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ABSTRACT With the increased occurrence of various major extreme weather events, power outages and
prompt power system restorations have recently drawn more attention to the resilience and recovery of power
systems. From the perspective of a more resilient power delivery at the distribution grid, system restoration
using network topology reconfiguration together with optimal scheduling of distributed energy resources
are adopted in this paper. The proposed optimization model aims at minimizing the total load shedding cost
and other operational costs, in which linearized topological constraints borrowed from graph theory and
linearized DistFlow models are respectively used to maintain the radial network topology and power flow
balance after system contingencies. To demonstrate the applicability of the proposed strategy, a real-world
case study of a networked three-microgrid system in Adjuntas, Puerto Rico, is used with the consideration of
different independent/interconnected microgrid scenarios, contingencies, and fairness settings. Furthermore,
hardware-in-the-loop testing is conducted for the same three-microgrid network, where the closely matched
results with the simulated ones have validated the effectiveness of the proposed restoration strategy, which
is now ready to move one step forward towards field deployment. Finally, to test the proposed restoration
strategy in a larger networked system, the modified IEEE-33 bus test distribution system is considered, and
the results show a more resilient power delivery for critical loads under three and four line outages.

INDEX TERMS Power grid resilience, system restoration strategy, networked microgrid, network topology
reconfiguration, optimal asset scheduling, hardware-in-the-loop testing.

NOMENCLATURE nv,ne, na  Efficiency of PV, battery charging, discharg-
Apt, Agt Real power, reactive load shedding at bus. ing.
APV z PV curtailment, binary line status. v, x, S Resistance, inductance, thermal limit of line.
e, 0y Max coefficient of battery charging, dis-
charging.
The associate editor coordinating the review of this manuscript and GG Upper, lower limit of micro-turbine
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U,D Upper limit of ramping up, down.

v,V Upper, lower limit of voltage.

7 (7), 6(j) Set of parent, child bueses of bus j.

P, € Degradation cost, loss cost of power flow.

oy, Op Min, max state-of-charge of battery.

CcY, ct Cost of micro-turbine and load shedding.

CcV, Sol PV curtailment cost, solar radiation.

ec, ed Charging, discharging power of battery.

ev, eb Actural PV power usage, battery level.

Fij,v Flow of branch jj in fictitious network,
voltage at bus.

N,A,L Set of total buses, islanded buses, lines.

Ng, Ny, Np Set of buses with generator, PV, battery .

P, IB Real power load, initial battery energy level.

p°, g Power output of micro-turbine, shunt capac-
itor.

pN , qN Real, reactive power injection at bus.

of . af Real, reactive power flow of line.

0,SH Reactive power load, capacity of shunt
capacitor.

SV, SB Size of PV panel, energy capacity of battery.

t,i/j Index of time, bus (i # j).

I. INTRODUCTION

A. BACKGROUND

Since the U.S. Energy Information Administration began
collecting electricity reliability data in 2013, electricity
customers in the U.S. experienced, on average, just over
eight hours of electric power interruptions annually, while
taking major events into account. When major events
(hurricanes, snowstorms, wildfires, etc.) are excluded, the
average interruption duration was around two hours con-
sistently from 2013 to 2020 [1]. Different factors cause
power interruptions, including extreme weather, vegetation
patterns, utility practices, cyberattacks, etc. It is reported that
about 83% of major outages in the U.S. between 2000 and
2021 were attributed to weather-related events, which are
expected to intensify as the climate warms [2]. The average
annual number of weather-related power outages increased
by roughly 78% in the decade of 2011-2021 as compared to
the decade of 2000-2010.

In recent years, the 2021 Dixie wildfire was caused by the
blowing of two fuses when a tree (Douglas fir) fell on an elec-
trical distribution line [3], which led to outages that affected
around 20 counties in northern California. The rare winter
storm Uri in 2021 impacted 25 states, in which Texas was hit
the hardest [4]. At least 210 deaths were caused by the storm,
and the related financial losses were over $120 billion [5].
Due to the freezing temperatures, electricity generators began
experiencing outages, and controlled blackouts occurred to
reduce energy usage. Multiple factors caused those extended
blackouts, including that the Electric Reliability Council of
Texas (ERCOT) underestimated the peak demand by nearly
14%, and weather forecasts misjudged the severity and timing
of the storm [6], [7]. Although not the most severe Texas
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winter storm on record, Uri caused the most loss of electricity
and narrowly missed a catastrophic failure that could cause a
total blackout throughout the state [6].

On Sep. 6, 2017, hurricane Irma (Category 5) struck
Puerto Rico and caused 1.1 million customers losing power.
Only two weeks later, hurricane Maria (Category 4) made
landfall in Puerto Rico, and satellite images showed 80%
decrease in lighting immediately [8]. Maria has caused
the longest blackout in the U.S. history. The increasing
occurrence of various major events and their catastrophic
power outage consequences have drawn more attention to the
resilience and recovery of power systems. On Sep. 18, 2022,
hurricane Fiona has made landfall in Puerto Rico [9], which
triggered an island-wide blackout for nearly 1.5 million
customers.

Although various definitions and metrics for reliability
and resilience have been suggested in literature, the broadly
agreed upon understanding is that reliability usually takes
binary functional or failed view on the system [10], whereas
resilience, which is derived from the Latin word, resilio [11]
and means to “spring back’’, commonly refers to the ability of
a system to recover from disruptive events. Network system
planning in power systems usually addresses enhancing the
reliability of the system, where the objective is to maintain
the supply of electricity under traditional contingencies
such as the loss of generation, loss of transmission line,
or a substation trips off. For example, from a practical
operational perspective, the most widely used reliability
protocol is the ““normal minus one” (N-1) standard. A power
system can be described as being N-1 secure when it is
capable of maintaining normal operations in the event of a
single contingency event, such as the unplanned loss of a
transmission line, generator, or transformer.

On the other hand, resilience encompasses additional
concepts - preparing for, operating through, and recovering
from significant disruptions, no matter what the cause is. It is
about the ability to withstand extreme or prolonged events.
The main characteristics of reliability and resiliency can be
distinguished from respectively the (high, low) probability
and (low, high) impact of a disruptive event. Such an impact
affects restoration time, outage duration, fault number, main
objective of concerns, evaluation indices, etc. [11]. In extreme
events, the operator probably won’t be able to manually
determine in a timely manner what switching lines (tie
lines and sectionalizing lines) that need to be closed or
opened together with optimizing the power generation of
the available distributed energy resources (DERs) in the
system, especially for a relatively large system. However, this
can simply be performed using a comprehensive, optimized
restoration strategy that can be implemented in real time to
minimize the load shedding in the system.

B. RELATED WORKS AND LIMITATIONS

Associated with an extreme event, grid conditions can be
categorized into four states: prevention, degradation, restora-
tion, and adaptation states [12]. The grid functionality forms
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aresilience triangle or trapezoid curve depending on whether
restoration action is implemented promptly or not after the
degradation state. Different approaches have been proposed
to model and improve the restoration process and estimate the
restoration time, e.g., statistical modeling [13], [14], agent-
based simulations [15], and optimization approaches [16],
[17]. Note that about 90% of all outages occur at the
distribution system level [18].

From the perspective of preparedness and resilience
enhancement for power distribution systems, several studies
on pre-event planning and immediate post-event responsive
operation have been introduced in literature and grouped
into four categories: (1) hardening strategies on the power
infrastructure [19], [20] [21], [22], (3) providing power
to the affected areas using mobile generation resources as
backups [23], [24] [25], [26], (4) reducing flexible loads
using demand response programs [27], [28] [29], [30] [31],
and (5) reconfiguring the topology of the distribution network
and dynamic forming of microgrids (MGs) after outage
events [32], [33] [34], [35] [36], [37] [38]. A brief review of
these four proposed resilience solutions is presented next.

To strengthen power distribution systems against natural
calamity, hardening strategies on the power infrastructure
have been employed in accordance with need. “Infras-
tructure hardening should not come only as a result of
storm damage and teardowns, but as part of a regular
maintenance schedule” [19], [39]. Infrastructure hardening
and condition-based maintenance scheduling are integrated
together for critical components of the power systems by
Markov decision processes, and the system survival functions
against hurricanes are derived as a dynamic stress-strength
model in the framework of [19]. Two hardening strategies
have been modeled depending on the infrastructure type
and its geographical location: with femporary effect (e.g.,
repeated vegetation trimming in a specific time period)
and permanent effect (e.g., undergrounding of transmission
lines, pole reinforcing, installation of spacer cables and
cutout-mounted reclosers). A hybrid physics-based and
data-informed Monte Carlo simulation model is presented
in [20] to improve the prediction capability on power
outages while capturing the parameters related to the power
infrastructure. The proposed model is calibrated using
historic power outage data, and pole replacement is used as
demonstrative hardening case studies for the methodology.
A tri-level defender-attacker-defender model is built in [21]
to optimize the line hardening plan, where at the first level the
defender makes hardening decision, the attacker makes the
worst damage at the second level, and at the third level
the system operator takes operational resilience strategies
such as islanding formation and topology reconfiguration to
reduce load shedding. The life-cycle resilience analysis of
power distribution systems requires tracking the reliability
of utility poles over time [22]. Thus, the long-term resilience
maximization problem of a distribution system is formulated
in [22] as a Markov decision process and solved using deep
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reinforcement learning framework integrated with a novel
risk-based ranking strategy. The obtained optimal hardening
strategy is applied for a large power distribution system
consisting of over 7,000 poles. Comparison results show that
the cumulative expected resilience of a power distribution
system can be improved by about 30% with respect to the
U.S. National Electric Safety Code over 100 years period of
planning horizon.

Another straightforward countermeasure to deal with
potential disastrous threats in power distribution systems is to
provide power by mobile generation resources. Mobility-as-
a-service for resilience delivery in power distribution systems
has been investigated in [23]. The developed optimization
model coordinates the mobile power sources utilization
with repair crew schedules in consideration of both energy
and transportation networks. The results show potential in
boosting resilience and operational endurance of mission-
critical systems. To increase both the survivability and
restoration capabilities of a distribution system, a two-stage
stochastic mixed-integer model is constituted in the first
stage to pre-position crews and mobile emergency generators
to hasten post-event operations, which are simulated using
scenario generation in the second stage [24]. Since manually
changing the switches is a time-consuming action, finding
the switching sequence considering crew team’s travel time
is critical in the first stage operation. Energy storage systems
(ESS) are validated as back-up resources during events, but
they are often installed at locations with greatest economic
value during normal operations [25]. In addition to stationary
ESS, a two-stage stochastic second-order conic program is
proposed in [25] to optimize the investment/installment of
mobile ESS units in the first stage and re-route these storage
units to form dynamic MGs in the second stage for the
purpose of reducing load shedding. A progressive hedging
algorithm is applied for solving the model. A novel idea of
separable mobile ESS (vehicle carrier and storage modules)
is proposed in [40], hence, the vehicle carrier, storage
module, mobile emergency generators, and fuel tankers (to
feed generators) are jointly routed and scheduled throughout
the distribution system. Being an essential mobile storage,
an on-call electric vehicle fleet is integrated in a resiliency-
driven multi-step restoration strategy in [26] for a seismic
event. The random characteristic of the event is generated
by Monte Carlo simulation, and the stochasticity of electric
vehicle mobility (number and location) in the related zone
is forecast by learning-based analysis (Prophet Algorithm
developed by Facebook). Numerical results have shown that
the load restoration is increased within a range of 71%-
95% depending on event duration/location, available electric
vehicles, and socket number.

Another operational strategy for improving resilience is to
reduce the flexible load by demand response programs, which
can reveal and utilize the demand flexibility by enabling the
participation of a large number of grid-interactive efficient
buildings (GEB). To leverage the flexibility of demand
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response in a distribution service restoration, a three-step
framework is proposed in [27] by modeling three opti-
mization problems to 1) determine the feasible controllable
aggregated load for each bus in the network, 2) determine
buses to perform demand response with the load target,
and 3) maintain load target in each household via home
energy management. A case study on the IEEE 123 bus test
system showed improvement in resilience in terms of energy
restored. The work in [30] introduced a scalable hierarchical
transactional control strategy, where a Stackelberg game in
the upper layer and a model-free controller in the lower
layer are used to optimally schedule GEB loads (e.g.,
HVAC units and water heaters) to support grid services. The
effectiveness of the proposed transactional control strategy
was demonstrated through a large-scale case study including
10,000 GEB, and the results showed improved system
resiliency. A data-driven, distributed version of the same
hierarchical transactional control strategy, which leverages
concepts from machine learning, game theory, and model-
free control, was proposed in [31].

Besides infrastructure hardening, additional mobile
backup generation, and demand response, another main
research stream has focused on boosting resilience of
distribution systems by network topology reconfiguration
and dynamic MG formation under outage events. A soft
open point is an emerging power electronic device to
realize such reconfiguration by connecting feeders or
networked MGs [32]. After line faults, the reconfiguration
is implemented by switching tie lines and sectionalizing
lines [33] while maintaining radial network topology to
minimize load shedding and accumulative operation cost.
This topology reconfiguration based outage management
strategy outperforms MG formation approaches [34] when
the distribution system has several normally-open tie lines
and low penetration of DERs. A multi-step probabilistic
model is designed to simulate the storm impact based on
the geographic information of the distribution grid and the
strength of its components (e.g., poles). Then, the optimal
placement of switches along with distributed generation units
are studied from the perspective of resilience of distribution
systems [35]. To expand the coverage of distributed
generation units, the MG formation problem is optimized in
real-time operation by controlling the automatic switches and
generation output to maximize the total served critical loads
while satisfying self-adequacy, topological and operational
constraints [36]. Furthermore, an adaptable directed multi-
commodity flow-based microgrid formation model is utilized
in [41] to restore the integrated electricity and gas network
after an event landfall, considering distributed generators,
power-to-gas facilities, and the rescheduling of generation
units as operational resources.

The communication challenge under natural disasters has
also been coped with by designing a distributed multi-agent
coordination scheme via local communications. A method-
ological framework to dynamically change the boundaries of

VOLUME 13, 2025

MGs is developed in [37] by determining the operating modes
of distributed generators and the on-off statuses of smart
switches to aid fault isolation and load restoration. The pro-
posed framework is thoroughly investigated with respect to
feedback control of synchronous generators, maintaining fre-
quency and voltage levels. A systematic method is presented
in [42] to segment parts of the power distribution system into
several microgrids with flexible boundaries, allowing them
to merge and reconfigure dynamically to ensure maximum
supply to critical loads. The deep reinforcement learning
method in [38] is designed for topology transformable
MGs, where the online dynamic multi-microgrid formation
problem is formulated as a Markov decision process. Since
the essence of the reconfiguration is to find all spanning
forests, the solution space is exponentially increasing due
to the flexible switching operations. Hence, a topology
transformation method and action-decoupling Q-value are
applied to satisfy radial topology requirement and reduce the
possible action space efficiently. A holistic optimal topology
design framework is proposed in [43], comprising six stages:
generating network topologies, optimizing asset placement,
assessing stability, analyzing post-outage flows, quantifying
resilience metrics, and ranking topologies. This approach
aims to address gaps in microgrid topology planning by
ensuring both stability and resilience through a detailed
evaluation of various topologies.

Lastly, a limited number of works presented hardware
prototype/field testing and validation of the various restora-
tion strategies in more realistic environments. The known
demonstrations that practically validate coordination and
control methods for individual MGs include 1) the Smart
Power Infrastructure Demonstration for Energy Reliability
and Security (SPIDERS) programs [44], which aim to
provide highly reliable and resilient power to military bases;
2) the Portland Gas and Electric project [45] in Salem,
Oregon, which is part of the Pacific Northwest Smart Grid
Demonstration Project; 3) the Santa Rita jail project [46],
which allows the jail to disconnect from the grid seamlessly
and quickly and run islanded for extended periods; 4) the
University of California, Irvine (UCI) campus MG [47],
which aims at testing how MGs operate internally as well
as how they interface with the rest of the future smart grid;
5) the Borrego Springs MG [48], which serves a community
of 2800 customers and exemplifies an “unbundled utility
MG,” where distribution assets are owned by the utility,
but the DERs are owned by independent power producers
and customers; and 6) the Illinois Institute of Technology
MG [49], which was designed and built to be the world’s
first self-healing and efficient smart MG distribution system
with enhanced reliability, new sustainable energy sources,
and smart building automation technologies.

As a result, sizable research has been conducted on
resilience enhancement of power distribution systems and
MGs from different aspects in seeking power infrastruc-
ture modernization, event impact mitigation, and quick
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post-event recovery. However, existing literature misses
three crucial points: (1) Almost all existing literature
focuses on system modeling and algorithm development
with simulation-only testing and validation. Only few works
present hardware prototype/field testing and validation of
the various coordination and control strategies in realistic
environments. Furthermore, these limited number of works
have not explicitly addressed the resiliency aspect of distri-
bution/microgrid systems. (2) Most of the proposed models
and optimization restoration strategies are complex and
computationally expensive, requiring large computational
resources and thus cannot be implemented in real-time.
(3) Most of the proposed models and optimization restoration
strategies are not comprehensive, i.e., they do not consider all
the various power system aspects together such as topology
reconfiguration, power flow, line and voltage limits, as well
as the various DERSs, such as photovoltaic (PV) generation,
ESS, micro-turbines (MTs), and demand response.

C. PROPOSED WORK AND MAIN CONTRIBUTIONS
Motivated by the aforementioned limitations, this study
bridges such gaps by introducing a real-world case study
and a hardware-in-the-loop (HIL) testing and validation for
the proposed comprehensive optimal network reconfiguration
and asset scheduling restoration strategy to improve distri-
bution systems and MGs resilience during extreme events
such as hurricanes. The proposed strategy makes use of the
available switches and different types of dispatchable and
non-dispatchable DERs. It is comprehensive by considering
network topology reconfiguration, power flow, PV gener-
ation, ESS, MTs, shunt capacitors, and demand response.
Linear topological constraints borrowed from the graph
theory literature are used to ensure radial network topology
after contingencies, perhaps in multiple islands. Several
simulations and HIL testing case studies are conducted for a
real-world 3-MG network located in Adjuntas, Puerto Rico to
verify the effectiveness of the proposed restoration strategy.
HIL testing allows for real-time verification and accounts
for the nonlinear system dynamics and communication
delays that are typically ignored in offline simulation-only
environments.

In a nutshell, the main contributions of the research
presented in this paper are highlighted as follows:

1) The proposed restoration strategy is tested using HIL
test platform and real data collected from a real-word
3-MG network system in Adjuntas, Puerto Rico to
demonstrate its effectiveness and move the current
theoretical optimization one step towards actual field
deployment. The testing considers several scenarios
under different contingencies, independent/connected
MGs conditions, daily/weekly runs, battery operation
fairness, etc. The restoration strategy is further tested
on a larger system using the modified IEEE 33-bus
distribution network.
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2) A comprehensive network reconfiguration and asset
scheduling restoration strategy is developed that is fully
linear and thus can easily be implemented in real time.

D. PAPER ORGANIZATION

The organization of this research is as follows. In Section II,
the mathematical model for the proposed comprehen-
sive optimal network reconfiguration and DER scheduling
restoration strategy is derived. In Section II1, the effectiveness
of the proposed restoration strategy is demonstrated using
HIL testing on the real-world 3-MG system in Puerto Rico.
In Section IV, the modified IEEE 33-bus distribution system
is used to further validate the proposed restoration strategy
on a larger network. Finally, the conclusions are drawn in
Section V.

Il. MATHEMATICAL MODELING OF THE PROPOSED
RESTORATION STRATEGY
In this section, the proposed optimal network reconfiguration
and asset scheduling restoration strategy is presented. The
optimization objective function together with the operational
constraints for distribution systems/networked MGs are
developed, including the constraints for the network topology
as well as the operational constraints for the available DERs,
such as MTs, solar PV panels, battery ESS, and line power
flows.

(1) Objective function

min Cyy
= Zi,t [CG 'sz + CiL : Apl!:t
+CY - Apf +p-(eci+edi)]+ € pfF, (D

The objective function of the proposed operation model is to
minimize the total system cost, which consists of the total
MT generation cost, the total load shedding cost, the total PV
curtailment cost, the total battery degradation cost, and the
total power line loss cost. Here, for the sake of conciseness,
the total power line loss cost is simplified to be dependent on
the quadratic real power flow in the last term of Eq.(1). This
quadratic term can be approximated by an absolute value term
and then linearized, or it can directly be piecewise linearized.
(2) Network topology & line switching constraints

ZijZij:|N|—l—|A|, VijeL (2)

2kesg) Fik — 2ienp Fi=—1L Ve N =95),j#1 (3)

2 kesy Fik — 2ieny Fii =0, Vi €A @)
zkeg(/)F}'k=|N|_1_|A|aj=1 (5)

—My -z < Fj < M-z, VijelL (6)

When line faults occur, the center controller wants to
reconfigure the network to a new radial topology that mini-
mizes the required load shedding considering the line thermal
limits, bus voltage limits, and other physical constraints of
DERs. Normally, the distribution power grid has ‘‘radial

structure”’, which is also defined as a tree (connected graph
without cycles) in a directed graph. In order to represent the
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network topology, a lossless fictitious network is introduced
here, similar to [33] and [50], where each non-source bus
is assumed to have the unity load demand 1.0, as shown in
Figure 1. Eqgs.(2)-(6) are used to define such radial topology
based on graph theory.

Eq.(2) defines the total number of closed lines as the
total number of non-source buses minus the islanded buses,
where |.| represents the dimension of a vector. An islanded
bus means that it cannot be reached from a source bus. For
example, if lines (4,5) and (5,6) in the fictitious network in
Figure 1 are tripped, then bus 5 cannot be connected to the
source bus via the tie line (6,9). In this case, the set A = {5}.
If only one line (4,5) is tripped, then A = ¢. For a source bus,
Eq.(5) defines its total line flow number as the total number
of non-source buses minus the islanded buses. For non-source
buses and islanded buses, the line flow balance is respectively
defined in Eq.(3) and Eq.(4). z;; is a binary variable to indicate
whether the line switch is closed or not. M is a sufficiently
large number, it can be set as a number that is slightly larger
than the estimated maximum of Fj;.

2 Fxp 3 Fyu 4 5 6

1
I
o/ o0 0 X or
Source ° o o 1.0
node @ Fy ;

FIGURE 1. Example of a partially connected network under a two-line
fault.

(3) MT & PV generation constraints

G <pf, <G, VieNg 7)
Pft - pf,_l <U, VieNg )
Py —pf <D, YieNg )
eviy+ Ap, = SV - Sol -y, Vi € Ny (10)

For a bus with a MT, Eq.(7) constraints turbine power
output within its operational range, and Eqgs.(8)-(9) restrict its
ramp up and ramp down limit in each time step. Total solar
PV power generation and its actual usage (or curtailment) can
be estimated using Eq.(10). For more accurate PV generation,
we refer readers to [51], which considers the PV panel angle,
temperature, etc.

(4) Battery charging/discharging constraints

0<eci; <SB;-w. Yie Np,t (11)

0<edi; <SB;-ag, Vie Np,t (12)

SB; - oy, <eb;; <SB;-up, Yie Np,t (13)

ebj1 =IB; 4 (ec;1 —ed;1) - At, Yie Np (14)

ebj; —ebj;_1 = (eciy —edi;)  At, Yie Np,t (15)
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Battery operation is modeled by the group of constraints
Eqgs.(11)-(15) [28], [29]. Specifically, charging/discharging
energy of a battery in each time step is limited by its energy
capacity and corresponding maximum charging/discharging
coefficients in Eqgs.(11)-(12). Stored energy level should
always be within the allowable range determined by its energy
capacity and min/max state-of-charge (SOC) coefficient in
Eq.(13). Eqgs.(14)-(15) are the energy balance based on
charging/discharging activities. At is the hour length of each
time step, e.g., 1 hour, 1/4 hour (15 minutes), etc.

(5) Nodal power and flow balance constraints

PQII - Pft + evi,t + (Edi,l‘ *Nd — @Ci,t/nc)

— (Piy — Apl,), VieN,t (16)
4 =4 — (Qis — Agh), VieN,t (17)
P;f’ - Agh, = Apt, < Piy, YieN,t (18)
1,t
g =SH v}, ~SH-(2-vi; — 1), VieN,t
| | (19)
P;'Yz = Zke&g)l’ﬁk,t - Zien(j)pfij»l’ VieN,j#1
(20
qj]-Y; = Zkea(,') dfjk.t — Zien(j) dfiji, V€N, j# 1
21
—M> - zjj < pfijc <Mz -z, Yij €L (22)
—M> - zjj < qfij <Mz -z, VijeL (23)

In this group of constraints, Eqs.(16)-(17) define the nodal
real and reactive power injection balance, and Egs.(20)-
(21) provide real and reactive power flow balance based
on the linearized DistFlow method [33]. In Eq.(16), power
generation includes MT power generation, solar PV power
generation, and discharging power from the battery, while
power consumption consists of battery charging power and
power demand. Reactive power generation is mainly provided
here by shunt capacitors in Eq.(17). Eq.(18) expresses the
assumed relationship between the real and reactive power of
a load based on the power factor o estimated from historical
load profiles (% = —Z% ). The reactive power provided

1—02

by shunt capacitors is propolrtional to voltage squared, which
can be linearized by Eq.(19), since the bus voltage has a tight
range. Eqs.(22)-(23) further assert that there will not be power
flow through line (7, /) when the line is open.

(6) Voltage and line thermal constraints

V<vi;<V,VieN (24)
=My - (1 —zjj) < viy — Vv,
— (rij - pfij.e +xij - qfij.)/Vo, Vij € L
(25)
Vie — Vi — (rij - Pfije + X - qfij. )/ Vo
<M3-(1—zp), Vijel (26)
28 < N3 -pfyi+afj. <2-Sij ViieL (27)
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285 <~3-pfy —afije <2- Sy, Vije L (28)

=S8 < pfije < Sij, Vij €L (29)

The voltage upper and lower limits in Eq.(24) apply to all
buses except the slack bus (substation bus). The voltage drop
along the power line is defined in Eqs.(25)-(26), where Vj is
the rated voltage and usually set to be 1. If the line is closed
(zij = 1), the voltage drop can be calculated by the line power
flow and its resistance/inductance, otherwise, the voltage
drop is unbounded. Similarly, M, and M3 are sufficient large
numbers. Eqs.(27)-(29) are the piecewise linear version for
line thermal limits of distribution lines (pf2 +¢f% = $2) [33].

The formulated optimization problem in (1)-(29) is a
mixed-integer linear programming (MILP) model, which can
easily be solved using any MILP solving method such as
the standard branch-and-bound method [52]. In this paper,
the commercial solver Gurobi [53] is used for solving the
formulated MILP optimization model. It is highly efficient
in solving MILP models. Note that the average solving time
for a daily run of any use case in the 3-MG system is about
1.12 seconds. While the average solving time for a daily
run for any cases in the IEEE 33-bus test system is about
1.93 seconds. This shows that the formulated model can
easily be solved in a short period of time.

Ill. REAL-WORLD CASE STUDY & HIL TESTING OF THE
PROPOSED RESTORATION STRATEGY ON THE ADJUNTAS
3-MG SYSTEM IN PUERTO RICO

In this section, a real-world case study for a 3-MG network
located in Adjuntas, Puerto Rico is presented to test and
validate the proposed network reconfiguration and asset
scheduling outage management strategy using HIL testing.
Adjuntas is a small mountainside municipality in Puerto Rico.
Like many other rural areas in Puerto Rico, this small town
was severely impacted by the events of hurricane Maria in
2017 and the subsequent long-term energy outages caused
by the unreliable power system of the island. In response to
the devastation experienced by the community, a community
networked MG is being constructed to power local businesses
in the town square that will serve as a resiliency center in
the event of future natural disasters. This community-owned
MG consists of three parallel MGs on a single feeder that
uses PV panels along with battery ESS to provide electricity
to the community. It is designed to benefit the community
in two ways: During normal conditions, it will reduce the
electricity costs for the businesses located in the town square.
While during extreme event conditions, the MG becomes
a resiliency center by providing power to the businesses in
order to serve the affected community.

A. EXPERIMENTAL SETTING AND NUMERICAL RESULTS

Based on the actual MG system deployment in Plaza Public
Adjuntas, Puerto Rico [54], three MGs are identified in
Figure 2a. The overall MG system serves 14 businesses and
2 apartments, and it has various service entrance voltages
as well as various service amperages. Figure 2b shows
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the single line diagram for the networked 3-MG system,
which is designed to operate in islanded mode (disconnected
from the main grid) under normal conditions. Under normal
operation, MGl is connected to MG2 which is connected to
MG3, and thus the branch 1-3 is normally open. Each MG
includes PV generation, ESS, and a load. For instance, MG2
supports six businesses, and it has single-phase PV inverters
(SES000H-US, SE7600H-US) as well as three-phase PV
inverters (SE33KUS 480V/3-ph) to provide a total of 76 kW
DC power. In addition, its ESS provides 663 kWh (2 x
221.4 kWh + 2 x 110 kWh) with inverter 2 x Dynapower
125 kVA.

pv ESS Load

Branch 1-2 Branch 1-3

PV ESS Load PV ESS Load

(b) Single line diagram for the 3-MG network in Adjuntas.
1.2

S A

Critical load profile

Solar irradiance

Interruptible load profile

T T T T T 1
0 96 192 288 384 480 576 672
time step (15 min)

(c) Measured solar irradiance and load profiles.

FIGURE 2. (a) Geospatial location of the studied 3-MG network, (b) its
single line diagram, and (c) load & solar profiles. Note that (a) is a 3D
render and the real system may differ, and the profiles in (c) were
measured in 2019.

For the case study, the three MGs have solar PV power
generation as the sole generation source and batteries as
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TABLE 1. Basic parameters for the 3-MG system in adjuntas, puerto rico.

Microgrid | Rated PV power (kW) | Battery capacity (kWh) Critical load Voltage range (p.u.) | Total demand (kVA)
I 98.72 442 Yes 0.95-1.05 8096.61
2 76 663 No 0.95-1.05 9623.88
3 76 663 Yes 0.95-1.05 8096.61
Branch Resistance (p.u.) Inductance (p.u.) Thermal limit (kVA) — —
-2 0.3744 0.1238 100 — —
2-3 0.3744 0.1238 100 — —
1-3 0.3744 0.1238 100 — —
MG 1 MG 1 MG 1 independently without sharing power with the other
° MGs.
e Scenario 2 (S2): Connected scenario. The three MGs
are connected, and thus they share power among
o o ® ® themselves.
MG 2 MG3 MG 2 MG 3 MG 2 MG 3

Scenario 1 (S1) Scenario 2 (S2) Scenario 3 (S3)

FIGURE 3. Single line diagrams of the three MGs in Adjuntas for the three
scenarios (S1-S3) after reconfiguration.

ESS. Figure 2c shows one week (15 minute time resolution)
solar irradiance and aggregated load profiles that are used
in the case study. In this study, it is assumed that MG1 &
MG3 support only critical loads (plotted in Figure 2c), while
MG?2 supports only interruptible loads (plotted in Figure 2c).
Note that the critical and interruptible load profiles shown
in Figure 2c are real aggregate load profiles collected from
the test site. Other detailed energy system parameters are
presented in Table 1. Note that there are three switches
to connect the three MGs as a network. Other parameters
for this 3-MG system operation are set as: the critical and
interruptible load shedding costs are respectively CF =
1.5$/kW and 0.4$/kW, the PV power curtailment cost is
CcV = 0.1$/kW, the battery degradation cost is p =
0.008%/kW, the loss cost of power flow is € = 0.01$/kW,
the voltage range is set between 0.92-1.05 p.u., the charging
and discharging efficiencies of the batteries are n, = ng =
095, @, = o = @q = 1, and o), = 0. The proposed
restoration strategy optimally selects the statuses of the three
switches connecting the three MGs together with the optimal
scheduling of the available DERs at each MG including PV
generation, ESS, and loads, with the objective of minimizing
load shedding and other system costs (PV curtailment cost
and battery degradation cost).

In order to test the proposed restoration strategy under vari-
ous and comprehensive conditions, several groups of different
settings are designed and combined together to include all
possible conditions. Note that for all the experiments herein,
the SOC for each battery storage is not allowed to be lower
than 20% at all times for emergency considerations.

Different scenario settings:

o Scenario 1 (S1): Independent scenario. The three
MGs are disconnected, and thus each MG operates
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o Scenario 3 (S3): Connected scenario with line outage in
branch 1-2. This scenario is similar to S2 but with one
line outage.

Different run settings:

m Run 1 (R1): Weekly run. One week ahead optimization
at one shot with 1-hour time step.

m Run 2 (R2): Daily run. One day ahead optimization with
15-minute time step. The restoration strategy runs once
a day for one week with daily updates on the SOCs for
all batteries.

Different contingency settings:

» Contingency 1 (C1): The generated PV power in MG 1 is
reduced by 50% due to extreme weather.

» Contingency 2 (C2): The generated PV power in MG 1 is

reduced by 50%, and the generated PV powers in MG2
and MG3 are both reduced by 15%.
Note that, in the realistic Adjuntas MG systems
considered herein, the three MGs are in close vicinity.
However, in general for other MG networks, they can be
farther apart. Therefore, we considered two contingency
settings to account for all possible cases. In Contingency
1, it is assumed that the extreme weather event has a hard
hit on one of the MGs (assuming they are farther apart).
While in Contingency 2, it is assumed that the extreme
weather event affects all three MGs with different impact
levels (assuming they are in close vicinity).

Different fairness settings:

¢ Fairness 1 (F1): The difference among the SOCs of all

batteries in the three MGs should not exceed 5%. This
setting prevents one or more batteries from running out
faster than other batteries in the 3-MG system.

The single line diagrams for the three scenarios (S1-S3)
of the 3-MG system after reconfiguration are illustrated
in Figure 3, where the scheduling results for the SOCs
of the three batteries are compared in Figure 4, and
the corresponding PV generation curtailments are shown
in Figure 5. The independent scenario (S1) is shown in
Figure 4a, where each MG optimizes its own operation
individually without any power exchange with the other
MGs. Table 2 presents the numerical results for 14 different
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FIGURE 4. Battery SOCs for the three MGs in Puerto Rico under different
settings.

combinations of independent/interconnected microgrid sce-
narios, contingencies, daily/weekly runs, and fairness set-
tings.

For the different run settings S1-R1 and S1-R2, the SOC
patterns for each MG are slightly different, but the detailed
results in Table 2 have confirmed that the various results
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FIGURE 5. PV curtailment for the three MGs in Puerto Rico under
different settings.

(e.g., PV curtailment, difference between total charging
power and total discharging power) of the two run settings
are the same. This is mainly because 1) the cost parameters
in the model are fixed, 2) there is no power exchange
among the three MGs under such scenario, and 3) there is
sufficient solar PV power generation. With the consideration
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(b) Branch power flows in Scenario 3.

FIGURE 6. Branch power flows among the three MGs in Puerto Rico
under different settings.

of contingencies, we put our focus on the daily run (R2)
for results demonstration because the weekly run (R1) is not
that practical and its time resolution under contingency is
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too low. With Contingency 1 setting in S1-R2-C1, the largest
power generation source (MG1) has been reduced to half,
therefore the SOC curve for MG1 battery started to approach
20% limit on the fourth day in Figure 4 due to its additional
discharging operation to supply the demand. Also, note that
the SOCs for MG2 and MG3 batteries are the same as in
S1-R2. Overall, for S1-R2-C1 in Table 2, the load of MG1
is shed 608.78 kW, and the overall discharged amount of
MGT1 battery is about 492.62 kW (total discharging minus
total charging). For Contingency 2 setting in S1-R2-C2, the
solar PV powers of both MG2 and MG3 are reduced 15%
in addition to C1. Due to that, the SOC of MG2 is also
leveled down slowly under this case, and the overall charged
power amount of MG2 battery has flipped from 851.26 kW
(in S1-R2-C1) to -536.36 kW (discharged). In contrast, the
SOC of MG3 kept similar pattern as in S1-R2-C1. This is
mainly because that MG3 supplies only critical load as shown
in Table 1, and its total load is less than that of MG2 as
shown in Figure 2c. Hence, under the same reduced rated
PV and battery capacity, MG3 still has abundant solar power
(50.53 kW curtailment) as shown in Table 2, and 992.77 kW
is charged into its battery storage overall.

Now, with the connected scenarios S2 & S3, power can
be shared among the three MGs. The power flow on the
branches under different cases with S2 & S3 are plotted in
Figure 6, where positive/negative power represents the power
flow direction in the branch. In scenario S3, it is assumed that
branch 1-2 has an outage, thus the three MGs are connected
by the reconfigured topology branch 2-3 & branch 1-3 (see
Figure 3), and there is no power flow in branch 1-2 as shown
in Figure 6b. As observed from the branch power flow for
S2-R1 & S3-R1, there is a small amount of power exchange
among the MGs because, for a weekly run R1, 1) the PV
generation and battery in each MG are able to support its
own load, and 2) the optimization strategy tries to reduce the
unnecessary power loss in the branches.

Since MG1 has larger rated PV power, MG2 & MG3 have
larger rated battery storage, and the total demand of MG2 is
larger than that of MG3 as shown in Table 1, for the daily run
S2-R2 under normal connected operating conditions, MG1
tends to send extra solar power to the other two MGs, and
MGS3 tends to send extra power to MG2 as indicated by its
branch power flow in Figure 6a. Similarly, for the daily power
flow run S3-R2 in Figure 6b, power flows from MG1 to MG3
and then from MG3 to MG2 for some portions of day 1 and
day 3 since branch 1-2 is defective.

Under connected operating conditions, the batteries SOCs
could vary at the end of each day according to the power
sharing among the MGs, therefore the fairness constraint F1
is employed to have a fairer power sharing among the MGs
and be better prepared for contingencies that may lead to
isolated MGs. The case S3-R2-F1 in Figure 4b shows the
SOCs with the fairness constraint that requires SOC gaps
among MGs should not exceed 5% at any time, meantime,
the branch power flows of S2-R2-F1 & S3-R2-F1 in Figure 6
have supported that power sharing is more frequent with
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TABLE 2. Summary of results for the 3-MG system in puerto rico.

Case Total Total PV generation (kVA) PV curtailment (kVA) Total charging-discharging (kVA)
combination load shedding (kVA) MGl MG2 = MG3 MG1 MG2 MG3 MGl MG2 MG3
S1-R1 0 14710.10 11324.63 5570.50 | 253.15 | 1711.83 | 600.90 851.26 1037.80
S1-R2 0 14710.10 11324.63 5570.50 | 253.15 | 1711.83 | 600.90 851.26 1037.80
S1-R2-Cl1 608.78 (MG1) 7355.05 11324.63 0 253.15 | 1711.83 | -492.62 | 851.26 1037.80
S1-R2-C2 608.78 (MG1) 7355.05 9625.94 0 0 50.53 -492.62 | -536.36 992.77
S2-R1 0 14710.10 11324.63 5553.43 | 268.71 | 1698.76 | 600.89 867.27 1037.79
S2-R2 0 14710.10 11324.63 4730.94 | 760.96 | 2033.61 600.90 867.27 1037.80
S2-R2-F1 0 14710.10 11324.63 5040.75 | 905.96 | 1579.32 | 600.91 886.47 1018.59
S2-R2-Cl1 0 7355.05 11324.63 0 4.78 322.54 420.33 856.00 1037.80
S2-R2-C2 0 7355.05 9625.94 0 0 0 -490.55 | -680.31 543.86
S3-R1 0 14710.10 11324.63 5563.73 | 259.57 | 1700.82 | 600.89 863.51 1037.79
S3-R2 0 14710.10 11324.63 5034.33 | 467.55 | 2026.49 | 600.90 863.50 1037.79
S3-R2-F1 0 14710.10 11324.63 543793 | 79542 | 1297.33 | 609.24 880.65 1012.76
S3-R2-Cl1 0 7355.05 11324.63 0 441.65 267.77 58.23 855.98 1037.80
S3-R2-C2 0 7355.05 9625.94 0 0 0 -490.57 | -524.21 387.90

the fairness constraint as compared to the cases without the
fairness constraint.

By considering the contingency cases, the largest PV
power generation (in MG1) is reduced to half in Cl1 &
C2 settings. With the connected scenarios S2-R2-C2 & S3-
R2-C2, MG3 mostly provided the extra power to MGI as
indicated by the power flows in Figure 6, and as compared to
the independent case S1-R2-C2, the overall charged amount
of MG3 battery is dropped from 992.77 kW to 387.90 kW in
Table 2.

In summary, the connected MGs scenarios avoided load
shedding with all combined settings and improved the power
supply reliability under two contingency settings. All the
numerical results presented in this section have further
illustrated the effectiveness of the proposed restoration
strategy using a real-world case study.

B. HIL TESTING AND RESULTS

After presenting the results for the Puerto Rico 3-MG system,
in this section, the validation of such simulated results is
conducted at one of the Oak Ridge National Laboratory HIL
testbeds [55]. To implement the hardware testing, the 3-MG
system is represented by the schematic in Figure 7.

Each microgrid consists of PV inverter, ESS (both modeled
as a two level three phase inverter with inductive and
capacitive LCL filter), point of common coupling (PCC)
switch, dynamic PQ loads, and inductive-resistive (LR)
line sections. The PCC switch incorporates synch check
capabilities to ensure the voltage, frequency, and phase of
the microgrids are aligned before closing the breaker. The
real-time HIL simulator uses the profiles in Figure 2c for
the aggregated load of the businesses and the solar irradiance
obtained from the installed sensors in the 3-MG system.

Figure 8 shows the HIL setup used to conduct the
experiments. The HIL testbed is composed of two paralleled
Typhoon HIL 604 and one SEL 651R advanced recloser
control. The SEL 651R are in the loop with the real
time simulator to approximate the setup to the real system
implementation. The Typhoon 604 is connected to the SEL
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devices through a Typhoon HIL Connect, which provides
analog and digital signals to the SEL-651R relays. These
signals represent the analog voltage and current inputs to
the relays, the binary outputs for opening and closing each
SEL 651R recloser, and a binary status input to the relay to
indicate the state of the breaker (open/close). The developed
optimization model runs on a separate personal computer
(PC), establishing communications with the real-time sim-
ulator through Modbus. The open-source Python package
pyModbusTCP was implemented to establish the Modbus
master on the PC. The real-time simulator uses a proprietary
Modbus server to send and receive data from an external
source.

To compare the results obtained from simulation and HIL
testing, the SOCs of the batteries are selected for comparison,
as they reflect the system dynamics. Figure 9 displays and
compares the batteries SOCs of the three MGs under different
case scenarios. The dark solid lines represent the optimization
simulation results, while the light solid lines represent the
HIL results. It can be observed that the batteries SOCs from
the simulated and HIL testing results match closely in all
cases. Note that since the other HIL results firmly match the
simulated ones presented in Section III-A, we did not present
all HIL results herein, as they will be similar and redundant
to the simulated ones.

IV. CASE STUDY USING THE MODIFIED IEEE 33-BUS
TEST DISTRIBUTION SYSTEM

In Section III, we have demonstrated the effectiveness of the
proposed restoration strategy on a small 3-MG system, which
may represent a weak grid condition. In this section, the
modified IEEE 33-bus test distribution system that represents
a good grid condition is considered to further illustrate and
validate the proposed restoration strategy on a larger network
system.

A. MODEL PARAMETERS AND EXPERIMENTAL SETTING

The employed IEEE 33-bus system is shown in Figure 10a.
Unlike the real-world system considered in Section III, in this
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(a)Energy Storage System (ESS)
(b)PV inverter

(c)Dynamic Load

(d)Line Impedance

(e)3-phase Switches

(f)Core coupling (Typhoon)
(g)Device coupling (Typhoon)

FIGURE 8. The implemented HIL testbed, which consists of (a) Typhoon
Power Amplifier, (b,c) two Typhon HIL 604 working in parallel, (d) Netgear
network Switches, (e) DER protocol translators, (f) SEL 651 R, and (g) SEL
3355 industrial computer.

modified bus system, the distance between each bus can
be large. And each bus may represent an independent MG,
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hence, to make it more general, we assume that each bus has
MT, PV generation, and battery ESS. However, the power
ratings for such DERs can be assigned to zero. Each bus
serves either a critical load or an interruptible (noncritical)
load. Solid black lines indicate the branches without remotely
controlled switches (RCS), while green colored branches
have RCS. Dashed lines are normally open and can be closed
if needed. The energy systems capacities and the power load
of each bus are stacked in the bar chart in Figure 10b. For the
DER capacity settings, the MTs maximum generation power
at each bus is set in the range (0.6 ~ 0.9) - S, where S is
the maximum apparent load power at the corresponding bus,
PV maximum generation power is set to be 2 - S, and battery
maximum power capacity is set to be 3 - S. The upper limit of
ramping up U and ramping down D for a MT is set to be 5%
of the MT generation upper limit G in Figure 10b.

The hourly solar irradiance and basis load shapes are
shown in Figure 11. The solar PV power generation is
computed by multiplying the rated power of the PV system
in Figure 10b and the solar irradiance in Figure 11 for each
hour. Similarly, the hourly real/reactive load demand of each
bus equals the corresponding real/reactive power load in
Figure 10b times the basis load in Figure 11 for critical and
interruptible load buses. The operation cost of MT is C¢ =
0.25$/kW, and the other model parameters are the same as
the ones in Section III-A. One day operation is considered
for this case study, and the thermal limit of each line has been
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FIGURE 9. Battery SOCs comparison between HIL testing and numerical
optimization results for the 3-MG system in Puerto Rico under different
settings.

set large enough to better demonstrate the network restoration
solutions. Otherwise, the feasibility of the restoration solution
will be limited.
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FIGURE 10. The modified IEEE 33-bus test distribution system and its
load-generation settings.
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FIGURE 11. Load shapes and solar irradiance at all buses.

B. RECONFIGURATION WITH LINE FAULTS

In this case study, bus 1 is assumed to be disconnected from
the main distribution grid, so only the islanded mode is
considered here. Two representative scenarios are considered:
1) 3 line outages in line 8-9, line 23-24, line 26-27, and
2) 4 line outages in line 7-8, line 20-21, line 23-24,
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FIGURE 12. Network reconfiguration cases with different line outages.

TABLE 3. Summary of results for the IEEE 33-bus system.

Value 3-line outage | 4-line outage
Objective value ($) 7314.52 8706.82
MT generation (kVA) 7293.12 7036.72
Total solar generation (kW) 35023.71 35023.71
Consumed solar generation (kW) 23584.30 22842.67
Battery degradation cost ($) 173.86 171.39
Total battery charging (kVA) 11172.05 11185.28
Total battery discharging (kVA) 10560.48 10239.11
Critical load shedding (kVA) 1241.51 1475.85
Interruptible load shedding (kVA) 2093.33 3176.23

line 26-27. The reconfigured network topology for the two
considered scenarios are shown in Figures 12a and 12b.
As shown in Figure 12a, with the 3 line outages, the optimal
reconfiguration is to open line 20-21 and close all other
opened lines with RCS. With the 4 line outages in Figure 12b,
the 33-bus system is actually divided into two separate
subsystems. The optimal result is to open the switch in
line 8-21 to avoid cycles and maintain the radial topology
structure indicated by Eqgs.(2)-(6).

Take the 3 line outage scenario for instance, the MT
generation settings and the SOC profiles for batteries are
illustrated in Figure 13. Since the solar PV power has a
peak at around noon (hour 12), the MT generation of all
buses has formatted double peak shape in the early morning
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FIGURE 13. Energy scheduling of MTs and batteries for the 3 line outage
scenario (each curve represents a bus).
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FIGURE 14. Voltages for all buses in 24 hours (there are 24 values on
each vertical line, each value represents one hour of simulation time).

(hours 5-6) and late afternoon (hours 19-20) with a valley
at around noon time. A similar trend is observed for the
batteries SOCs that follows the solar irradiance shape; all
batteries discharge in the early morning (before hour 8) and
late afternoon (after hour 16) to support load power demand,
and they start charging when the solar irradiance starts to rise
up around hour 8 until their SOCs reach the maximum level
around solar peak hour.
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FIGURE 15. Served loads for the 3 and 4 line outage scenarios.

Figure 14 shows the per unit voltages for all buses for the
3 line outage scenario. It is observed that the bus voltages
were maintained within the permissible limits (0.92 - 1.05) at
all times as set by the hard constraint in Eq.(24). The voltage
at buses 7, 13, 23, 29, 33 is at highest level because shunt
capacitors are located at these buses, as indicated by the green
bars in Figure 10b.

The served load profiles of the IEEE 33-bus system are
presented in Figure 15 for the two outage scenarios. While
the served critical and interruptible loads were both reduced
when line outages number increased, the shed interruptible
load was much larger due to its lower cost. For 24-hour
optimization, the detailed results are summarized in Table 3.
By comparing the results of the 3 line and 4 line outages
in Table 3, it can be observed that if there are more
open paths as in the case of the 4 line outage, this will
make the network less robust, and the power absorption
will decrease, and its reliability will decrease. For instance,
as previously illustrated, the 33-bus system was completely
divided into two disconnected subsystems in the 4 line outage
scenario. Even reconfiguring the network could not bridge
the two separated subsystems, the MT generation and battery
discharging have been reduced as compared to the 3 line
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outage scenario, as they could not provide the needed power
to the other subsystem, leading to higher load shedding.

V. CONCLUSION

Aiming at resilience improvement for power delivery dur-
ing extreme events, a comprehensive network topology
reconfiguration and DERs scheduling optimization strategy
for distribution grids was formulated in this research. The
proposed optimization strategy is linear, so it does not require
heavy computations and can thus be easily implemented
in real-time. The proposed strategy is then tested on the
modified IEEE 33-bus system and the 3-MG system in
Adjuntas public plaza, Puerto Rico using real PV generation,
load demand, and weather data collected from the field.

The experimental results have demonstrated the benefits
in resilience improvement and cost saving from the topology
reconfiguration and network power sharing strategies under
various conditions. For example, in the Adjuntas community
3-MG networked system case study, a load shedding with
an amount of 608.78 kVA in the independent scenario has
been avoided using the connected MGs scenario under the
considered two contingency settings. Thus, the network of
MGs can significantly enhance the islanded operation during
contingencies by sharing resources such as PV generation
and ESS, where local critical loads of the affected MG
can be supported by external generation, thus reducing load
shedding or extending sustained periods.

In summary, a few key takeaways from this research are:

« System restoration using network topology reconfigura-
tion together with optimal scheduling of DERs leads to
more resilient distribution systems (i.e., reduced or zero
load shedding).

o Networked MGs could overcome the problem of
unevenly distributed generation and demand among
individual MGs during normal operation and minimize
critical load shedding in extreme scenarios.

o The unfairness of battery operation exists in networked
MGs (i.e., some batteries discharge excessively while
others operate in a more conservative way). Thus,
fairness constraints should be considered in practical
settings.

Nowadays, we are preparing to field test and validate
the proposed restoration strategy in the networked 3-MG
system in Adjuntas, Puerto Rico. This will field demonstrate
the applicability of the proposed strategy and its model’s
assumptions in a real-world testing environment. We expect
to start the field testing in the next few months. Furthermore,
since the proposed network reconfiguration and DERs
scheduling restoration strategy for distribution systems and
networked MGs is deterministic, future work is to investigate
a stochastic version of it to account for the inherent
uncertainties in the system such as PV power generation, load
power consumption, and faults’ locations.
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