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A B S T R A C T

In response to extreme events, substantial research efforts have focused on developing load restoration
strategies for networked microgrids (MGs). However, existing distributed control approaches only consider
independent time periods, which cannot capture the time-coupled flexibility of storage units. Additionally,
mobile energy storage systems (MESSs) have been deployed for resilience enhancement due to their advantages
in mobility and flexibility. However, existing research on networked MGs utilizes simplistic energy management
approaches for MG modeling without detailed network structures, which cannot capture the mobility of
MESSs. To address these issues, this paper proposes a three-stage stochastic distributed control approach based
on rolling optimization to enhance the resilience of networked MGs with MESSs. Specifically, a stochastic
linearized OPF is formulated in the first stage to capture the flexibility of MESSs and uncertainties, while a
consensus algorithm is utilized in the second stage to calculate the power exchange among MGs. Finally, a
detailed non-linear AC OPF algorithm is employed in the third stage to capture technical constraints relating
to stability properties towards accurate optimization results. Case studies considering load distinction, multiple
line outages, and limited generation resources are developed to demonstrate the effectiveness of the proposed
distributed control approach in accurate and timely decision-making.
1. Introduction

Extreme weather events including natural disasters (e.g., hurricanes,
storms, etc.) and man-made events (e.g., cyber or physical attacks)
are featured by high impact and low probability (HILP), which can
affect the status of components in power systems (e.g., power plants,
substations, and cables) and cause severe power outages [1]. Recently,
the significantly increasing penetration of renewable energy resources
(RESs) has been witnessed in power systems, where their intermit-
tent and fluctuating nature further exacerbates the impact of extreme
events. To deal with these HILP events, the concept of ‘resilience’ is
introduced in power systems [2]. Given the serious disruptions, the
main goal of a resilient power system should be to maintain the supply
continuity of essential loads (e.g., medical facilities and police stations),
constituting a system load restoration problem [3].

In this context, microgrids (MGs), as localized small power systems
with enhanced control capabilities, are regarded as an effective solu-
tion to integrate and coordinate different types of distributed energy
resources (DERs) (e.g., diesel generators (DGs), RESs, energy storage
systems (EESs), etc.) for resilience enhancement [4]. It can be antici-
pated that small-scale MGs will become common in the coming decades
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and play a crucial role in the development of future energy systems
worldwide due to the essential benefits they provide for resilience
enhancement in decentralized operating paradigms [5]. Specifically,
several MGs can even connect with each other as an MG cluster,
where the power sharing among these MGs can effectively increase the
survivability of essential loads during extreme events [6]. On the other
hand, as an emerging type of DERs, mobile energy storage systems
(MESSs) have been gradually deployed in current power systems for
resilience enhancement due to their significant advantages on mobility
and flexibility compared to static ESSs [7]. In this context, instead of
integrating static ESSs, MGs can choose to involve MESSs for system
load restoration towards a higher resilience level. As such, this paper
aims to develop a stochastic distributed control approach based on
rolling optimization for the resilience-oriented routing and scheduling
of MESSs in networked MGs towards load restoration after extreme
events, which is generic enough to handle main contingencies caused
by both natural and man-made events.
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Nomenclature

Parameters

𝛥𝑡 Time interval
𝜂𝑐 Efficiency of storage device(s) during charging
𝜂𝑑 Efficiency of storage device(s) during discharging
𝐵𝑏𝑝 Susceptance of branch connecting AC buses 𝑏, 𝑝
𝐺𝑏𝑝 Conductance of branch connecting AC buses 𝑏, 𝑝
𝑐𝑙𝑠𝑏 Cost associated with load shedding of bus 𝑏
𝑐𝑒 Penalty coefficient associated with power sur-

plus/shortage
𝐸𝑆𝑚𝑎𝑥

𝑘 Maximum state of charge in MESS 𝑘
𝐸𝑆𝑚𝑖𝑛

𝑘 Maximum depth of discharge in MESS 𝑘
𝐺𝑆𝐼𝑛𝑖

𝑔 Initial generation resource state of generator 𝑔
𝐺𝑆𝑚𝑖𝑛

𝑔 Minimum energy reserve of generator 𝑔
𝑃𝑚𝑎𝑥
𝑔 Maximum active power of generator 𝑔

𝑃𝑚𝑖𝑛
𝑔 Minimum active power of generator 𝑔

𝑄𝑚𝑎𝑥
𝑔 Maximum reactive power of generator 𝑔

𝑄𝑚𝑖𝑛
𝑔 Minimum reactive power of generator 𝑔

𝑃𝑚𝑎𝑥
𝑘 Maximum storage power of MESS 𝑘

𝑇 Time scheduling horizon
𝑇 𝑚𝑎𝑥
𝑖𝑗 Tie-line capacity between MG 𝑖 and MG 𝑗

𝑉 𝑚𝑎𝑥 Maximum permissible voltage
𝑉 𝑚𝑖𝑛 Minimum permissible voltage
𝐷𝑏,𝑝 The traveling time of MESS 𝑘 from bus 𝑏 to bus 𝑝

Sets

𝐺𝑏𝑢𝑠 Total number of generator buses, 𝐺𝑏𝑢𝑠 ⊂ 𝑁𝑏𝑢𝑠
𝐿𝑏𝑢𝑠 Total number of load buses, 𝐿𝑏𝑢𝑠 ⊂ 𝑁𝑏𝑢𝑠
𝑁𝑏𝑟 Total number of branches
𝑁𝑏𝑢𝑠 Total number of buses
𝑁𝑔 Total number of generators in an MG
𝑁𝑚𝑒𝑠 Total number of MESSs
𝑀 Total number of connected MGs in the MG cluster

Variables

𝛿𝑏,𝑡,𝑠 Voltage angle of bus 𝑏 at time step 𝑡 under
scenario 𝑠

𝛿𝑏𝑝,𝑡,𝑠 Voltage angle difference between buses 𝑏, 𝑝 at
time step 𝑡 under scenario 𝑠

𝐺𝑆𝑔,𝑡,𝑠 Energy reserve of generator 𝑔 in an MG at the end
of time step 𝑡 under scenario 𝑠

𝑃𝑔,𝑡,𝑠 Active power generation of generator 𝑔 at time
step 𝑡 under scenario 𝑠

𝑃 𝑒𝑥
𝑏,𝑡,𝑠 Active power exchange between considered bus 𝑏

and other buses at time step 𝑡 under scenario 𝑠
𝑃 𝑙𝑠
𝑏,𝑡,𝑠 Involuntary loss of active load at bus 𝑏 at time

step 𝑡 under scenario 𝑠
𝑃 𝑙
𝑏,𝑡,𝑠 Active load at bus 𝑏 at time step 𝑡 under scenario

𝑠

1.1. Literature review on networked MGs and MESSs

Recently, much research has focused on the benefits of networked
MGs on resilience enhancement, where centralized control, hierarchical
control, and distributed control are three basic approaches to operate
these MGs [4]. Planning and operation strategies based on central-
ized control have been widely developed to enhance the resilience of
2

𝑄𝑔,𝑡,𝑠 Reactive power generation of generator 𝑔 at time
step 𝑡 under scenario 𝑠

𝑄𝑒𝑠
𝑏,𝑡,𝑠 Reactive power exchange between considered bus

𝑏 and other buses at time step 𝑡 under scenario 𝑠
𝑄𝑙𝑠

𝑏,𝑡,𝑠 Involuntary loss of reactive load at bus 𝑏 at time
step 𝑡 under scenario 𝑠

𝑄𝑙
𝑏,𝑡,𝑠 Reactive load at bus 𝑏 at time step 𝑡 under

scenario 𝑠
𝑃𝑏𝑝,𝑡,𝑠 Active power flow of branch bp at time step 𝑡

under scenario 𝑠
𝑄𝑏𝑝,𝑡,𝑠 Reactive power flow of branch bp at time step 𝑡

under scenario 𝑠
𝑉𝑏,𝑡,𝑠 Voltage at bus 𝑏 at time step 𝑡 under scenario 𝑠
𝑢𝑏,𝑘,𝑡 Integer variable that shows the status of MESS 𝑘

in bus 𝑏 at time step 𝑡
𝑃𝑚𝑒𝑠,𝑐
𝑏,𝑘,𝑡 Charging of MESS 𝑘 into bus 𝑏 at time step 𝑡

𝑃𝑚𝑒𝑠,𝑑
𝑏,𝑘,𝑡 Discharging of MESS 𝑘 into bus 𝑏 at time step 𝑡

𝐸𝑆𝑘,𝑡 Energy content of MESS 𝑘 at time step 𝑡
𝑃 𝑒
𝑡 Power shortage/surplus at time step 𝑡

𝑃 𝑠𝑢𝑟
𝑖,𝑡 Power surplus of MG 𝑖 at time step 𝑡

𝑃 𝑠ℎ𝑜
𝑖,𝑡 Power shortage of MG 𝑖 at time step 𝑡

𝑃 𝑜𝑏
𝑖,𝑡 The power obtained from connected MGs in MG

𝑖 at time step 𝑡

networked MGs [8–11], since this research area has been a lot more ma-
ture. For instance, in [8], the resilience-oriented coordination between
EESs, mobile power resources, and network reconfiguration is investi-
gated to enhance the resiliency of networked MGs. In [9], a two-stage
stochastic optimization program based on a decomposition algorithm
is proposed to operate networked MGs towards resilient distribution
grids. In [10], a comprehensive operation and self-healing strategy is
developed to optimally formulate networked self-supplied MGs against
power outages. In [11], a risk-constrained adaptive robust optimization
approach is proposed to provide proactive resilient scheduling decisions
for networked MGs during extreme events. However, it is worth not-
ing that MG operations based on centralized control approaches can
become extremely time-consuming with the increase in the number of
connected MGs. The highly uncertain nature of extreme events may not
allow the central controller to make decisions in time. Additionally,
the requirement of centralized control for high information sharing
among MGs may introduce security problems. To address this issue,
hierarchical control schemes are developed in [12–15], which can
largely reduce the computing burden of central controllers and the
information that needs to be shared among MGs. However, this control
approach still requires a central controller to manage local MGs, which
can be prone to a single-point failure.

In comparison with centralized control, distributed control ap-
proaches may not guarantee a globally optimal solution but can protect
customer privacy and reduce the dependency of networked MGs on
communication networks [16]. Recently, there has been much research
focused on developing distributed operation strategies for the resilience
enhancement of networked MGs. In [17], a decentralized collaborative
dispatch framework based on consensus algorithm is proposed for the
effective power exchange of networked MGs. In [18], an nested energy
management strategy is developed for the day-ahead scheduling of
networked MGs, which considers both grid-connected and islanded
modes of MGs. However, no uncertainties are considered in the above
two papers. In [19], a peer-to-peer energy bartering framework based
on a consensus algorithm is developed for power sharing between
interconnected MGs, while ignoring the influence of uncertainties on
optimization results. In [20], a decentralized operation model includ-
ing buying/selling power, charging/discharging of ESSs, and demand
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response is developed for multiple cooperative MGs. Uncertainties of
RESs are addressed in MG operations via a two-stage adjustable robust
optimization approach. In [21], a distributed control approach based
on the alternating direction method of multipliers is suggested to
manage the power sharing between MGs and distribution networks,
where uncertainties with market price are captured via robust opti-
mization. In [22], a distributed control scheme considering feasible
islanding in normal mode and load survivability in emergency mode
is developed for the resilience enhancement of networked MGs, where
an incremental cost consensus algorithm is employed for the power
sharing between MGs. Uncertainties associated with RESs and loads
are handled via robust optimization. However, this paper assumes
a two-hour scheduling horizon for emergency cases, which may be
unrealistic.

Going further, it is worth noting that the aforementioned papers
utilize energy management systems (EMSs) to model MG operations,
which can only capture the power balance equations of an MG model.
Given the absence of detailed constraints for the MG network topol-
ogy, it is impossible to use EMSs to model the spatial flexibilities of
MESSs. Note that MESSs can introduce significant merits for resilience
enhancement of power systems via delivering power and energy as
backup power sources for load restoration [23]. For instance, in [24],
the routing and scheduling characteristics of MESSs are incorporated
with the dispatches of repair crews towards the load restoration of
distribution systems. In [25], a temporal–spatial model capturing the
routing process of MESSs and network reconfiguration is developed to
minimize the total system cost (e.g., load shedding cost and generation
cost). Furthermore, the absence of technical constraints relating to volt-
age, angle, and power losses can lead to unstable MG operations and
inaccurate solutions during extreme events, since power systems will be
operated much closer to their stability limits under high uncertainties
and severe contingencies [26].

To address the above issues on the lack of detailed network mod-
els, MG network models are considered in [27–31] to simulate the
realistic operation scenarios of networked MGs. For instance, in [27],
a distributed control approach based on a two-layer communication
protocol is proposed for the resilience-oriented operation of networked
MGs. Both normal and self-healing operation modes are captured and
the power exchange between MGs is achieved by a consensus al-
gorithm; nevertheless, this paper assumes a deterministic framework
without considering any uncertainties. In [28], a stochastic bi-level
optimization model based on a linearized distflow algorithm is devel-
oped in [28] to coordinate the power exchange between MGs and the
utility grid in a decentralized manner. The first level is used to con-
duct negotiations between different entities, while the second level is
employed to update non-converging penalties. Uncertainties relating to
RESs and load profiles are captured via stochastic programming. How-
ever, this paper does not consider the power sharing between MGs and
the influence of severe contingencies on MG operation performance.
Additionally, Ref. [28] does not consider a long emergency horizon but
only system snapshots, which cannot capture the flexibility of storage
systems (e.g., ESSs and MESSs). In [29], a coordinated power exchange
mechanism based on distributed control is developed for load restora-
tion after extreme events, while uncertainties relating to RESs and
loads are considered using a Monte-Carlo simulation approach. In [30],
an optimal scheduling strategy based on alternating direction method
of multipliers is developed for networked MGs, while uncertainties
associated with wind power are captured via robust optimization.
In [31], a data-driven distributionally robust co-optimization model is
proposed for the peer-to-peer energy trading and network operation of
networked MGs, considering the uncertainties associated with RESs and
loads. However, these papers utilize a linearized distflow algorithm for
MG operations, which ignores voltage angle variations and power losses
through lines and can only be applied in radial networks. It is worth
noting that MGs may have different network structures, other than
3

traditional distribution systems [32]. Meshed networks include a more
uniform power flow and can provide benefits for improving voltage
profiles and reducing power losses, which can introduce the strong
capabilities of meshed networks to withstand severe contingencies and
improve resilience [33].

1.2. Research gaps and contributions

To summarize, there have been a large number of studies focused on
the resilience-oriented operation of networked MGs, including central-
ized control, hierarchical control, and distributed control. In general,
both centralized control and hierarchical control approaches require
central controllers for MG operations, which can be time-consuming
and prone to single-point failure considering the high-impact and un-
predictable nature of extreme events. To address these issues, dis-
tributed control approaches that do not require central controllers have
attracted much research interest, where consensus-based algorithms
are one of the main methods to achieve distributed control. Although
many studies have demonstrated the benefits of distributed control
approaches for the resilience enhancement of networked MGs, the
following fundamental research gaps still remain:

• There has been much research on the distributed control of
networked MGs; nevertheless, existing literature solves the op-
timization problem on an hourly basis or ignores long time-
frames, which cannot capture the flexibility of storage units and
power sharing between MGs. One of the reasons for this is that
consensus-based algorithms found in the literature (e.g., [19,22,
27,29]) address the power sharing between MGs in independent
time periods, which are inherently unable to capture any time-
coupled flexibility [34]. It is necessary to develop an optimization
framework to comprehensively consider such flexibility under
distributed control.

• Existing literature tends to utilize EMSs [17–22] or linearized
distflow models [27–31] for MG operations due to the need of
reducing the computing burden. There is little research focusing
on control approaches, which can capture technical constraints
relating to stability properties for accurate decision making and
secure MG operations as well as ensuring computing efficiency.

• Compared with static DERs (e.g., ESSs), MESSs are capable of
achieving more effective load restoration via their mobility
and flexibility features, especially in the context of
decentralization [23]. However, there is no significant amount
of research focused on distributed control approaches capturing
the merits of MESSs for the resilience enhancement of networked
MGs.

To fill in the research gaps discussed above, this paper proposes a
stochastic distributed control approach based on rolling optimization
for the resilience-oriented operation of networked MGs with MESSs,
which can effectively bridge a gap in this respective area. The contri-
butions are summarized hereafter:

• A three-stage distributed control approach based on rolling op-
timization is developed for the resilience-oriented scheduling of
networked MGs. A time-coupled linearized AC OPF algorithm is
utilized in the first stage to capture the flexibility of storage units
and uncertainties as well as ensuring computing efficiency.

• Time-coupled routing and scheduling characteristics of MESSs
inside each MG are fully modeled for load restoration, while the
transporting time of MESSs between different buses inside each
MG is appropriately incorporated into the proposed model.

• A detailed one-step non-linear AC OPF algorithm is proposed in
the third stage to capture stability properties relating to voltage,
angle, and power losses to ensure accurate optimization results

and no violation of technical constraints.
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• Uncertainties with RESs and load profiles are captured in the
first stage of the proposed model via a scenario-based stochastic
programming approach. Multiple line outages, limited generation
resources, and load distinction into critical and non-critical are
included in the model to capture the main features of HILP events.

The remainder of the paper is organized as follows. Section 2 out-
ines the main challenges of HILP events and the suggested stochastic
istributed control approach based on rolling optimization. Section 3
ntroduces the model formulation of networked MGs and MESSs in
etail, followed by extensive case studies and discussion in Sections 4
nd 5 respectively. Finally, in Section 6 conclusions are drawn.

. Outline of the suggested resilience-oriented operation approach

In this paper, we focus on the resilience-oriented operation problem
f a networked MG cluster involving MESS routing and scheduling
haracteristics towards the overall resilience enhancement. In general,
hen an event occurs, MGs may switch into islanded mode (from grid-

onnected mode) due to intentional or unintentional islanding schemes.
o minimize the influence of the HILP event, these small-scale MGs
an choose to connect with nearby MGs as a cluster via available
ommunication resources, while they can do power sharing with each
ther in order to achieve a higher level of overall resilience considering
he uncertainty of RESs and load profiles. Inside each MG, DERs, such as
hotovoltaics (PVs), diesel generators (DGs), and MESSs, are installed
uitably, which can provide necessary power support for the MG.

.1. Main challenges of HILP events and suggested solutions

As aforementioned, extreme events are characterized by high impact
nd low probability, which can potentially cause high uncertainties
nd severe damages to the MG cluster, including (1) islanded MGs
osing their connection to the utility grid; (2) unavailable central con-
rollers for MG cluster operations; (3) severe damages inside each
G (e.g., multiple line outages); (4) unavailable or limited generation

esources; (5) uncertain event occurrence time and duration; (6) uncer-
ain RESs and load profiles; (7) power system operations close to their
tability limits.

Considering the aforementioned properties (1)–(2), the suggested
ontrol approach for networked MGs should be decentralized and
lexible enough against extreme events [15]. In other words, MGs in the
luster shall operate within a distributed manner and have their own
ontrollability without the central commands, which can avoid single-
oint failure and privacy concerns. To deal with the aforementioned
ssues (3)–(4), it is necessary to employ MESSs with enhanced flexibility
nd mobility for load restoration, since static energy resources may not
e able to access interrupted loads due to the severe damage caused
y extreme events. Regarding the above features (5)–(6) of extreme
vents, a rolling optimization approach can be applied to make timely
cheduling decisions for these MGs, while a scenario-based stochastic
rogramming approach can be introduced to capture the uncertain
ature of RESs and load profiles. Finally, to reduce the risk of constraint
iolations caused by the above property (7), a detailed non-linear
C OPF algorithm is required to accurately capture all the technical
onstraints related to voltage, angle, power flow, and power losses for
ecure MG operations.

.2. Stochastic distributed control within a rolling optimization framework

To address the aforementioned issues, this paper proposes a three-
tage stochastic distributed control approach based on rolling opti-
ization to capture realistic MESS routing and scheduling character-

stics and make decisions on power exchange among MGs towards
esilience enhancement, which is schematically represented by Fig. 1.
ompared with centralized control (e.g., [8–11]), the proposed dis-
4

ributed control approach can be time-efficient and achieve timely
Fig. 1. Flowchart of the proposed three-stage distributed control approach based on
rolling optimization.

critical load restoration. Compared with hierarchical control (e.g., [12–
15]), the proposed distributed control approach can reduce the need
for a central controller and avoid single-point failure. Compared with
existing distributed control approaches (e.g., [19,22,27,29]), the pro-
posed distributed control approach is incorporated with a detailed
power network model and a rolling optimization framework, which
can capture the time-coupled features of MESS routing and scheduling
as well as power exchange. A more detailed description of the various
elements at each stage can be found in Fig. 2.

According to Fig. 1, the proposed stochastic distributed control
approach includes the following three stages:

• In the first stage, each MG schedules its local resources via a time-
coupled stochastic linearized AC OPF algorithm, optimizing MESS
routing and scheduling behaviors, calculating the power shortage
and power surplus, and capturing uncertainties associated with
RESs and load profiles. Only scheduling decisions on the current
time step are utilized within the proposed rolling optimization
framework. Specifically, the results of power shortage and power
surplus of each MG are sent to the second stage, while the routing
and scheduling decisions of MESSs are sent to the third stage.

• In the second stage, the results of power shortage or surplus
received from the first stage are realized as the initialization
of the consensus algorithm for distributed control. An iterative
process is applied to obtain the final power exchange results
among interconnected MGs that will be sent to the third stage
for final verification.

• In the third stage, after receiving the final power exchange re-
sults and MESS routing and scheduling decisions, a deterministic
non-linear AC OPF algorithm capturing stability properties is
employed to ensure the feasibility of optimization results at the
current time step, i.e., no violations of technical constraints.

Overall, these three stages are operated within the rolling opti-
mization framework in an iterative manner until the event ends. It

is worth noting that rolling optimization can optimize the system
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peration for the current time step while taking future time slots into
ccount [15]. Detailed information about each stage can be found in
ig. 2, illustrating the objective functions and constraints (or iteration
rocess) of these three stages.

Going further, it is worth noting that existing distributed con-
rol approaches based on consensus algorithms are inherently time-
ndependent, which cannot effectively capture the flexibility of MESSs
nd power sharing in a time-coupled manner. However, the suggested
tochastic distributed control approach provides the advantage of han-
ling unforeseen changes and capturing the above flexibilities via the
olling optimization framework. Additionally, the influence of uncer-
ain event time and duration on MG operations can be significantly
educed, since rolling optimization approaches are run on an hourly
asis and have no dependence on the complete scheduling horizon.
urthermore, the computational burden is largely reduced due to the
tilization of linearized AC OPF in the first stage, compared with the
riginal non-linear AC OPF algorithm.

. MG operation based on distributed control

As shown in Fig. 2, the suggested distributed control approach is
ivided into three distinct stages: (1) linearized stochastic AC OPF
apturing time-coupled behaviors of MESSs and power sharing among
Gs; (2) a consensus-based algorithm calculating power exchange for

he current time step; (3) a detailed non-linear AC OPF utilized to
btain accurate optimization results and avoid the violation of technical
onstraints. Details of the proposed three-stage stochastic distributed
ontrol approach can be found hereafter:

.1. Stage 1 — Calculate power surplus/shortage and obtain MESS routing
nd scheduling decisions

In the first stage, every MG runs a time-coupled linearized AC OPF
lgorithm in a stand-alone condition (i.e., not connected to other MGs)
nd calculates power shortage or power surplus (i.e., 𝑃𝑒) within the
5

cheduling horizon. Note that only signals for one time step will be p
sent to the second stage to calculate the final results of power exchange.
The objective function of one local MG in this stage can be found in (1).
The first term corresponds to the real power surplus or power shortage,
while the second term is related to the total load shedding cost cap-
turing a set of uncertainties. In other words, the process of calculating
power shortage/surplus for every MG is formulated as a scenario-based
stochastic problem in which results are obtained according to a set
of scenarios [35]. Variables on power shortage/surplus as well as the
routing and scheduling of MESSs are realized as here-and-now decision
variables, while the others (e.g., load shedding or power output of
generators) are wait-and-see variables depending on the realization of
each scenario.

𝐹1 =
∑

𝑡∈𝑇
𝑐𝑒𝑃 𝑒

𝑡 +
∑

𝑠∈𝑆
𝑝𝑠

∑

𝑡∈𝑇

∑

𝑏∈𝐿𝑏𝑢𝑠

𝑐𝑙𝑠𝑏 𝑃
𝑙𝑠
𝑏,𝑡,𝑠 (1)

Incorporating typical non-linear technical constraints as well as
ESS routing and scheduling constraints makes the model become
mixed-integer non-linear programming (MINLP) problem, which is

xtremely difficult to solve, especially with the consideration of time-
oupled flexibilities and a set of uncertainties. In line with the require-
ents of resilience enhancement for computing efficiency, linearized

echniques are required to simplify the non-linear OPF into a MILP for-
ulation to obtain a trade-off between computing time and accuracy in

he first stage [36]. As such, the optimization is posed as a minimization
roblem, subject to the following linearized AC OPF constraints (2)–
20). The active and reactive power balance equations at the exchange
us 𝑏 are described in (2) and (3), respectively. Classical equations per-
aining to power flow problems are presented in (4) and (5). 𝑃 𝑒𝑥

𝑏,𝑡,𝑠 and
𝑄𝑒𝑥

𝑏,𝑡,𝑠 represent active and reactive power exchange between considered
bus 𝑏 and other buses at time step 𝑡 under scenario 𝑠 respectively. 𝑃𝑚𝑒𝑠,𝑑

𝑏,𝑘,𝑡
and 𝑃𝑚𝑒𝑠,𝑐

𝑏,𝑘,𝑡 correspond to the power discharging and charging of MESS 𝑘
n bus 𝑏 at time step 𝑡. 𝑃𝑔,𝑡,𝑠 and 𝑄𝑔,𝑡,𝑠 are the active and reactive power
eneration of DG 𝑔 at time step 𝑡 under scenario 𝑠. 𝑃 𝑙

𝑏,𝑡,𝑠 is related to
he load level of bus 𝑏 at time step 𝑡 under scenario 𝑠. Constraints (6)–
7) refer to the network model, where 𝑃𝑏𝑝,𝑡,𝑠 and 𝑄𝑏𝑝,𝑡,𝑠 are the active

ower and reactive power flow through the line from bus 𝑏 to bus 𝑝.
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𝛿𝑏𝑝,𝑡,𝑠 corresponds to the voltage angle difference between buses 𝑏 and
at time step 𝑡 under scenario 𝑠. 𝑃𝐿

𝑏𝑝 and 𝑄𝐿
𝑏𝑝 correspond to active

nd reactive power losses, which can be linearized via the loss factors
uggested by [36]. Eq. (8) corresponds to the power exchange limit
etween the MG 𝑖 and nearby MG 𝑗, where 𝑇𝑖𝑗 refers to the tie-line
apacity between MG 𝑖 and MG 𝑗.

Furthermore, events may cause potential damage to energy supply
hains, such as gas networks and fuel networks, and therefore genera-
ion resources (e.g., fuel reserve) within one MG may be limited [37].
n this context, it is reasonable to assume that each MG only has
imited generation resources, which accounts for Eqs. (9) and (10).
𝑆𝐼𝑛𝑖
𝑔 corresponds to the initial energy reserve of an MG when an

vent occurs and generator 𝑔 will fail to operate when 𝐺𝑆𝐼𝑛𝑖
𝑔 reaches

its minimum value 𝐺𝑆𝑚𝑖𝑛
𝑔 .

𝑃 𝑒
𝑡 +

∑

𝑘∈𝑁𝑚𝑒𝑠

(𝑃𝑚𝑒𝑠,𝑑
𝑏,𝑘,𝑡 − 𝑃𝑚𝑒𝑠,𝑐

𝑏,𝑘,𝑡 ) + 𝑃 𝑙𝑠
𝑏,𝑡,𝑠 +

∑

𝑔∈𝑁𝐺𝑏

𝑃𝑔,𝑡,𝑠 = 𝑃 𝑒𝑥
𝑏,𝑡,𝑠 + 𝑃 𝑙

𝑏,𝑡,𝑠 (2)

∑

𝑔∈𝑁𝐺𝑏

𝑄𝑔,𝑡,𝑠 +𝑄𝑙𝑠
𝑏,𝑡,𝑠 = 𝑄𝑒𝑥

𝑏,𝑡,𝑠 +𝑄𝑙
𝑏,𝑡,𝑠 (3)

𝑒𝑥
𝑏,𝑡,𝑠 =

∑

(𝑏,𝑝)∈𝑁𝑏𝑟

𝑃𝑏𝑝,𝑡,𝑠 + (
∑

𝑝∈𝑁𝑏𝑢𝑠

𝐺𝑏𝑝)𝑉 2
𝑏,𝑡,𝑠 (4)

𝑒𝑥
𝑏,𝑡,𝑠 =

∑

(𝑏,𝑝)∈𝑁𝑏𝑟

𝑄𝑏𝑝,𝑡,𝑠 − (
∑

𝑝∈𝑁𝑏𝑢𝑠

𝐵𝑏𝑝)𝑉 2
𝑏,𝑡,𝑠 (5)

𝑏𝑝,𝑡,𝑠 = 𝐺𝑏𝑝(𝑉 2
𝑏,𝑡,𝑠−𝑉 2

𝑝,𝑡,𝑠)∕2−𝐵𝑏𝑝𝛿𝑏𝑝,𝑡,𝑠+𝑃𝐿
𝑏𝑝,∀𝑡 ∈ 𝑇 , ∀𝑏 ∈ 𝑁𝑏𝑢𝑠,∀𝑠 ∈ 𝑆 (6)

𝑏𝑝,𝑡,𝑠 = −𝐵𝑏𝑝(𝑉 2
𝑏,𝑡,𝑠 − 𝑉 2

𝑝,𝑡,𝑠)∕2 −𝐺𝑏𝑝𝛿𝑏𝑝,𝑡,𝑠 +𝑄𝐿
𝑏𝑝,∀𝑡 ∈ 𝑇 , ∀𝑏 ∈ 𝑁𝑏𝑢𝑠,∀𝑠 ∈ 𝑆

(7)

− 𝑇 𝑚𝑎𝑥
𝑖𝑗 ≤ 𝑃 𝑒

𝑡 ≤ 𝑇 𝑚𝑎𝑥
𝑖𝑗 , ∀𝑡 ∈ 𝑇 (8)

𝐺𝑆𝑔,𝑡,𝑠 = 𝐺𝑆𝑔,𝑡−1,𝑠 − 𝑃𝑔,𝑡,𝑠𝛥𝑡 ∀𝑡 ∈ 𝑇 − {1},∀𝑔 ∈ 𝑁𝑔 (9)

𝐺𝑆𝑚𝑖𝑛
𝑔 ≤ 𝐺𝑆𝑏,𝑡,𝑠 ≤ 𝐺𝑆𝐼𝑛𝑖

𝑔 ,∀𝑡 ∈ 𝑇 ,∀𝑔 ∈ 𝑁𝑔 ,∀𝑠 ∈ 𝑆 (10)

Eqs. (11)–(12) represent the operational constraints of voltage limit
and line capacity, while Eqs. (13)–(14) correspond to the power gen-
eration limit of conventional generators. These constraints capture
the technical features of MG operations and ensure the accuracy of
obtained solutions. Note that 𝑉 2

𝑏,𝑡,𝑠 will be treated as a variable in
this linearized OPF. Constraint (12) is quadratic and defines a convex
region, which can be linearized via the piecewise linearization method
suggested in [38]. As such, the typical non-linear AC OPF is linearized
into a MILP formulation and can be solved efficiently via commercial
softwares (e.g., CPLEX and GUROBI) [39]. Compared with EMS or
DC OPF, this linearization method takes reactive power and voltage
into account. Compared with linearized Distflow, this approach can be
utilized for both meshed and radial networks and effectively capture
power losses through loss factors. However, there still exists a risk for
the linearized OPF to obtain solutions that do not satisfy the original
power flow equations [40]; hence, it is necessary to verify the practical
feasibility of obtained solutions through a detailed non-linear AC OPF
algorithm, which is introduced in the third stage.

(𝑉 𝑚𝑖𝑛)2 ≤ 𝑉 2
𝑏,𝑡,𝑠 ≤ (𝑉 𝑚𝑎𝑥)2,∀𝑡 ∈ 𝑇 ,∀𝑏 ∈ 𝑁𝑏𝑢𝑠,∀𝑠 ∈ 𝑆 (11)

𝑃 2
𝑏𝑝,𝑡,𝑠 +𝑄2

𝑏𝑝,𝑡,𝑠 ≤ 𝑆𝑙𝑖𝑚
𝑏𝑝 ,∀𝑡 ∈ 𝑇 ,∀𝑏𝑝 ∈ 𝑁𝑏𝑟,∀𝑠 ∈ 𝑆 (12)

𝑚𝑖𝑛
𝑔 ≤ 𝑃𝑔,𝑡,𝑠 ≤ 𝑃𝑚𝑎𝑥

𝑔 ,∀𝑡 ∈ 𝑇 ,∀𝑔 ∈ 𝑁𝑔 ,∀𝑠 ∈ 𝑆 (13)

𝑚𝑖𝑛
𝑔 ≤ 𝑄𝑔,𝑡,𝑠 ≤ 𝑄𝑚𝑎𝑥

𝑔 ,∀𝑡 ∈ 𝑇 ,∀𝑔 ∈ 𝑁𝑔 ,∀𝑠 ∈ 𝑆 (14)

MESS-related constraints are shown in Eqs. (15)–(20). It is assumed
hat MESSs can move between different buses within each MG. In-
qualities (15) and (16) refer to the limits of charging and discharging
6

ower for MESS 𝑘. Integer variable 𝑢𝑐 (𝑏, 𝑘, 𝑡) and 𝑢𝑑 (𝑏, 𝑘, 𝑡) correspond
o charging and discharging decisions of MESS 𝑘 in bus 𝑏 at time step
. Constraint (17) ensures that power charging and discharging cannot
ccur simultaneously, while MESS 𝑘 can only be connected with one
us at each time step. Note that 𝑢𝑐 (𝑏, 𝑘, 𝑡) = 0 and 𝑢𝑑 (𝑏, 𝑘, 𝑡) = 0

mean that the MESS 𝑘 does not connect with bus 𝑏 at time step 𝑡
and vice versa. Constraint (18) corresponds to the transportation of
MESS 𝑘 within an MG, where 𝐷(𝑏, 𝑝) represents the traveling time of

ESS 𝑘 from bus 𝑏 to bus 𝑝 [41]. Inequality (19) gives the minimum
nd maximum energy storage limits of MESS 𝑘, while constraint (20)
ntroduces the dependence of energy storage level at each time interval
ith the previous time step.

≤ 𝑃𝑚𝑒𝑠,𝑐
𝑏,𝑘,𝑡 ≤ 𝑢𝑐𝑏,𝑘,𝑡 ⋅ 𝑃

𝑚𝑎𝑥
𝑘 ,∀𝑡 ∈ 𝑇 ,∀𝑏 ∈ 𝑁𝑏𝑢𝑠,∀𝑘 ∈ 𝑁𝑚𝑒𝑠 (15)

0 ≤ 𝑃𝑚𝑒𝑠,𝑑
𝑏,𝑘,𝑡 ≤ 𝑢𝑑𝑏,𝑘,𝑡 ⋅ 𝑃

𝑚𝑎𝑥
𝑘 ,∀𝑡 ∈ 𝑇 ,∀𝑏 ∈ 𝑁𝑏𝑢𝑠,∀𝑘 ∈ 𝑁𝑚𝑒𝑠 (16)

∑

𝑏∈𝑁𝑏𝑢𝑠

𝑢𝑐𝑏,𝑘,𝑡 + 𝑢𝑑𝑏,𝑘,𝑡 ≤ 1,∀𝑡 ∈ 𝑇 ,∀𝑘 ∈ 𝑁𝑚𝑒𝑠 (17)

[𝑢𝑐𝑏,𝑘,𝑡 + 𝑢𝑑𝑏,𝑘,𝑡] − [𝑢𝑐𝑏,𝑘,𝑡+1 + 𝑢𝑑𝑏,𝑘,𝑡+1] ≤ 1 − [𝑢𝑐𝑝,𝑘,𝑡+ℎ + 𝑢𝑑𝑝,𝑘,𝑡+ℎ],

∀𝑡 ∈ 𝑇 − {1}, ∀𝑘 ∈ 𝑁𝑚𝑒𝑠, 𝑏 ≠ 𝑝 ∈ 𝑁𝑏𝑢𝑠, ℎ ∈ [1,… ,min(𝐷𝑏𝑝, 𝑇 − 𝑡)]
(18)

𝐸𝑆𝑚𝑖𝑛
𝑘 ≤ 𝐸𝑆𝑘,𝑡 ≤ 𝐸𝑆𝑚𝑎𝑥

𝑘 ,∀𝑡 ∈ 𝑇 ,∀𝑘 ∈ 𝑁𝑚𝑒𝑠 (19)

𝐸𝑆𝑘,𝑡 = 𝐸𝑆𝑘,𝑡−1 + (𝜂𝑐
∑

𝑏∈𝑁𝑏𝑢𝑠

𝑃𝑚𝑒𝑠,𝑐
𝑏,𝑘,𝑡 − 𝜂𝑑

∑

𝑏∈𝑁𝑏𝑢𝑠

𝑃𝑚𝑒𝑠,𝑑
𝑏,𝑘,𝑡 )𝛥𝑡, ∀𝑡 ∈ 𝑇 − {1},

∀𝑘 ∈ 𝑁𝑚𝑒𝑠 (20)

3.2. Stage 2 — Consensus algorithm for power exchange

After extreme events, the communication between the central con-
troller of utility grid and the local controller of each MG may be un-
available; nevertheless, part of the local connection among nearby MGs
may still be reliable, which renders the application of distributed con-
trol approaches valid for the decision making of power exchange among
nearby MGs under emergency situations. In this paper, a consensus-
based algorithm is employed to optimize the power sharing results
among interconnected MGs. Note that consensus algorithms have re-
cently gained popularity in power dispatch problems because of their
fast convergence and stability [22]. Given the consideration of re-
silience, the incremental cost of load shedding 𝜆𝑖,𝑡 of each MG 𝑖 con-
stitutes the consensus variables. Each MG estimates the values of their
power shortage through the first stage and then updates these estimates
by exchanging information with neighboring MGs. The communication
network of this MG cluster can be represented by matrices 𝑊 and 𝐸,
which have the following properties [22]:

• 𝑊 is a row-stochastic matrix (summation of row entries is equal
to one), while 𝐸 is a column-stochastic matrix and 𝐸 = 𝑊 𝑇 .

• 𝑊𝑖,𝑗 > 0 means that MG 𝑖 is connected to MG 𝑗.
• The values of 𝑊 and 𝐸 can be free to choose, which will not

influence the convergence rate.

Specifically, the suggested consensus algorithm involves a four-step
iterative process, which can be outlined below:

Step 1 (Initialization) Using the results from the first stage, the
power shortage/surplus and power mismatches estimated by MG 𝑖 are
noted as below. Note that 𝑃 𝑠ℎ𝑜

𝑖,𝑡 and 𝑃 𝑠𝑢𝑟
𝑖,𝑡 will be derived from 𝑃 𝑒 of each

MG.

𝑃 𝑠ℎ𝑜
𝑖,𝑡 , 𝑃 𝑠𝑢𝑟

𝑖,𝑡 , 𝑃𝑚𝑖𝑠
𝑖,𝑡 ,∀𝑖 ∈ 𝑀,∀𝑡 ∈ 𝑇 (21)

Regarding MG 𝑖, the power obtained from connected MGs is initial-
ized as 𝑃 𝑜𝑏,0

𝑖,𝑡 , where 0 means the first iteration. Note that 𝑃 𝑜𝑏,0
𝑖,𝑡 can be

initialized as any feasible values [22]. Additionally, the total available
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or required power 𝑃 𝑡𝑜𝑡𝑎𝑙
𝑡 in the local network and the power mismatch

𝑚𝑖𝑠,0
𝑖,𝑡 can be calculated as follows:

𝑡𝑜𝑡𝑎𝑙
𝑡 = min[

∑

𝑖∈𝑀
𝑃 𝑠𝑢𝑟
𝑖,𝑡 ,

∑

𝑖∈𝑀
𝑃 𝑠ℎ𝑜
𝑖,𝑡 ] (22)

𝑃𝑚𝑖𝑠,0
𝑖,𝑡 = 𝑃 𝑡𝑜𝑡𝑎𝑙

𝑡 ∕𝑀 − 𝑃 𝑜𝑏,0
𝑖,𝑡 (23)

Step 2 (Consensus variable update) At each iteration 𝑘, each MG 𝑖
updates 𝜆𝑖,𝑡 and 𝑃 𝑜𝑏

𝑖,𝑡 based on the values of consensus variables obtained
from connected MGs, which can be calculated as follows (𝜂 is the
learning gain constant):

𝜆𝑘+1𝑖,𝑡 =
∑

𝑗∈𝑀
𝑊𝑖,𝑗𝜆

𝑘
𝑗,𝑡 + 𝜂𝑃𝑚𝑖𝑠,𝑘

𝑖,𝑡 (24)

𝑃 𝑜𝑏,𝑘+1
𝑖,𝑡 = (𝜆𝑘+1𝑖,𝑡 − 𝛽𝑖)∕(2𝛼𝑖) (25)

Step 3 (Power mismatch update) Each MG 𝑖 updates its power
ismatch estimates based on (i) its neighboring MGs’ estimates and (ii)
correction term which is given by the difference between its optimal

esponses at the two most recent iterations.
𝑚𝑖𝑠,𝑘+1
𝑖,𝑡 =

∑

𝑗∈𝑀
𝐸𝑖,𝑗𝑃

𝑚𝑖𝑠,𝑘
𝑗,𝑡 − (𝑃 𝑜𝑏,𝑘+1

𝑖,𝑡 − 𝑃 𝑜𝑏,𝑘
𝑖,𝑡 ) (26)

Step 4 (Convergence check) This process is repeated until the
ismatch is within the acceptable range, i.e. less than 𝜖. This condition

ssures the convergence of the algorithm.
𝑚𝑖𝑠
𝑖,𝑡 ≤ 𝜖,∀𝑖 ∈ 𝑀 (27)

.3. Stage 3 — Detailed non-linear AC OPF for feasible solutions

As mentioned before, MG operations can be much closer to stability
imits due to the high-impact nature of extreme events, which leads to
he necessity to ensure no violation of technical constraints relating to
oltage, angle, and power losses. Solutions obtained from the linearized
C OPF algorithm in the first stage may not satisfy classical non-

inear power flow equations, even though computing efficiency can be
uaranteed. As such, a detailed non-linear AC OPF algorithm capturing
ll the technical constraints is employed in this stage to verify the
easibility of final optimization results and ensure no violations of
echnical constraints for accurate decision making. Specifically, the AC
PF algorithm can be formulated as a non-linear programming (NLP)
roblem without any integer variables, since the routing and scheduling
ecisions of MESSs at the current time step are obtained from the
irst stage. Additionally, the results of power exchange capturing the
nfluence of future time slots are obtained from the second stage via the
onsensus algorithm. Furthermore, the non-linear AC OPF algorithm
an be solved for each time step in a deterministic manner, which
nsures computing efficiency. The objective function in the third stage
an be found in (28), aiming to minimize the load shedding cost for the
urrent time step 𝑡.

3 =
∑

𝑏∈𝐿𝑏𝑢𝑠

𝑐𝑙𝑠𝑏 𝑃
𝑙𝑠
𝑏,𝑡 (28)

In more detail, the linearized power flow equations (i.e., (4)–(7))
re replaced by the typically non-linear power flow equations, which
an be found in (29)–(30). The quadratic constraint (12) related to line
apacity can directly be included in the model for accurate optimization
esults without any linearization technique. Constraints relating to
oltage and line capacity limits (11)–(12), generation limits (9)–(10)
nd (13)–(14), and power balance equations (2)–(3), will be the same
s those in the first stage, while constraints of power exchange limit
8) and MESS routing and scheduling characteristics (15)–(20) are not
ecessary for the third stage. As such, the non-linear model of a detailed
C OPF is formulated, which is used for the verification of decisions
7

n power exchange as well as MESS routing and scheduling. To ensure c
Fig. 3. Uncertainty modeling process of renewable energy sources and load profiles.

that solutions with good quality are found, a non-linear solver called
‘IPOPT’ is utilized to solve this operational problem [42].

𝑃 𝑒𝑥
𝑏,𝑡 =

∑

𝑝∈𝑁𝑏𝑢𝑠

𝑉𝑏,𝑡𝑉𝑝,𝑡(𝐺𝑏𝑝𝑐𝑜𝑠𝛿𝑏𝑝,𝑡 + 𝐵𝑏𝑝𝑠𝑖𝑛𝛿𝑏𝑝,𝑡), ∀𝑡 ∈ 𝑇 , ∀𝑏 ∈ 𝑁𝑏𝑢𝑠 (29)

𝑄𝑒𝑥
𝑏,𝑡 =

∑

𝑝∈𝑁𝑏𝑢𝑠

𝑉𝑏,𝑡𝑉𝑝,𝑡(𝐺𝑏𝑝𝑠𝑖𝑛𝛿𝑏𝑝,𝑡 − 𝐵𝑏𝑝𝑐𝑜𝑠𝛿𝑏𝑝,𝑡), ∀𝑡 ∈ 𝑇 , ∀𝑏 ∈ 𝑁𝑏𝑢𝑠 (30)

3.4. Uncertainty modeling

Uncertainties relating to renewable energy resources (e.g., PVs) and
load profiles shall be considered in the proposed rolling optimization
framework due to the highly unpredictable nature of extreme events,
since accurately updated forecasts over a long rolling horizon are
normally unavailable. This paper utilizes a scenario-based stochastic
programming approach to capture these uncertainties, including the
following two steps:

• Employ Monte-Carlo simulation to initialize a large number of
scenarios (e.g., 1000 scenarios) following Beta and normal distri-
bution functions, where PV and load profiles are associated with
5% and 3% errors respectively [35].

• Utilize the agglomerative hierarchical clustering approach
(bottom-up structure) with Ward’s linkage in the group for sce-
nario reduction [43], while considering an appropriate trade-off
between computing time and accuracy.

Finally, an uncertain set containing several scenarios with different
probabilities (e.g., 20 scenarios) can be obtained to represent the
uncertainties associated with PV and load profiles. The detailed process
of this uncertainty modeling approach can be found in Fig. 3.

As one of the most prevalent clustering techniques, hierarchical
clustering can formulate a hierarchy of clusters by utilizing a measure
of similarity between groups of data points [44]. For a pair of clusters
𝑘1 and 𝑘2, the distance measure 𝑑𝑘1 ,𝑘2 can be calculated as below:

𝑑𝑘1 ,𝑘2 =∥ 𝛤𝑘𝑙 − 𝛤𝑘2 ∥2
√

2𝑛𝑘1𝑛𝑘2∕(𝑛𝑘1 + 𝑛𝑘2 ), (31)

here 𝑛𝑘1 and 𝑛𝑘2 are the numbers of scenarios in clusters 𝑘1 and 𝑘2,
𝑘𝑙 and 𝛤𝑘2 represent the centroids of clusters 𝑘1 and 𝑘2, and ∥ ⋅ ∥2
orresponds to the Euclidean distance.
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Fig. 4. Network structure of the MG cluster utilized in case studies.
After obtaining these clusters, the medoid point of each cluster
is selected to represent one of the final scenarios. Given the initial
scenarios have the same probability of occurrence, the weight of each
cluster (i.e., the occurrence probability of each final scenario) can be
calculated as the ratio of the number of initial scenarios that belong to
the cluster and the number of total scenarios [43].

4. Case studies

The stochastic distributed control approach described in the previ-
ous section has been applied to the networked MGs illustrated in Fig. 4;
note that these MGs switch into islanded mode after extreme events
and connect with each other for power sharing. Each MG includes
a conventional generator (e.g., diesel generators), a PV, and a MESS
as energy resources. Solar irradiation and load profiles utilized in the
following case studies are illustrated in Fig. 5, where the data are
extracted from [45]. Conventional generators in these three MG have
capacities of 150 kW, 350 kW, and 100 kW, respectively. As far as the
MESSs are concerned, each MG includes one MESS containing a typical
low-energy and low-power battery (i.e., 50 kW/200 kWh), which is ini-
tially deployed at bus 3 of each MG. Through the extensive analysis of
the following case studies, the paper addresses fundamental modeling
challenges pertaining to the distributed operation of networked MGs
with mobile units. All case studies have been run on an Intel i7-8700u
processor using 8 GB RAM.

As mentioned before, the key focus should be on critical load
restoration during extreme events; hence, the discrimination of critical
and non-critical loads is captured in the following case studies. For in-
stance, critical loads could be lights and lift motors in a small-scale MG,
while non-critical loads might be kitchen and toilet appliances [46].
This paper assumes that around 30% of the loads are critical with high
curtailment costs, while other loads are non-critical with relatively low
curtailment costs. Specifically, critical loads are located at bus 3 of each
MG in the cluster, while non-critical loads are located at bus 4 and bus 5
of each MG. Regarding uncertainty modeling, a total of 20 scenarios are
generated to represent uncertainties relating to RESs and load profiles.
The sets of uncertainties in MG 1 are illustrated in Fig. 6. Additionally,
the network status after the event (i.e., contingencies) can be found in
Table 1. It is worth noting that this paper assumes severe damage in
each MG to mimic the high-impact nature of extreme events.
8

Table 1
Contingencies in the investigated MG cluster.

MG 1 MG 2 MG 3

Line outages line 1–3, 3–4 line 2–4, 2–5, 3–4 line 1–5, 3–4, 4–5

Table 2
Critical and total load shedding in the MG cluster under the proposed
distributed control approach.

Critical load shedding (kW) Total load shedding (kW)

MG 1 1.36 210.78
MG 2 0 155.92
MG 3 0 1392.86

4.1. Case study I: Results of MESS routing and distributed control

In this subsection, optimization results using the suggested dis-
tributed control are demonstrated, where Table 2 illustrates the results
of load shedding in each MG including both critical and non-critical
load shedding. Note that there is only minimal critical load shedding
in MG 1, while other MGs have no critical load shedding. Table 1
shows that line outages happening in MG 1 are both related to bus 3,
which is connected with critical loads, while MG 2 and MG 3 only have
one faulted line connected with bus 3; hence, critical load shedding is
indeed expected in MG 1. As shown in Fig. 5, MG 3 has the highest load
level and the relatively low generator rating that leads to the largest
total load shedding, while MG 2 has the lowest total load shedding
due to the largest generator rating. Load shedding on an hourly basis
is illustrated in Fig. 7. More intensive load shedding is caused in
networked MGs during the period of peak load level (e.g., 10–15 h).

The time-coupled routing behaviors of MESSs in each MG can be
found in Table 3. In general, MESSs travel back and forth between bus
0 connecting the generator and other buses connecting loads towards
load restoration. Note that the suggested rolling optimization can con-
sider the mobility and flexibility of MESSs during a long scheduling
horizon, compared with hourly resolutions which cannot capture the
flexibility of MESSs. Fig. 8 corresponds to the charging and discharging
characteristics of MESSs in each MG. To further exhibit the merits of
MESSs on load restoration, a comparative case study between MESSs
and ESSs is suggested in this subsection, where both MESSs and ESSs
have the same power capacities and energy capacities. Table 4 reports
the optimal results of using MESSs and ESSs for resilience enhancement
respectively. It can be found that MESSs obtain much less total load
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Fig. 5. Load and PV profiles in the MG cluster.

Fig. 6. Uncertainty sets of load and PV profiles in MG 1.

Fig. 7. Hourly load curtailment in the MG cluster under the proposed distributed control approach.
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Table 3
MESS routing behaviors inside each MG under the proposed distributed control approach.

MGs Time (h)

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

MG 1 3 3 3 T 5 5 5 5 5 5 T 0 0 0 0 T 5 5 5 5 5 5 T 0
MG 2 3 T 0 T 5 5 5 5 5 5 T 0 0 0 0 T 5 5 5 5 5 5 T 0
MG 3 3 T 0 0 T 5 5 5 5 T 0 0 0 0 T 5 5 5 5 T 0 0 T 5
Fig. 8. Charging and discharging characteristics of MESSs in the MG cluster.
Fig. 9. Power exchange results and the iteration of power mismatch for 𝑡 = 0 under the suggested distributed control approach.
Table 4
Comparison between MESSs and ESSs including load shedding quantities
and costs.

Critical load
shedding (kW)

Total load
shedding (kW)

Load shedding
cost (k£)

MESSs 1.36 1759.56 264.07
ESSs 56.73 2257.04 344.23

shedding cost due to the mobility merit. Additionally, much critical
load shedding is avoided when MESSs are employed for resilience
enhancement.

Fig. 9(a) illustrates the power exchange results from the consensus
algorithm, while Fig. 9(b) exhibits the iteration of power mismatch
among these MGs for 𝑡 = 0. After extreme events, all MGs switch into
slanded mode and the generator in MG 2 has the largest capacity,
hich triggers the power flow from MG 2 to the other two MGs.
10

dditionally, Fig. 5(a) shows that MG 3 has the highest load level,
therefore receives significantly more power from MG 2 than MG 1
does.

The advantage of the detailed non-linear AC OPF algorithm can
be found in Fig. 10. Voltage profiles of bus 3 in all three MGs are
restricted within the range of voltage limits (e.g., 0.9–1.1 p.u.). This
is important, as typical energy management systems found in the
literature would not capture the voltage constraints; this would lead to
violation of technical requirements. Even though the voltage constraint
of the suggested non-linear OPF may negatively impact the operational
cost for keeping voltages stable, it can capture realistic optimization
results and ensure secure MG operations; a highly important feature as
we move in broad decentralization.

4.2. Case study II: Effect of limited generation resources

The above case study assumes that generation resources are un-
limited, which is the reason that there is consistently power sharing
between MGs as shown in Fig. 9(a) and there is almost no critical load

shedding in each MG. However, as mentioned before, the generation
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Fig. 10. Voltage profiles of bus 3 in the MG cluster.
Table 5
Critical and total load shedding in the MG cluster under limited
generation resources.

Critical load shedding (kW) Total load shedding (kW)

MG 1 56.18 580.79
MG 2 0 107.09
MG 3 9.78 1962.20

resources can be limited during extreme events, because of the potential
disruption of the energy supply chain. In this case study, the effect of
limited generation resources on optimal results is exhibited, where it is
assumed that MG 1–3 only have 3500 kWh, 10000 kWh, and 5000 kWh
available resources during the event, respectively.

Results of final load shedding of the MG cluster can be found in
Table 5. It is shown that critical load shedding is caused in MG 1 and
MG 3, while total load shedding in every MG has significantly increased
compared with the results in the case study above. The reason can
be found in Fig. 11(a), which exhibits the final power sharing results
among MGs. In the first 12 hours, there is a large amount of power
supply from MG 2 to other MGs. However, after this time period, the
intensity and frequency of power sharing among MGs reduce a lot,
leading to much larger load shedding in MG 1 and MG 3. This is because
the suggested stochastic distributed control approach based on rolling
optimization always considers a complete scheduling horizon (e.g., the
next 24 hours). As such, after around 12 hours, MG 2 tends to distribute
its generation resources for its own future usage (i.e., reducing load
shedding) rather than using them for power sharing, which causes
a reduced amount of power sharing. Fig. 11(b) illustrates that there
is much more load shedding caused in MG 1 and MG 3 in the last
10 hours.

4.3. Case study III: Non-cooperative behavior of MGs

The main difference between networked MG systems under central-
ized control and distributed control is the protection of MG privacy
and localized decision making. As suggested in [19], MGs may try
to manipulate certain operating limits to further improve their own
benefits (e.g., reducing operational cost), which is categorized as non-
cooperative or dishonest behavior. Especially during extreme events, it
may be reasonable for a certain MG to maintain higher levels of energy
under its own territory for self-protection by reporting wrong values of
power exchange limits.

The three-stage model developed in this paper can simulate the non-
cooperative behaviors of MGs via a simple method explained hereafter.
Let us assume that MG 2 may tend to reduce power export to the other
MGs, since it has a conventional generator with a large rating and may
be reluctant to share more energy with other MGs during an event. In
this case, MG 2 may choose to report lower values of power exchange
limits 𝑇 𝑚𝑎𝑥

𝑖𝑗 (e.g., from 150 kW to 100 kW or 50 kW), which will have a
ignificant influence on optimal results of power exchange among MGs
nd final results of load shedding cost. As expected, Fig. 12 illustrates
11
Table 6
Comparison of load shedding costs and computing time under different
rolling horizons.

Load shedding cost (k£) Computing time for one step (s)

5 h 283.02 0.76
15 h 253.20 6.67
24 h 264.07 29.04

that load shedding cost has largely increased when MG 2 reduces its
power exchange limitation from 150 kW to 100 kW or 50 kW. Fig. 13
corresponds to the power exchange results under the non-cooperative
behavior of MG 2, which exhibits that less power can be imported into
MG 1 and MG 3.

5. Discussion

5.1. Sensitivity analysis investigating the influence of different rolling hori-
zons

This section illustrates, through an appropriate sensitivity analysis,
the influence of different rolling horizons on optimal results of the
proposed three-stage distributed control scheme; refer to Table 6. On
one hand, selecting a very short rolling horizon (e.g., 5 h) may not
sufficiently capture information regarding future uncertainties, which
can lead to increased load shedding costs. On the other hand, if a
long rolling horizon (e.g., 24 h) is selected, MGs may be convinced
to share their resources conservatively which can cause slightly more
load shedding, compared with a slightly shorter horizon (e.g., 15 h). All
three scenarios shown in Table 6 can be efficiently solved on an hourly
basis via commercial softwares, while a longer scheduling horizon
can lead to longer computing time; note the exponential increase in
computing time. Additionally, it shall be mentioned that the selection
of the rolling horizon is empirical and shall be appropriately decided
according to realistic scenarios. For instance, a longer rolling horizon
could be used to better capture future uncertainties, if the event was to
last for a long period (e.g., several days).

5.2. A comparison between different control approaches

To further verify the advantages of the proposed three-stage stochas-
tic distributed control approach on timely load restoration, a detailed
comparison among different methods are conducted in this subsection,
including two benchmark methods: (1) a deterministic time-coupled
centralized control approach without rolling optimization, assuming
perfect information of RESs and load profiles; (2) a stochastic cen-
tralized control approach within the rolling optimization framework
(24 hour rolling horizon), capturing the uncertainties associated with
RESs and load profiles.

Table 7 summarizes the load shedding cost and the computing
time of three different control approaches. It can be observed that
the deterministic centralized control approach achieves the lowest load
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Fig. 11. Power exchange among MGs and hourly load curtailment in the MG cluster under limited generation resources.
Fig. 12. Load shedding cost under the non-cooperative behavior of MG 2.
Fig. 13. Power exchange results among MGs: (a) under 50 kW exchange limit of MG 2, (b) under 100 kW exchange limit of MG 2.
hedding cost because of the assumption of perfect uncertainty infor-
ation; nevertheless, this assumption is normally unrealistic. However,

t can also be found that the load shedding cost (264.07 k£) obtained
rom the proposed distributed control approach is very close to two
entralized control approaches, i.e., 5.71% higher than deterministic
12
centralized control (249.81 k£) and 2.30% higher than stochastic cen-
tralized control (258.14 k£). Regarding the computing time, it can be
observed from Table 7 that the proposed stochastic distributed control
approach obtains the shortest computing time 29.04 s, while deter-
ministic centralized control and stochastic centralized control obtain
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Table 7
Comparison of load shedding costs and computing time under three different control
approaches.

Load shedding
cost (k£)

Computing time
for one step (s)

Deterministic centralized control 249.81 150.32
Stochastic centralized control 258.14 3102.33
Proposed distributed control 264.07 29.04

150.32 s and 3102.33 s respectively. The reason is that MG operations
in the first and third stages of the suggested three-stage approach
are formulated in a decentralized manner and then run in parallel,
which largely reduces the computational burden. It is worth noting
that achieving fast response and timely load restoration is important
for the resilience enhancement of networked MGs due to the high-
impact and unpredictable nature of extreme events. This comparative
analysis demonstrates the merits of the proposed approach in terms of
load restoration and computing efficiency, which becomes significantly
important in energy systems with high penetration of DERs that should
be managed as close to real time as possible.

6. Conclusions

In this paper, a three-stage stochastic distributed control approach
based on rolling optimization is suggested to enhance the resilience of
networked MGs with MESSs. Specifically, a stochastic linearized AC
OPF algorithm is utilized in the first stage to capture the influence
of uncertainties relating to renewable generation resources and load
profiles as well as the flexibility of MESSs and power sharing among
MGs. A consensus-based algorithm is employed in the second stage to
obtain the final results of power sharing among interconnected MGs,
and finally a detailed non-linear AC OPF algorithm constitutes the
third stage towards capturing technical constraints regarding stability
properties and obtaining accurate optimization results. Overall, the
suggested three-stage approach provides benefits over other distributed
control approaches found in the literature, as it can capture uncer-
tainties, MESS routing and scheduling characteristics as well as ensure
computing efficiency. Additionally, this approach can be applied in
different networked structures including both radial and meshed net-
works. Load distinction into critical and non-critical, the limitation of
generation resources, and the non-cooperative behaviors of MGs are
appropriately considered in case studies to capture realistic scenarios
and verify the effectiveness of the suggested three-stage distributed
control approach.

In more detail, there are three key findings observed from the case
study results: (1) the proposed stochastic distributed control approach
can effectively avoid critical load shedding while ensuring a fast re-
sponse to potential extreme events; (2) MESSs can coordinate with the
MG cluster via their routing and scheduling characteristics for more
effective load restoration; (3) the potential risks of limited generation
resources and non-cooperative behaviors of MGs can lead to more
conservative power exchange behaviors and then cause more load shed-
ding. Future work may focus on the resilience-oriented coordination
problem of different mobile power resources in the context of decentral-
ized networked MGs, including MESSs, mobile emergency generations,
repair crews, and even electric vehicles. It may also be interesting to
develop a more comprehensive resilience-oriented operation model for
networked MGs, involving the preventive stage, corrective stage, and
restoration stage.
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