scheduled to D2, one RC is scheduled to D1, and MESSs are scheduled to
nodes 8, 25, and 31, respectively. The solution results of the model are shown in Case 4
of Table 1. The expected load shedding loss of the DN is ¥45,773. By coordinating and
controlling emergency resources for pre-disaster scheduling and post-disaster restoration,
the load shedding loss can be effectively reduced, the restoration process improved, and
the operational costs of the DN minimized.
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As shown in Figures 8 and 9, protective actions are triggered after faults occur on eight
lines (L2–3, L5–6, L11–12, L14–15, L21–22, L27–28, L30–31, and L32–33), and the remote switch at
L1–2 opens to isolate the faults in fault scenario 3. At the beginning of fault recovery, the
DN shares the operational status of all lines and initiates the restoration process. At t = 0,
the remote switch at L1–2 closes, while other faulty lines are taken out of service. The loads
at nodes 2, 19, 20, and 21 are supplied by the main grid. The network is partitioned into
four separate islands: in Island 1, the loads at nodes 3, 4, 5, 23, 24, and 25 are supported
by MESS-1 located at node 25; in Island 2, the loads at nodes 6, 7, 8, 9, 10, 11, 26, and 27
are supported by MESS-2 located at node 8; in Island 3, the loads at nodes 31 and 32 are
supported by MESS-3 located at node 31; in Island 4, the loads at nodes 15, 16, 17, and
18 are supported by the DG located at node 18. Due to line outages, the loads at nodes
12, 13, 14, 22, 28, 29, and 30 are shed. Meanwhile, RCs are dispatched to repair L21–22 and
L14–15, while SCs are dispatched to L25–29 to perform switching operations for network
reconfiguration.

1 2 3 4
5

6

7 8
9 10 11

12 13

14

16

15

17

18

19 20 21 22

26 27 28

29 30 31 3223 24 25 33

Is
la

nd
1

Island2

Island3t=0

1 2 3 4
5

6

7 8
9 10 11

12 13

14

16

15

17

18

19 20 21 22

26 27 28

29 30 31 3223 24 25 33

Is
la

nd
1

Island2

Island3t=10min

1 2 3 4
5

6

7 8
9 10 11

12 13

14

16

15

17

18

19 20 21 22

26 27 28

29 30 31 3223 24 25 33

Is
la

nd
1

Island2

Island3t=20min

1 2 3 4
5

6

7 8
9 10 11

12 13 16

15

17

18

19 20 21 22

26 27 28

29 30 31 3223 24 25 33

Is
la

nd
1

Island2

Island3t=30min

1 2 3 4
5

6

7 8
9 10 11

12 13

14

16

15

17

18

19 20 21 22

26 27 28

29 30 31 3223 24 25 33

Is
la

nd
1

Island3t=40min

1 2 3 4
5

6

7 8
9 10 11

12 13

14

16

15

17

18

19 20 21 22

26 27 28

29 30 31 3223 24 25 33

Is
la

n
d1

Island3t=80min

Island 4

Island4

Island4

Island4

1 2 3 4
5

6

7 8
9 10 11

12 13

14

16

15

17

18

19 20 21 22

26 27 28

29 30 31 3223 24 25 33

Is
la

n
d1

t=90min

1 2 3 4
5

6

7 8
9 10 11

12 13

14

16

15

17

18

19 20 21 22

26 27 28

29 30 31 3223 24 25 33

Is
la

nd
 1

t=130min

1 2 3 4
5

6

7 8
9 10 11

12 13

14

16

15

17

18

19 20 21 22

26 27 28

29 30 31 3223 24 25 33
t=170min

1 2 3 4
5

6

7 8
9 10 11

12 13

14

16

15

17

18

19 20 21 22

26 27 28

29 30 31 3223 24 25 33
t=180min

Island4

Island4

Island4

Island4

14

Load is picked up Load is cut down Faulty line

Figure 8. Real-time scheduling results of fault scenario 3 during typhoon season.
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Figure 9. Real-time route of emergency resources in fault scenario 3. (a) Switch operator.
(b) Maintenance personnel 1. (c) Maintenance personnel 2.

At t = 10 min, RC-1 and RC-2 arrive at L21–22 and L14–15, respectively, to begin line
repair work. Meanwhile, the SC arrives at L25–29 to prepare for manual switch closure. At
t = 20 min, the SC completes the closure of the switch at L25–29. After the line is closed and
enters operational status, it participates in network reconfiguration. Island 1 can continue
to support the loads at nodes 28, 29, and 30. The SC is then dispatched to L8–21 for further
switching operations. At t = 30 min, the SC arrives at L8–21 to prepare for manual switch
closure. Meanwhile, RC-2 completes the repair of L14–15, and the line is put back into
operation. Island 4 supports the loads at nodes 12, 13, and 14. RC-2 is then dispatched
to L30–31 for further repairs. At t = 40 min, RC-1 completes the repair of L21–22, and the
load at node 22 is restored. RC-1 is then dispatched to L2–3 to begin repairs. Meanwhile,
the SC closes the switch at L8–21, connecting Island 2 to the main grid. This is because the
capacity of the MESS is limited and cannot support the island for an extended period. At t
= 50 min, MESS-2 arrives at the energy storage station at node 25 and works together with
MESS-1 to support the loads in Island 1. At t = 70 min, the SC arrives at L18–33 to close the
switch. At t = 80 min, RC-1 is repairing L2–3, and the SC successfully closes the switch at
L18–33. Island 4 supports the load at node 33, and all loads in the DN are restored at this
point. At t = 90 min, RC-2 completes the repair of L30–31. Island 1, supported by all three
MESS units, supplies power to the loads at nodes 3, 4, 5, 23, 24, 25, 28, 29, 30, 31, and 32. At
t = 130 min, RC-1 completes the repair of L2–3, and the line is put back into operation. Island
1 is reconnected to the main grid. At t = 170 min, RC-2 completes the repair of L11–12, and
the line is returned to operation. Island 4 is reconnected to the main grid. At t = 180 min,
RC-2 arrives at L32–33 to begin repairs. At t = 240 min, all lines are fully repaired, and the
load shedding loss for this scenario is ¥61,929.

(3) Comparison Among Distinct Cases
Case 1: Only pre-scheduling RCs and SCs, without using MESSs [25].
Case 2: All faulty lines are uniformly restored before deployment, with only MESSs

pre-scheduled for emergency response [26].
Case 3: The pre-scheduling results of RCs and SCs are fixed first, with MESSs then

comprehensively scheduled on this basis [27].
Case 4: The proposed method in this paper, which integrates the pre-scheduling of

MESSs, RCs, and SCs.
The comparison results of the cases are shown in Table 2. In Case 1, only repair crews

and switching crews are pre-scheduled, without considering mobile energy storage. Due
to the lack of emergency power support, critical loads experience sustained outages during
repairs, resulting in the highest load shedding cost of ¥516,487 among all cases.

In Case 2, although MESSs are pre-scheduled, all faulty lines must be fully repaired
by RCs before MESSs can be uniformly put into service. During the repair period, MESSs
are unable to support critical loads in a timely manner, leading to a load shedding cost of
¥175,644, significantly higher than that of our method.
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Table 2. Comparison of Cases 1–4 in an IEEE 33-node system.

Case
Pre-Scheduling Costs (¥) Operating Costs (¥)

Load Shedding Cost (¥)
RC SC RC SC MESS

1 600 300 100 80 / 516,487
2 / / 140 110 90 175,644
3 600 300 130 110 80 56,524
4 600 300 90 60 40 45,773

In Case 3, the repair and switching plans are fixed first, and MESSs are then sched-
uled on this basis. This improves over the first two cases, reducing the shedding cost to
¥56,524. However, since MESSs are only passively adapted in the second stage, without
tight real-time coordination with repair and switching operations, there remains room
for improvement.

The proposed coordinated restoration method, i.e., Case 4, simultaneously dispatches
MESSs, RCs, and SCs in a synchronized manner. MESSs dynamically moves according to
restoration status and cooperates with network reconfiguration, while repair and switch-
ing crews operate in coordination with fault repair and switching timing requirements.
This achieves tight spatiotemporal coordination of multiple resources, reducing the load
shedding cost to ¥45,773—representing reductions of 91.1%, 73.9%, and 19.0% compared to
Cases 1, 2, and 3, respectively—demonstrating the effectiveness of the proposed model in
enhancing post-disaster recovery efficiency.

5.2. Results of the Experiments on an IEEE 123-Node System

In an effort to authenticate the scalability of the proposed model, this paper under-
takes supplementary tests on an extended-scale IEEE 123-node system. The precise data
associated with the test system are congruent with the content documented in [21]. Based
on the IEEE 33-node system and referencing an actual DN region near the coastline, the
geographical layout of its feeders is consistent with Figure 10 [25]. The typhoon landing
location and wind speed parameters remain unchanged. After calculating the failure rates
of each line, fault scenarios are generated through sampling. As shown in Figure 11, once
the number of scenarios hits 400, the average cost for extreme scenarios becomes stable and
remains around ¥1,620,000. Similarly, the threshold of the lowest cost for fault situations is
determined to be ¥100,000, and a total of 163 fault scenarios are chosen. On the basis of
these selections, 75 typical fault scenarios are highlighted specifically for extreme weather.

It is assumed that there are three MESSs, three RCs, and two SCs available for pre-
scheduling. The DN includes two DG, one remotely controlled switch, and five manually
operated switches. Before the disaster, the DN is divided into four regions based on
geographical location, and temporary stations are established in each region. The number
of RCs and SCs at each station is to be determined. It is assumed that the travel time for
MESSs, RCs, and SCs within the same region is 10 min, while the travel time between
different regions is 40 min. MESSs are capable of being linked to energy storage stations
situated at nodes 15, 27, 54, 59, and 82. Having carried out 49 iterations and consumed
8.6 h for the calculation, we obtain the pre-scheduling results that are depicted in Figure 12.
Before the disaster, one SC is scheduled to D1, one RC and one SC are scheduled to D2, one
RC is scheduled to D3, and one RC is scheduled to D4. The three MESSs are scheduled to
nodes 15, 27, and 82, respectively.

The comparison of Cases 1–4 in the IEEE 123-node system are presented in Table 3.
The overall trend is consistent with that of the 33-node system. In Case 1, the load shedding
cost reaches the highest value of ¥961,325 due to the absence of MESSs. In Case 2, although
MESSs are pre-scheduled, they cannot be put into service until all faulty lines are fully
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repaired by RCs, resulting in a shedding cost of ¥274,614. In Case 3, MESSs are introduced
on the basis of fixed RC and SC pre-scheduling, reducing the cost to ¥73,684. In Case 4, the
proposed coordinated scheduling strategy simultaneously dispatches MESSs, RCs, and
SCs, reducing the load shedding cost to ¥48,953, further validating the effectiveness of the
proposed method in large-scale systems.
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Figure 10. The coordinate diagram of an IEEE 123-node system.
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Figure 11. Average cost during typhoon season using an IEEE 123-node system.
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Figure 12. A revised version of the IEEE 123-node test system. The same legend as Figure 7 is used.

The solution times of the proposed model for both the 33-node and 123-node systems
are far less than the typical typhoon warning lead time (24–72 h), demonstrating sufficient
engineering practicality. Moreover, leveraging the warm-start capability of PHA and a
hierarchical decision-making strategy, the model can effectively handle periodic forecast
updates, ensuring timely scheduling decisions under dynamic meteorological conditions,
which is of practical engineering significance. However, this paper assumes fixed travel
times for RCs and SCs without considering road network damage during typhoons and
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major storms, and in future work we will introduce stochastic travel time models or
real-time traffic-aware dynamic routing to address this issue.

Table 3. Comparison of Cases 1–4 in an IEEE 123-node system.

Case
Pre-Scheduling Costs (¥) Operating Costs (¥)

Load Shedding Cost (¥)
RC SC RC SC MESS

1 900 120 600 70 0 961,325
2 / / 650 130 210 274,614
3 900 130 630 130 180 73,684
4 900 100 600 60 90 58,953

6. Conclusions
To further enhance the proactive response capability of emergency resources to dis-

asters and strengthen recovery efficiency and stability during disasters, this paper delves
into how to comprehensively and efficiently improve restoration of the DN. Innovatively,
a two-stage SMIP model integrating MESSs, RCs, and SCs is proposed. This model fully
considers the reasonable allocation and coordinated operation of emergency resources
in complex and variable disaster environments, aiming to achieve optimal configuration
and efficient utilization of emergency resources. The model put forward in this paper is
verified on standard IEEE test systems. The simulation results demonstrate that the model
can achieve sequential restoration of the DN through reasonable pre-disaster preparation.
Specifically, the load shedding cost of the proposed method (Case 4) is reduced by 19.0%
compared to Case 3 in the 33-node system and by 19.9% in the 123-node system, fully
validating the significant improvement of the proposed model in terms of load restoration
performance across different system scales and enabling the DN to proactively respond to
extreme disasters in a more resilient manner.
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Nomenclature

A. Sets and Matrices
L/L0/LSW Set of distribution lines/faulty lines/line switches, indexed by (i, j)
N/NG Set of nodes/DGs, indexed by i, j, k
NME Set of energy storage stations, indexed by e, f
NRC/NSC Set of locations of RCs/SCs, indexed by e, f
NRCV /NSCV Set of virtual locations of RCs/SCs
S Set of scenarios, indexed by s
T Set of time intervals, indexed by t
Ω Set of depots, indexed by dp
ZRC/ZSC Set of arcs of RCs/SCs in a TSN, indexed by (e, f )
Z+

MC,e/Z−
MC,e Set of arcs starting/ending from location e of RCs in a TSN

Z+
SC,e/Z−

SC,e Set of arcs starting/ending from location e of SCs in a TSN
ME/RC/SC Set of MESSs/RCs/SCs, indexed by ω/rc/sc
x Vector of first-stage decisions that must be made before the scenario is known
y/c/A/b/g/W SMIP data
B. Parameters
µl/δl Mean/standard deviation of stress strength for overhead conductors
µp/δp Mean/standard deviation of bending strength for pole towers
M1/M2 Number of poles/conductor spans for distribution line
ηch

ω /ηdis
ω Efficiency of charging/discharging of MESS ω

θ Power factor of MESSs
cd

i Load shedding cost at node i
cmess/crc/csc Pre-scheduling cost of MESS ω/RC rc/SC sc
ctran

ω /ctran
rc /ctran

sc Transportation cost per unit of MESS ω/RC rc/SC sc
φi The average angle of the power factor of the load at node i
M A large constant
NMESS/NRC/NSC Maximum number of pre-schedulable MESSs/RCs/SCs

Nij,min
rc /Nij,min

sc Minimum time required for RCs/SCs to repair/act on line (i, j)
p(s) The probability for the occurrence of scenario s
PMESS

eq /EMESS
eq Power/capacity rating of MESSs

rij/xij Resistance/reactance of line (i, j)
Smax

ij Apparent power rating of line (i, j)

SOCmin/SOCmax The smallest/largest permitted states of charge for MESSs

Pdg
i,max/Qdg

i,max Maximum allowable value of active/reactive power of DGs at node i

∆t The extent of a single temporal interval
C. Variables
λline/λtower Failure rate of overhead conductors/pole towers
σl/Mp Bending moment on overhead conductors/pole towers
λtower

l,m /λline
l,m Failure rate of pole/conductor m of line l

λl Failure rate of line l
ϕ(s) Total annual operation cost of the DN
CD

s Cost of load shedding in scenario s
CMESS

s MESS running cost in scenario s
CRC

s /CSC
s RC/SC running cost in scenario s

ζω,e f ,t
Binary variable activated when MESS ω is positioned on arc (e, f ) during time t
in scenario s

ζrc,e f ,s,t/ζsc,e f ,s,t
Binary variable activated when RC rc/SC sc are positioned on arc (e, f ) during
time t in scenario s

Pc
i,s,t/Qc

i,s,t Shedding of active/reactive loads at node i during time t in scenario s
Vi,s,t The square value of the voltage magnitude at node i during time t in scenario s

Vmin
i /Vmax

i
The square value of smallest/largest limit of the allowable voltage magnitude
at node i

https://doi.org/10.3390/en19174110

https://doi.org/10.3390/en19174110


Energies 2026, 19, 4110 18 of 20

xMESS
ω,e Binary variable activated when MESS ω is pre-scheduled to station e

xRC
rc,dp/xSC

sc,dp Binary variable activated when RC rc/SC sc are pre-scheduled to depot dp

αij,s,t Binary variable activated when line (i, j) is closed during time t in scenario s

ηij,s,t/µij,s,t/ξij,s,t
Binary variable activated when line (i, j) is faulty/under repair/operating
during time t in scenario s

Iη,out
ij,s,t

Binary variable activated when line (i, j) exits the faulty state at the termination
of time t in scenario s

Iµ,in
ij,s,t/Iµ,out

ij,s,t
Binary variable activated when line (i, j) enters/exits the under repair state at
the termination of time t in scenario s

Iξ,in
ij,s,t

Binary variable activated when line (i, j) enters the operating state at the
termination of time t in scenario s

xsw,h
ij,s,t

Binary variable activated when the switch on line (i, j) is in h state at the
termination of time t in scenario s (when h is 1/2/3, it corresponds to the
open/acting/closed state)

Isw,h,in
ij,s,t /Isw,h,out

ij,s,t
Binary variable activated when line (i, j) enters/exits state h at the termination
of time t in scenario s

Lij,s,t Current flowing through line (i, j) during time t in scenario s
EMESS

ω,s,t Amount of energy of MESS ω at the termination of time t in scenario s

Pch
ω,e,s,t/Pdis

ω,e,s,t
Active power for charging/discharging of MESS ω positioned at station e
during time t in scenario s

Pij,s,t/Qij,s,t
Flows of active/reactive power originating from node i to j during time t in
scenario s

Pdg
i,s,t/Qdg

i,s,t
Output values of active/reactive power for DGs at node i during time t in
scenario s

PIN
i,s,t/QIN

i,s,t Active/reactive power input at node i during time t in scenario s

Qch
ω,e,s,t/Qdis

ω,e,s,t
Reactive power for charging/discharging of MESS ω positioned at station e
during time t in scenario s

Ich
ω,s,t/Idis

ω,s,t
Binary variable activated when MESS ω engages in charging/discharging
activities during time t in scenario s

Appendix A
A direct invocation of a solver may not be sufficient to efficiently solve a two-stage

stochastic programming model, which is generally a large-scale SMIP model. Once the
selection of Ns scenarios is made, the problem can be expressed as

min

{
∑
s∈S

p(s)
(
cTx + gTy(s)

)
: (x(s), y(s)) ∈ K(s)

, s ∈ S, x(1) = · · · = x(Ns)

}
+ ∑

s∈S
p(s)ϕ(s) (A1)

where K(s) = {(x, y(s)) : Ax ≤ b, Wy ≤ r(s)− T(s)x} . Here, x(1) = . . . = x(Ns) rep-
resents the non-anticipative constraint. Finally, the scenario from (A1) decomposes the
large-scale SMIP model into scenario subproblems with non-anticipative constraints. The
PHA is employed to tackle the large-scale SMIP model given the uncertainty of multiple
scenarios, as explained in [19]. The steps are as expressed as

1: k = 0, wk(s) = 0. For all s ∈ S, xk+1(s) = argmin
(
cTx + gTy(s)

)
2: k = k + 1
3:

¯
xk(s) = ∑

s∈S
p(s)xk(s)

4: wk(s) = wk−1(s) + ρ(xk(s)− ¯
x

k
(s))

5: For all s ∈ S, xk+1(s) = argmin

(
cTx + gTy(s) + wk(s)x + ρ

2 (∥ x − ¯
x

k
(s) ∥2

)
6: gk = ∑

s∈S
p(s) ∥ xk(s)− ¯

x
k
(s) ∥
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7: if g(k) < ϵ, where ϵ is the termination threshold, then go to Step 2.
Otherwise, terminate.
The size of ρ in the PHA directly affects the convergence and solution speed of the

model [21]. The penalty factor ρ applied in PHA is set to 280, and this value is marginally
lower than the cost of scheduling an RC to a station. The size of ε in the PHA is set to 0.01.
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Figure A1. Convergence performance of the PHA. (a) IEEE 33-node system, (b) IEEE 123-node system.

Both curves exhibit the characteristic exponential decay profile of the PHA: the con-
vergence rate drops sharply within the first ten iterations and then gradually levels off,
ultimately plateauing below the prescribed tolerance, as illustrated in Figure A1. This
behavior confirms that the augmented Lagrangian penalty term effectively enforces the
nonanticipativity constraints across scenarios, driving the scenario-wise subproblem solu-
tions toward a consensus.
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