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Abstract: Networked microgrids (NMGs) enhance the resilience of power systems by enabling
mutual support among microgrids via dynamic boundaries. While previous research has optimized
the locations of mobile energy storage (MES) devices, the critical aspect of MES capacity sizing
has been largely neglected, despite its direct impact on costs. This paper introduces a two-stage
optimization framework for MES sizing, pre-positioning, and re-allocation within NMGs. In the first
stage, the capacity sizing and pre-positioning of MES devices are optimized before a natural disaster.
In the second stage, the re-allocation and active power output of MES devices are adjusted post-
disaster, with boundary switches operated based on the damage scenarios. The framework restores
unserved loads by either forming isolated microgrids using MES or re-establishing connections
between microgrids via smart switches. The proposed framework is modeled mathematically and
solved using a customized progressive hedging algorithm. Extensive experiments on modified IEEE
33-node and 69-node systems demonstrate the model’s effectiveness and applicability in improving

system resilience.
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1. Introduction

Today, with the increasing occurrence of natural disasters caused by climate change,
the power system, as a vital infrastructure of human society, has faced a growing number
of challenges and disruptions from both environmental factors and human activities. This
leads huge loss to societal life and work. Between the years 2003 and 2012, the estimated
annual cost of power outages caused by severe weather in the United States ranged from
USD 18 to 33 billion [1]. In 2021, Texas faced a significant power outage event caused by
an unprecedented winter storm, impacting around 4.5 million residential and commercial
properties. The resulting financial consequences were estimated to amount to a minimum
of USD 195 billion [2]. Therefore, resilient restoration strategies are of great significance for
mitigating the adverse effects of natural disasters on the power system.

Due to its ability to autonomously switch between grid-connected and islanded op-
eration modes, microgrids (MGs) offer a promising solution to enhance the resilience of
the power system. In recent years, a multitude of research studies have been conducted to
enhance the resilience of microgrids, aiming to effectively address the challenges posed
by severe weather phenomena. Networked MGs, which encompass the coordination of
multiple MG networks within a fixed or dynamic boundary, have been demonstrated
to be an optimal approach for enhancing resiliency [3]. NMGs have recently garnered
attention in the literature due to their ability to facilitate the exchange and provision of
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electricity between MGs, thereby maintaining a balance between the power generation
and load [4]. The operational feasibility of NMGs in distribution systems has been demon-
strated in [5,6] through the use of a hierarchical control structure. It represents the further
development of the application of MGs through the synchronization of multiple MGs, and
could be an increasingly crucial way to improve distribution system resilience. Ref. [7]
confirms the unique capability of NMGs as distributed systems in enhancing power system
resilience during extreme events, particularly in smart cities. Since the centralized energy
management system (EMS) of NMGs obtains all the relevant information of the system and
determines the optimum operating point for all network-controlled resources to achieve
the global objective [8], we assume that the centralized EMS architecture is implemented
for NMGs in this paper.

1.1. Literature Review

In the literature, substantial research has focused on the optimization of NMGs, partic-
ularly in the context of enhancing resilience. The typical optimization objectives for resilient
NMGs include: (1) increasing supply reliability, such as maximizing power restoration [9]
and minimizing unserved loads [10]; (2) reducing system costs, including minimizing
both economic costs [11] and outage duration [12]; and (3) minimizing power exchange
between microgrids [13]. Different approaches have been proposed to address these objec-
tives. To enhance the operational resilience of hybrid NMGs in emergency mode, Ref. [14]
employs an incremental cost consensus algorithm to optimize surplus power distribution
among microgrids, effectively reducing load shedding. Ref. [15] focuses on restoring more
critical loads by optimizing the scheduling of generation and storage resources within
NMGs. Additionally, it introduces a measurement-based risk-limiting strategy to manage
the intermittency of renewable energy, thereby improving system reliability. To further
address challenges in maintaining resilience under extreme conditions, Ref. [16] tackles
reactive power management by proposing a two-stage stochastic programming model
based on Here-And-Now and Wait-And-See approaches. This model not only considers
load shedding costs, but also incorporates the economic operational costs of the NMGs,
offering a more comprehensive approach to resilience optimization. However, many of the
aforementioned studies focus on optimizing a single or limited set of objectives, often over-
looking the role of network reconfiguration in enhancing resilience. This oversight reduces
the overall effectiveness of these strategies in fully addressing the complex dynamics of
NMGs during extreme events.

Over the past few years, the potential of connecting mobile emergency generators
(MEGs) and MESs to crucial network nodes during emergency scenarios has also been
unveiled by many studies, showcasing a promising approach to alleviating load shedding
within power system. For instance, the hierarchical scheduling framework proposed in
Ref. [17] incorporates mobile units, repair crews, and distribution feeder reconfiguration.
The results show a significant improvement in load supply after the integration of mobile
units with the network. Additionally, Ref. [18] introduces a decentralized framework
for coordinating the dispatch of mobile power sources and repair crews to restore loads.
This framework is formulated as a decentralized partially observable Markov decision
process and employs a novel hierarchical and hybrid multi-agent reinforcement learning
method to demonstrate its effectiveness in load restoration. To enhance the resilience of
active distribution systems, Ref. [19] employs multi-microgrids and mobile energy storage
units (MSUs). The study proposes a framework for quantifying resilience and reveals
the indispensability of MSUs for restoring critical loads under multiple-fault scenarios.
Nevertheless, it is worth noting that the capacity of MSUs is predetermined artificially
rather than optimized. Additionally, the obtained optimization solution is based on a single
scenario rather than the predicted multiple scenarios.

In addition to enhancing system resilience, MES devices can also improve economic ef-
ficiency by reducing operational costs. Ref. [20] proposes a novel framework for enhancing
energy cooperation within multi-island microgrids using marine MES (MMES). The results
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suggest that MMES can provide substantial economic benefits. Similarly, Ref. [21] optimizes
the node locations for MES connections to the grid at different times, leveraging its ability
to smooth load fluctuations and facilitate renewable energy integration, which ultimately
reduces the operating costs of active distribution networks. In addition to optimizing
the operation of MES, Ref. [22] focuses on the deployment of mobile renewable energy
charging stations, offering a dynamic and adaptable solution for charging MES devices.

Regarding short-term optimal scheduling methods for MES, Ref. [23] presents a
stochastic optimization framework for microgrids that are equipped with diverse types of
renewable-based distributed generators and plug-in electric vehicles (PEVs). The proposed
framework effectively solves this problem through the implementation of a modified
fluid search optimization algorithm. Similarly, Ref. [24] proposes a hierarchical stochastic
optimization algorithm for energy management in NMGs with multiple energy sources,
including microturbines, combined heat and power systems, hydrogen energy storage,
battery energy storage, and PEVs. Notably, PEVs play a critical role in serving as energy
sources to support on-fault islanded mobile energy microgrids (MEMGs), where they are
scheduled by a central EMS. The results demonstrate a considerable enhancement in the
resilience of the on-fault MEMGs. Furthermore, in Ref. [25], both the normal and emergency
operation of electrochemical energy storage units are considered to reduce the operating
costs and the number of shed loads. The simulation results presented in Ref. [18] exhibit
how different scheduling strategies, based on various mobile generation units, improve
both the resiliency criterion and the total cost.

1.2. Gaps and Contributions

Table 1 provides an overview of the relevant studies, highlighting key aspects that
were overlooked in previous research. The following research gaps have been identified
based on this review:

e  Limited Objective Scope: Most studies derive their optimization results based on a
single objective or a limited set of objectives, without considering a broader set of
factors impacting system resilience.

e Insufficient Integration of MES and Dynamic Reconfiguration: A significant gap exists
in the integration of MES deployment and dynamic boundary reconfiguration in
response to natural-disaster-induced events. While some studies address the static
placement of MES, they overlook the critical need for dynamic network reconfiguration
in post-disaster scenarios.

¢ Overlooked MES Capacity—Economic Cost Relationship: The relationship between
MES capacity and its economic cost is not adequately addressed in the literature.
Specifically, there is a lack of simultaneous optimization of both MES capacity and
deployment strategies.

To address these gaps, we have developed a novel two-stage stochastic programming
framework for resilient NMGs with dynamic boundaries. This framework simultaneously
considers the sizing, pre-positioning, and re-allocation of MES, allowing for dynamic
reconfiguration of NMG boundaries using remote smart switches. This enables MES to
be adaptively relocated, facilitating a flexible network topology that can accommodate
evolving system conditions. Additionally, we have implemented a customized progressive
hedging algorithm (PHA) to efficiently solve the two-stage stochastic programming prob-
lem. The main contributions of this paper, which directly address the identified research
gaps, are summarized as follows:

* In this new problem, a scenario-based two-stage mixed-integer stochastic program-
ming model is formulated. Specifically, the objectives are carefully chosen considering
various dimensions, including reconfiguration time, effectiveness, operational con-
straints, and economic costs.
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*  Atwo-stage framework is proposed for the collaborative utilization of dynamic bound-
aries and mobile energy storage within NMGs. This framework enables real-time
reconfiguration of the network topology and the adaptive re-allocation of MES.

*  The proposed model simultaneously optimizes the sizing, pre-positioning, and re-
allocation of MES, considering their economic costs. To the best of our knowledge,
this is the first work to integrate these three aspects in the reconfiguration of NMGs.

The remainder of this paper is structured as follows. Section 2 describes the problem
focused on in this paper. Sections 3 and 4 present the formulation of the first-stage and
second-stage problems. Section 5 provides the customized progressive hedging algorithm.
The results of simulation experiments are discussed in Section 6. Section 7 concludes
this paper.

Table 1. A comparison of the relevant studies in the literature.

Objectives Considering Considering Considering
Increase Minimize Minimize Minimize Test
Ref. . Recon- MES MES
Supply Economic Outage Power fiouration Usage Sizin System
Reliability Cost Duration Exchange 8 8 8

[9] v X X X v X X 123-node
[10] v X X X v X X 16-node
[11] v v X X X X X -

[12] v X v X v X X 123-node
[13] v v X v X X X 31-node
[14] v v X X X X X -
[15] v X X X X X X 144-node
[16] v v X X X X X 33-node
[17] v v X X v v X 118-node
[18] v v X X X v X -
[19] v v X X v v X 33-node
[20] X v X X X v X -
[21] X v X X X v X 33-node
[26] v v v X X X X 123-bus
[27] v X X X X v X -
[28] X v X v X v X -
[29] X v X v X v X -
[30] X X v X v v X 37-node

This Paper v v v v v v v 33/69-node

2. Problem Description

The problem is an optimization problem of MES sizing, pre-positioning, and re-
allocation for resilient NMGs with dynamic boundaries. After a natural-disaster-induced
attack occurs, the distribution lines connecting to the microgrid may be damaged, which
leads to power outages in the microgrid subsystems of the networked system. To mitigate
the power outages resulting from these attacks, the resilient operations of NMG systems
are proposed. On the one hand, the boundary of the microgrid subsystem can be adjusted,
so that a subsystem with abundant power supply can support the damaged subsystem
after line damage occurs; on the other hand, the MES devices are pre-positioned on the
nodes with key load for rapid restoration, and the MES can be re-allocated to effectively
balance the power supply across all microgrid subsystem regions. By optimizing the power
flow and adjusting the boundaries within the NMG system, the overall system resilience
can be returned to the highest level. Notably, the size capacity of MES is also a focus of this
paper, and it is optimized to maximize cost-effectiveness.

As depicted in Figure 1, the problem includes two stages. In the first stage, before
the natural disaster occurs, three MES devices are pre-positioned at suitable nodes based
on the optimal solutions. Three boundary lines connect different microgrid subsystems
with the switch status set to ‘open’. In the second stage, after the damage event occurs, the
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damaged lines will be detected, which are labeled with red crosses in the figure. The status
of each boundary line switch is then determined accordingly. Meanwhile, the three MES
devices are re-allocated to the optimal locations while coordinating with the adjustment of
boundary line switch status. In the figure, eight new microgrid subsystems are formed to
enable each node to receive power after the boundary adjustment of microgrid subsystems

in the networked system.

This problem is based on five reasonable assumptions: (1) damage scenarios can be
derived from expert knowledge or natural disaster damage models; (2) the system can
rapidly detect damaged components and promptly update its status; (3) the amount of
MES that can be pre-positioned at each node is limited; (4) all nodes are assumed to be
reachable to one another; (5) hardened boundary lines are assumed to remain undamaged.

)
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Figure 1. A schematic diagram of the proposed two-stage networked microgrid reconfiguration opti-

mization method.
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3. First-Stage Problem Formulation

In this section, the mathematical model of the problem is proposed.

3.1. Objective Function

In order to obtain a trade-off among the reconfiguration time, effectiveness, opera-
tional constraints, and economic costs, the objective function at the first (or pre-positioning)
stage should take into account the outage time of loads, the number of loads to be shed, the
number of switching operations, and the total purchasing capacity of MES, as illustrated in
Equation (1). Since the four terms of the optimization objective have diverse dimensions,
they are normalized and correspondingly labeled in the above equation. In essence, the
outage time of loads is largely driven by the time required to re-allocate the MES (i.e., mov-

ing the pre-positioned MES to other nodes), denoted as ). Y. Y. BupknTskn, and the
pel kel meM
time required for operating the switches is a negligible factor. The aim at this stage is
to pick up weighted loads as much as possible by using a strategy that minimizes the
weighted loads to be shed, denoted as ) Z;sl;,,. Furthermore, the impact of the switching
i€l
operations of boundary lines, measured based on the number of operations, ). bl;,
(i,j)€BL
is also considered. As the cost of MES devices is closely related to their battery capacity,
it is economically preferred to minimize the total capacity of the purchased MES devices,

represented as ), Gj. Though the problem is to efficiently restore as many loads as
meM
possible with the shortest time and lowest cost, the impact of switching operations and the

weighting of each scenario W, are also taken into consideration. The weights of four terms
in the optimization objective, denoted as 71 to 74, are determined by the decision makers.

ZI kZI ZM .BmpknTskn Y Z;sliy, . ')ZBL blijn Y G

. peh kel me i€l L])€ meM

W, 1

m n;\I " BM . Trax *n Y ZiP; +is Ny il BM .Gy ( )
iel

3.2. Constraints

The constraints of the model are as follows:

(1) MES pre-positioning constraints

Due to the limited capacity of each node, Constraint (2) indicates that the number of
pre-positioned MES devices for each node cannot exceed its maximum capacity. Constraint
(3) ensures that each MES device is pre-positioned at only one node.

Z Ay < Np,Vpe L 2)
meM

Z amp =1,Vme M 3)
peh

(2) MES re-allocation constraints

Constraint (4) indicates that only if there is an MES device in the node at the first stage
can the MES be dynamically re-allocated to the corresponding node in the second stage.
Constraint (5) ensures that each MES device can only be re-sent from a pre-positioning
node p to a re-allocation node k.

ZﬁmpknSl"mp,vah,VmEM,v;qu (4)
kEIZ
Z Z 5mpkn <1,Vke L, VneN (5)
pely meM

(3) Topology reconfiguration constraints
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The variables pm,,, and pf,, represent whether there is an MES device re-allocated to
node k and whether node k is a generation node under scenario 7. The variable 6;; indicates
whether node j is the parent node of node i. Constraints (6) and (7) define a node as a
power source node if it either receives power from an MES device or serves as a generation
node. |DL,| denotes the number of damaged lines. Constraint (8) ensures that the number
of damaged lines is equal to the predetermined budget. Constraints (9)-(11) guarantee that
the reconfigured power system maintains a radial topology [31]. Specifically, Constraint (9)
derives that 60;; or 8;; equals one (indicating a parent—child relationship between nodes
i and j) if the status of the boundary line switch is closed or the distribution line is not
damaged. It is noted that we assume that the distribution line is closed in all other states
except for being damaged, and the boundary lines are hardened and will not be damaged
in the second stage. Constraints (10) and (11) indicate each node has one or less parent
node other than the power source nodes. The power source nodes include the generation
nodes and the nodes connected to MES.

Z Z ﬁmsin ,i€ L,VYneN

pm;, = seSmeM (6)
O /i Q Iz,Vn S N
_|lLiceFVneN -
Pln=0,i ¢ Fvn e N
|DL,| = BD,Vn € N ®)
Bi]'n + Gjin = tlijn + blijn,Vi,j el,VneN 9)
Z 91']'71 <1- pmin/Vi ¢ F,\V/Tl EN (10)
jew(i)
0ijn =0,Vi€ F,j € Y(i),¥n € N 11)

(4) Power balance constraints

Constraint (12) ensures that the inflow and outflow on node 7 are equal to achieve power
balance. Constraint (13) determines the power flow according to the node phase angle and
line state. If the line is not damaged, the value of (bl ijn T tll-jn) (1- ali]-n) is 1; otherwise, it
is 0. Note that this term is nonlinear, and a binary variable A;j, is introduced to replace the
term. Therefore, Equation (13) can be equivalently transformed into Equations (19) and (20)
by the big-M method. “M” represents a considerably large numerical value. Constraint (14)
guarantees that the value of shed loads on the node is between 0 and the power demand of
the node. Constraints (15) and (16) indicate that the actual power generation of MES and the
generation node cannot exceed their maximum power generation, respectively. Specifically,
the value of gm; . is determined by two factors; one is whether the node i is powered by
MES m under scenario 7 (i), and the other is the purchasing capacity of MES m (Gy,).
Constraint (16) shows the two possibilities of the value of ;.

gmimn +gfi?1 - Z plijrz + Z plijn + Sll'n - Pl = O’VZ € I’Vm € M,V” € N

12
Lijlo(ly)=i Lj|d(lij)=i (12)
Pig, "ty = (blijn + tign) (1 = alijn) (85,) — Saqy)) Vi, j € LVn € N (13)
0 S Slin § Pir Vl, Vn (14)
0<gm;., < VimnGm, Vi € 1,VYm € M,Vn € N (15)
Y. Bupin Vi€ b, Vme M\neN
Yimn = peh (16)
0 Vi I, VYme M,VYne N
0<gfi, <pfi,Ge,ViclVne N (17)

Gm < Gy, Vm e M (18)
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—M(1 = Aijn)) < @i — (Bo(1;) = i) < M1 = Ayj), Viyj € I,V € N (19)
—MAijn < Pijn < MAjjy, Vi, j € LVn € N (20)

(5) Line state constraints

DL, represents the set of damaged lines under scenario n. Constraints (21) and (22)
restrict them so that they are inoperable in the open state. Constraints (21) and (23) indicate
that if a node pair (i, j) is not included in the set of distribution lines or boundary lines, the
variables representing their line state are set to 0.

Hijn = 0,(i,j) € DLy or ¥(i,j) ¢ TL,Yn € N 21)
alijy =1,Y(i,j) € DL,Yn € N (22)
blijy = 0,¥(i,j) ¢ BL,Yn € N (23)

4. Second-Stage Problem Formulation

In the first stage, the pre-positioning decisions (ay;p) and actual purchasing capacity
(Gm) of each MES device are determined. In the second stage, according to the damaged
lines in the actual damage scenario after the attack of a natural disaster, the MES devices
are dynamically re-allocated (B,,pk,), and the switch operation of boundary lines (bl;j,)
is conducted. Moreover, the power flow of each line (pli].n) and the output of each MES
device (gm,,, ) are optimized. The optimization goal of this stage is to minimize the cost in

mn
Equation (1) under scenario 7i. The objective function is described as follows:

Y Y X Bupkn Tk Z;sl: Y bl G
min " pely kel meM P sE +172ig e 173(i/j)€BL o +;7 mEM " (24)
! BM.. Trmax Z] Z:D; Ni; *BM. Gy
1€ _

n=n

The objective defined in the second stage is subject to a subset of the aforementioned
constraints, with the variation occurring under scenario 7, which are listed as follows.

s.t. (4)-(23),n=n

5. Solving Method

Since the decision-making process of the NMG optimization model built in this paper is
divided into two stages, and the objective function includes the binary variables B, and
bl;j, and the continuous variable sl;;,, this problem is essentially a multi-stage mixed-integer
stochastic programming problem. The information about the damage scenario is uncertain,
which makes it difficult to solve the problem in a short period of time. Refs. [32,33] use
the common approach of scenario generation to represent information uncertainty, which
involves generating a predetermined number of scenarios with corresponding probabilities
and uncertainty parameters. The uncertain parameters in this paper include the location of
damaged lines, the priority weight of nodes, etc.

The progressive hedging algorithm has been proven to be an effective method for
solving multi-stage stochastic programming problems [25,34], especially for problems with
discrete decision variables at each stage [35]. Therefore, this algorithm is implemented
in the Gurobi solver to solve the proposed two-stage stochastic programming problem
based on scenario generation. The stochastic programming model in this paper can be
summarized in the following form:

minTC = c'x+ Y Pr(w)dlye (25)
Y we)
s.t. (%, Yw) € Qu,Yw € Q) (26)

where the decision vector x denotes the first-stage variables which represent the “here
and now” decisions, such as the pre-positioning decisions (a;) and capacity purchasing
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schemes of MES devices (G;), and y,, denotes the second-stage variables which represent
the “wait and see” recourse actions determined by a given x and a certain scenario w, such
as the re-allocation decisions (B, pk,) and switch operation schemes of boundary lines (bl;;,).
Vectors c and d,, denote the coefficients corresponding to the aforementioned variables,
and () is the set of scenarios. Restriction (26) represents the feasible region of decision
variables x and y, in scenario w with some constraints, i.e., Constraints (2)—(23). With the
non-anticipativity constraints (29) enforcing the first-stage decision in every scenario being
the same, the primary problem can be equivalently transformed to (27) and (28) to utilize
duality theory.

min TC = Y Pr(w)(cxw + d5yw) (27)
Twdw wen
s.t. (Xw, Yw) € Qu, Yw € Q) (28)
X1 =-Xp,Vw=1,...,[Q] (29)

Based on duality theory, the best lower bound can be obtained by solving the
following problem:

TC > max {mjn Y Pr(w)(c"xw +dlyw +6" (xo — %) +p/2 | x— %3 )} (30)
Y weh

weD

where £ is a new vector variable of first-stage decisions for finding a solution with the same
constraints, and p is a penalty parameter. The steps of PHA are described in Algorithm 1.

Algorithm 1: Progressive Hedging Algorithm

1 Initialization: Let k=0, 60=0 ;
forallw € O do
Solve (x},yl,) = argmin (cTxp + dlyw) 1 (X0, yw) € Qu)

XwYw

@ N

end
k:=k+1;
forallw € Q) do
F =y Pr(w)xk
we)
s | oF =gkt +p(x’fd_1 - Jﬁk_l)

o | b = min {eTxg +dbye +0Tx +0/2 | 3 — 2 3}

NS G W

2
10 | ifk>kpypeor [ ¥ Pr(w) (xﬁ,+1 — J?) < € then

we)
11 Return £K xkH1 ki1
12 end
13 end

The PHA essentially utilizes a scenario-based decomposition method, and it starts
by solving the values of the first- and second-stage variables under every scenario in the
first iteration in Step 2. During each iteration after the first, the expected value of x’(i, (i-e.,
#F) and the multiplier 5%, are updated in Steps 7 and 8, and then, the value of x5! can be

calculated in Step 9. The algorithm will terminate if the maximum number of iterations

2
or termination threshold e is reached. The term \/ Y. Pr(w) (kaJrl - 9?) < € means the
we)

convergence is guaranteed, i.e., all first-stage decisions are non-anticipative.
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6. Case Studies

In this section, we conduct numerical experiments on the proposed model and algorithm.

6.1. Experimental Design

The modified IEEE-33 and IEEE-69 node distribution systems [36,37] are employed as
the test systems in this study. The modified IEEE-33 node distribution system comprises
33 nodes, including 5 generation nodes and 28 load nodes, interconnected by 32 lines. These
lines comprise 28 branch lines and 4 boundary lines, as illustrated in Figure 2. Similarly, the
modified IEEE-69 node distribution system consists of 69 nodes, which include 6 generation
nodes and 63 load nodes, interconnected by 68 lines. These lines compass 63 branch lines
and 5 boundary lines, as depicted in Figure 3. In this study, it is assumed that only the
boundary lines are equipped with remote control switches, which are initially set to a
default state of disconnection. The distribution lines are set to a default state of closed. The
reactance (rli],) of lines and power demand (P;) at the nodes are adopted from the original
data of the systems [36,37]. Further details regarding other data settings are provided in
the following subsections.

' SO~ )
23 24 25

Generation node

1
I 1
I 1
26 27 28 29 30 31 32 33 '@ Load node '
1
00000000000 i— Transmission line .
. 1
1 Rk 3 4 5 6 7 8 9 10 11 |12 ' Boundary line !
1
! The switch is in the ON position
____________________________ 1
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Figure 2. A modified IEEE 33-node test system.

36 37 38 39 40 41 42 43 44 45 46

47 48 49 50

11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27
66 67 e mmmm—
Generation node

@ Loadnode

53 54 55 56 57 58 59 60 61 62 63 64 65 Transmission line

Boundary line
The switch is in

the ON position
28 29 30 31 32 33 34 35  memmmmmmm—m——————

Figure 3. A modified IEEE 69-node test system.

6.2. Case I: Modified IEEE 33-Node Distribution System

The modified IEEE 33-node distribution system undergoes modifications through the
reservation of certain lines and the alteration of node characteristics and distribution lines.
Consequently, this system comprises five independent microgrid subsystems when the
switches on boundary lines are in the open state. The capacities of the five generation nodes
are listed in the first two columns of Table 2. Given the unavailability of actual damage data,
this paper employs a normal distribution to generate ten hypothetical damage scenarios, as
depicted in Table 3. The load priorities and transportation speeds of MES are randomly
assigned from the sets {5,3,1} and {60 km/h, 90 Kkm/h, 100 km/h}, respectively, with
equal probabilities. The maximum purchasing capacity of the MES is set to 1000 kW.
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Subsequently, the transportation time for each MES device along the designed routes is
computed based on the fixed speed parameters and their Euclidean distances.

Table 2. The capacity of generation nodes of the modified IEEE 33/69-node distribution system.

IEEE 33-Node IEEE 69-Node
Generation node Capacity (kW) Generation node Capacity (kW)
1 10,000 1 10,000
16 800 22 1000
21 600 31 1000
24 1300 38 1000
29 1300 47 3000
\ \ 58 5000

Table 3. Samples of the damaged lines for the 10 generated scenarios using the normal distribution.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 vee Scenario 10

Line (1, 2) Line (1, 2) Line (1, 2) Line (6, 7) e Line (1, 2)

Line (6, 7) Line (3, 4) Line (3, 4) Line (7, 8) ... Line (14, 15)
Line (9, 10) Line (7, 8) Line (19, 20) Line (11, 12) .. Line (16, 17)
Line (21, 22) Line (14, 15) Line (23, 24) Line (16, 17) .. Line (23, 24)
Line (24, 25) Line (16, 17) Line (30, 31) Line (21, 22) ... Line (24, 25)
Line (32, 33) Line (30, 31) Line (32, 33) Line (28, 29) .. Line (27, 28)

Taking Scenario 1 of Table 3 as an example, we illustrate the application of the pro-
posed two-stage optimization method. Prior to the occurrence of natural disasters, the
optimal pre-positioning and capacity purchase schemes for MES devices are determined by
solving the first-stage problem using the ten generated scenarios, as shown in the second
columns of Tables 4 and 5. The first-stage solutions aim to optimize the effectiveness of
the MES allocation scheme in the second stage. Notably, Table 5 reveals that the pur-
chased capacities of the three MES devices are smaller than the maximum design capacity
(1000 kW), demonstrating noticeable economic benefits. In Figure 4, the nodes connected
to quadrangular-star nodes denote the presence of MES devices. From Figure 4a, it can be
observed that the MES devices are pre-positioned on nodes 7, 18, and 31 in the first stage.

Table 4. The pre-positioning and re-allocation scheme of MES devices in Case I.

MES Pre-Positioning Nodes Re-Allocation Nodes
I node 7 — node 7
I node 18 — node 22
I node 31 — node 33

Table 5. Capacity Utilization of MES devices in Case I.

MES Energy Storage Size (kW) Power Output (kW) Utilization Rate (%)
I 800 — 460 57.50%
I 300 — 90 30.00%
I 420 — 60 14.29%

Upon the occurrence of a natural disaster, the damaged lines in the actual scenario
are detected and marked with a cross in Figure 4b. The optimal re-allocation scheme for
MES is derived by solving the second-stage problem using the selected reality scenario.
Subsequently, the MES devices are dispatched from the pre-positioning nodes to the re-
allocation nodes, with the corresponding decisions listed in the forth column of Table 4.
Once the MES devices arrive at the re-allocation nodes, they are integrated into the system
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as source nodes. Figure 4b illustrates that MES II and III are dispatched to re-allocation
nodes 22 and 33, respectively, while MES I remains stationed at pre-positioning node 7,
adhering to the proximity principle. Additionally, as shown in Table 6, the switches on the
boundary lines (3, 23) and (12, 13) are turned off. Consequently, most of the load nodes are
restored as several microgrid subsystem are formed, with the exception of node 25. As the
boundaries expand, the node sets {3,4,5,6} and {10, 11,12} transition from being powered
by generation node 1 to being powered by generation nodes 24 and 16, respectively.

Generation node
Load node

Unrestored node
MEV

1
1
1
1
1
1
1
1
1
Transmission line H
1
1
1
1
1
1
1
1
1

oce

A7

Boundary line
The switch is in the ON position

The switch is in the OFF position
% Damaged line

Figure 4. The optimization solution for the modified IEEE 33-node distribution system. (a) The first
stage. (b) The second stage.

Table 6. The switch operation scheme of boundary lines in Case I.

Boundary Line First Stage Second Stage
Line (2, 19) open — open
Line (3, 23) open — closed
Line (6, 26) open — open

Line (12, 13) open — closed

6.3. Case II: Modified IEEE 69-Node Distribution System

As shown in Figure 3, the modified IEEE 69-node test case is used to examine the
scalability of the proposed method for larger networks. The case of the IEEE 69-node
distribution system is modified by replacing five load nodes with generation nodes, and
substituting five distribution lines with boundary lines. Thus, when the boundary lines are
disconnected, the system comprises six independent microgrid subsystems. The capacities
of the five added generation nodes are listed in the last two columns of Table 2. While the
capacity of node 1 is obtained from the original system data, the capacities of the other
five nodes are related to the power demands of the load nodes within their corresponding
microgrid subsystems. The parameters associated with MES devices are similar to those in
Case L.

It is assumed that there are four MES devices and ten arbitrarily selected damaged
lines, labeled in Figure 5. The pre-positioning and re-allocation scheme of MES de-
vices and the utilization of their capacities are detailed in Tables 7 and 8, respectively.
Figure 5 illustrates that in the first stage, the MES devices are pre-positioned at nodes 17,
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65, 7, and 45. In the second stage, MES I, I1I, and IV are re-allocated to nodes 21, 50, and 56,
respectively, while MES II remains stationed at node 65, resulting in the formation of nine
microgrid subsystems. Additionally, as shown in Table 9, the switches on boundary lines
(9, 53) and (16, 17) are turned off. Consequently, the nodes in sets {9-17, 53-56, 66—69} are
reconnected to new power sources, as the boundaries are changed.

......

36 37 38 39 40 41 42 43 44 |45 46

&) MEVIV

@ME\'l
66__67
§53 54 55 56 57 58 59 60 61 62 63 64 |65 L T ETmETmEEEEE Y
£ Generation node
MEVII (1)

- @ Load node

QO Unrestored node
28 29 30 31 32 33 34 35 @ MEV

Boundary line

The switch is in the ON position

36 37 38 39 40 41 42 43 144 45 46 The switch is in the OFF position

# Damaged line

1 1
1 1

1 1

1 1

1 1

1 1

1 1

1 1

1 1

(a) \ — Transmission line H
1 1

1 1

1 1

1 1

1 1

1 1

1 |

1 1

1

47048 49 |50!
\»

i MEVII

53 54 55 56

f MEVIV (1)

28 29 30 31:32 33 34 35

(b)

Figure 5. The optimization solution for the modified IEEE 69-node distribution system. (a) The first
stage. (b) The second stage.

Table 7. The pre-positioning and re-allocation scheme of MES devices in Case IL

MES Pre-Positioning Nodes Re-Allocation Nodes
I node 17 — node 21
II node 65 — node 65
I node 7 — node 50
v node 45 — node 56

Table 8. Capacity Utilization of MES devices in Case II.

MES Energy Storage Size (kW) Power Output (kW)  Utilization Rate (%)
I 605 — 115 19.01%
I 1000 — 286 28.60%
I 1000 — 848.4 84.84%
I 650 — 616.2 94.80%
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Table 9. The switch operation scheme of boundary lines in Case II.
Boundary Line First Stage Second Stage
Line (3, 28) open — open
Line (3, 36) open — open
Line (4, 47) open — open
Line (9, 53) open — closed
Line (16, 17) open — closed

6.4. Impact of Microgrid Boundary Lines

As described in the above two cases, the boundary lines play an essential role in
microgrid reconfiguration, where the switches of boundary lines can form microgrid
subsystems dynamically. To better illustrate the superiority of dynamic boundary lines,
comparisons are conducted between the proposed model and a model without boundary
lines, where the compared model is represented by several stand-alone microgrids. Based
on the proposed two-stage optimization framework, the objectives of this compared model
are presented in Equations (32) and (33), followed by the constraints that need to be satisfied.
We use the same damage scenarios in Case II to examine the model without boundary
lines; the optimization results are shown in Figure 6. It can be seen from Figure 6 that more
loads need to be shed compared to the results in Case I. Apart from node 25 remaining
unpowered, the nodes in set {10, 11,12, 22} are also without electricity supply.

Y X X ﬁmpknTskn Y. Zisliy Y Gm

. pel kel meM iel meM
min W, + + 32
ngv "y BM - Tomax 2 L 7P, T BM.Gum (32)

1S

Y X X ﬁmpknTskn Z Z,’Slm Z Gnm
mln pGI] kGIz meM + i€l + meM (33)

n BM - T 27 P TPBM.Gy

il

Gijn + 9]'1'” = tlijn,Vi,j el,Vne N (34)
Pig, "1y = Hijn(1 = alijn) (o) = baqry)), Vij € I,Vn € N (35)

s.t. (2)—(8), (10)—(12), (14)—(18), (21)—(22)

Furthermore, as summarized in Tables 10 and 11, the optimization process based on
both of the models is simulated for 20 rounds under different damage scenario settings. To
assess the effects, load shedding is employed and measured by using Equation (36). |N|
denotes the number of scenarios. The results of the two tables clearly indicate that the
model without boundary lines produces higher load shedding compared to the proposed
model with boundary lines. Moreover, when the experimental parameters shift towards
conditions unfavorable for optimization, such as an increase in damaged line number and
a decrease in MES budget, it makes sense that the proposed model with boundary lines
exhibits a smaller increase in load shedding compared to the model without boundary lines.
This observation further confirms the superior robustness of the model with boundary
lines. Overall, these results demonstrate that by operating the switches on boundary lines,
each microgrid subsystem is capable of expanding its boundaries to interconnect with
other microgrid subsystems and form NMGs, thus achieving energy mutual assistance and
reducing the shed loads.

r (Z Zisly, /Y ZiPyy, >

LoadShedding=”€N icl & icl

x 100%, Vi € 1 (36)
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Figure 6. The optimization solution for the modified IEEE 33-node distribution system without

boundary lines. (a) The first stage. (b) The second stage.

Table 10. Statistical simulations for load shedding under varying budgets of MES devices.

Budgets of Budgets of Load Shedding (%)
Damaged Lines MES Devices With Boundary Lines Without Boundary Line
8 1 26.92% 35.70%
8 2 17.65% 26.37%
8 3 10.47% 18.32%
8 4 6.71% 13.72%

Table 11. Statistical simulations for load shedding under varying budgets of damaged lines.

Budgets of Budgets of Load Shedding (%)
Damaged Lines MES Devices With Boundary Lines Without Boundary Line
6 3 5.32% 11.85%
7 3 8.10% 15.04%
8 3 10.47% 18.32%
9 3 13.49% 22.08%

6.5. Impact of MES Sizing

This subsection investigates the capacity utilization of MES devices to measure the
effectiveness of MES sizing. As shown in Equation (37), CUR is proposed as an evaluation
index, which is equal to the average of the actual power output of each MES divided
by the corresponding purchased energy storage size. Further, we provide another index,
CUR’, where G,, in CUR is replaced by the maximum design capacity Gy, as shown in
Equation (38).
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ZMgmimn/Gm
_ me % Vi
CUR = | " | X 100%,¥i € [Yn € N (37)
) Y gmimn/GM
CUR = [ M i x 100%, Vi € I,¥n € N (38)

Based on the setting parameters of MES devices and damage scenarios discussed in
Section 6.3, we perform 20 rounds of simulation of the networked microgird optimization
and calculate the average value of the two indexes. The statistics for average CUR and CUR
are listed in the third and forth columns of Tables 12 and 13. As the results show, the value
of average CUR consistently surpasses that of average CUR. In particular, as the budget
of MES devices increases, the value of average CUR remains relatively stable, exhibiting a
smaller decline for that of average CUR. In general, the proposed capacity sized model
demonstrates higher capacity utilization compared to a non-sized model. This advantage
becomes particularly pronounced as the budget of MES devices increases, thereby implying
superior economic benefits.

Table 12. Simulation statistics for average CUR under varying budgets of MES devices.

Budgets of Damaged Lines Budgets of MES Devices =~ Average CUR Average CUR’

8 1 49.63% 34.44%
8 2 49.10% 32.97%
8 3 49.03% 29.43%
8 4 46.24% 24.39%

Table 13. Simulation statistics for average CUR under varying budgets of damaged lines.

Budgets of Damaged Lines Budgets of MES Devices Average CUR Average CUR’

6 3 46.89% 27.42%
7 3 47.09% 30.40%
8 3 49.03% 29.43%
9 3 50.57% 30.98%

6.6. Computational Efficiency

In this paper, the proposed two-stage stochastic mixed-integer linear programming
problem is solved on a personal computer equipped with an Intel Core i7 processor
(2.60 GHz) with 64 GB RAM, using Gurobi 11.0.1 with its default settings. The termi-
nation threshold for Algorithm 1 is set at 0.1%.

Table 14 compares the computation time between the PHA and directly using Gurobi 11.0.1
(with the MIPGap set to 0.1% for a fair comparison) across varying numbers of scenarios. In the
modified IEEE 33-node system, 8 damaged lines are considered with 2 MES devices deployed,
while in the modified IEEE 69-node system, 12 damaged lines are considered with 3 MES
devices deployed. The results show that as the number of scenarios and problem size increase,
the solution time grows for both methods. Notably, in the 69-node system, the computation
time for Gurobi increases significantly when the number of scenarios reaches 20. In contrast, the
PHA achieves a substantial reduction in solution time compared to using Gurobi directly. By
decomposing the main problem into scenario-based subproblems, the PHA effectively reduces
the computational load as the number of scenarios increases. However, although a larger
number of scenarios improves solution quality, it also increases computation time, making the
selection of an appropriate number of scenarios a crucial consideration.
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Table 14. Comparison of computation time (minutes) for problem solving.

. Scenario Number
Power System Solution Method

10 20 30
Gurobi 11.0.1 0.22 1.34 457
33-node
PHA 0.19 0.96 3.06
Gurobi 11.0.1 15.63 140.13 379.22
69-node
PHA 7.88 79.91 252.80

7. Conclusions

This paper proposes a two-stage stochastic mixed-integer model for the restoration
of NMGs,which simultaneously optimizes the sizing, pre-positioning, and reallocation of
MES devices, as well as the dynamic reconfiguration of NMG boundaries. Our numerical
studies on the modified IEEE 33-node and 69-node distribution systems demonstrate the
effectiveness, robustness and economic benefits of the proposed model and algorithm. The
main research results are summarized as follows:

(1) Simultaneous Pre-Disaster Optimization: The proposed approach enables the joint
optimization of MES capacity and pre-positioning before a disaster occurs. This not only
enhances system resilience, but also significantly reduces economic costs. By providing a
comprehensive strategy for pre-disaster planning, it offers decision makers a valuable tool
for developing proactive prevention measures.

(2) Post-Disaster Reallocation and Dynamic Boundary Reconfiguration: After a disas-
ter, the re-allocation of MES devices and the operation of boundary switches can dynam-
ically adjust the operational boundaries of microgrids. This flexibility allows previously
isolated microgrids to reconnect to power sources, forming new NMGs. As a result, the
risk of prolonged isolation is mitigated, and overall system resilience is greatly enhanced.

(3) Effectiveness of the Customized PHA: The customized PHA employed in this
study proves highly effective in addressing multi-stage stochastic programming problems.
It demonstrates strong performance in optimizing complex, uncertain scenarios, making it
a suitable method for solving large-scale problems in power systems.

Several promising areas for future research are worth investigating to further enhance
the proposed framework. First, incorporating more detailed and realistic disaster damage
scenarios, tailored to different types of natural disasters, would be beneficial. By generating
representative disaster patterns, more accurate modeling of post-disaster recovery and
resource allocation strategies can be achieved. Additionally, deeper integration with trans-
portation networks, coupled with the coordination of repair crews, should be explored. This
would involve optimizing the scheduling of MES devices in conjunction with the sequence
of repairing damaged components, ensuring a coordinated approach that improves the
overall efficiency of the recovery process. Furthermore, the potential to leverage private
electric vehicles (EVs) as supplementary mobile energy storage units warrants investigation.
By integrating privately owned EVs into the framework, enhanced system flexibility can be
achieved, particularly in scenarios where additional energy resources are limited during
disaster recovery operations.
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Abbreviations
Indices and Sets

I Set of microgird nodes, i,j € I.

I Pre-positioning nodes for MES device connection in the first stage, p € I;.
I Re-allocation nodes for MES device connection in the second stage, k € I,.
F Set of generation nodes.

M Set of MES devices, m € M.

N Set of scenarios, n € N.

TL Set of distribution lines, lij e TL.

BL Set of boundary lines, lij € BL.

DL, Setof damaged lines under scenario n.

Parameters
Ng Number of microgird nodes.
Np Maximum number of MES devices available at the pre-positioning node p.

Ny Number of boundary lines in the NMGs.
BM  Budget of MES devices .

BD Budget of damaged distribution lines.

Gr Capacity of generation nodes.

GMm Maximum design capacity of MES devices.
Travel time of an MES device from pre-positioning node p to re-allocation node k under
scenario 7.

Reactance of line [;; .

o(lij)  Origin node of line [;;.

d(lij)  Destination node of line /;;.

Wy Weight of scenario n.

Z; Priority weight of node i

P; Power demand at node i.
Vi Weight of the i-th objective.
Variables

Gm Actual purchasing capacity of MES m.
gm,,., Generation level of node i supported by MES m under scenario 7.

Sfin Generation level of generation node i under scenario 7.
sliy Shed loads on node i under scenario n.
lij Binary: 1 if there is a line connecting node i and node j, and 0 otherwise.
ali]-n Binary: 1 if line (3, ) is attacked under scenario n, and0 otherwise.
bliju Binary: 1 if the switch on boundary line (i, ) is closed under scenario 1, and 0 otherwise.
tl; in Binary: 1 if the switch on distribution line (7, j) is closed under scenario 1, and 0 otherwise.
Xmp Binary: 1 if MES m is pre-positioned to node p, and 0 otherwise.

Binary: 1 if MES m is re-allocated (sent) from node p to node k in real time under
Pptn scenario 71, and 0 otherwise.

Binary: 1 if MES m is re-allocated (sent) to node i in real time under scenario #, and 0
Vimn otherwise.
pmy,, ~ Binary: 1if an MES device is connected to node k under scenario 7, and 0 otherwise.
Pfin Binary: 1 if node k is a generation node under scenario 7, and 0 otherwise.
Pl Power flow of line /;; under scenario n.
Aijn Auxiliary binary variable to replace the nonlinear term (bl;j,, + tl;j, ) (1 — aljj) -

Pijn Auxiliary continuous variable to replace the nonlinear term A;;,, ((So(li] ) — g l,‘,‘)) .
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