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A B S T R A C T   

As severe weather events disrupt the power system more frequently and more harshly, the concern is growing 
around the ability of future grids to recover from such natural disasters. Recently, a major research focus has 
been on microgrids (MGs) as a potential source of resiliency. While most of the works done so far center on how 
to benefit from existing MGs through operation schemes, this study focuses on the planning of MGs to strengthen 
the network against severe faults. In this regard, three solution approaches are proposed aiming to determine the 
optimal nodes for the connection of MGs as well as the capacity of the dispatchable generation units deployed 
within MGs. These algorithms satisfy the power balance of MGs and the main grid as well as the operational and 
topological constraints. A computationally-efficient heuristic method is developed in two stationary (S-HM) and 
time-dependent (T-HM) versions. The concept of the heuristic approach, which was first introduced by the au
thors and is matured in this study, is based on a multi-stage search algorithm that efficiently reduces the un
desirable restoration strategies and utilizes the original power flow equations. The other approach is a multi- 
objective mixed-integer linear programming (MO-MILP) that strives to find the globally-optimal solution in a 
time-dependent scheme. The validity of the outputs of these methods is assessed using an exhaustive search 
algorithm (ESA), capable of finding the globally-optimal solution. The MG model constitutes renewable and 
dispatchable generation units, energy storage systems, and local loads. The uncertainty of intermittent energy 
resources is tackled through robust optimization formulation based on the worst-case scenario. The performance 
of the proposed methods are evaluated by the IEEE 37- and IEEE 123-bus test systems under several severe fault 
scenarios.   

1. Introduction 

In recent decades, extreme weather events have been growing both 
in number and intensity [1]. Four out of the five most severe hurricanes 
in the history of the US (i.e., Harvey, Maria, Sandy, and Irma) in terms of 
cost occurred in the last decade [2]. Each of these events imposed at 
least $1 Billion in damages. 

The term resiliency is, thus, defined as the ability of the power sys
tem to resist, adapt, and rapidly recover from major weather/climatic 
events [3]. The US Department of Energy lists resiliency against extreme 
weather events as the most crucial characteristic of future power sys
tems [4]. In what follows, an overview of the studies on resiliency 
enhancement methods is presented. 

As a review paper, various methods to enhance the power system’s 
resiliency against natural disasters are discussed in [5]. There are two 
broad categories of resiliency: 1) infrastructure resiliency and 2) oper
ational resiliency. Infrastructure resiliency is concerned with the mod
ifications or reinforcements of the physical layer of the system to make it 

less susceptible to damage to facilitate system recovery in case of major 
power disruptions. Operational resiliency refers mainly to control-based 
schemes taken to accelerate system restoration and to mitigate the 
inevitable consequences of major contingencies. The proper imple
mentation of either of these two measures is essential for the other’s 
effectiveness in case of extreme events. To put it another way, infra
structural measures may not be enough to ensure system resilience 
under conditions where there is a lack of apt operational schemes. 
Conversely, operation-focused measures are likely to be inefficient 
wherein a robust and dependable infrastructure is lacking. 

Infrastructural methods to achieve higher levels of system resilience 
encompasses 1) hardening and 2) planning measures. Infrastructure 
hardening aims to identify and reinforce power system components 
against severe disruptions and usually comprises construction programs; 
for instance, fortifying utility poles and overhead distribution lines, the 
operation of which is highly critical for the power system to confront 
hurricanes, blizzards, severe windstorms, and other extreme climate 
events. In this regard, proper system maintenance plays an important 
role in identifying aged components that have a higher probability of 
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failure. These components must be replaced with new and more reliable 
components so as to reduce major contingencies. Also, maintaining 
clearance distance between vegetation and distribution lines reduces the 
risk of tree contacts with conductors during a storm. Another well- 
established method is to replace the overhead lines with underground 
cables to make the distribution system less susceptible to extreme 
weather events. However, the principal limitation of this procedure is its 
high cost; therefore, it should be optimized and implemented to a 
limited number of critical components. On the other hand, planning- 
based infrastructural methods work toward installing new compo
nents, smart devices, and subsystems to increase the redundancy, 
automation, and flexibility of the network. A prominent example of this 
is to build supplemental transmission and distribution lines along more 
secure geographical routes to enhance resiliency by offering more 
restoration path options. 

Operation-oriented methods can be classified into two mutually 
beneficial and complementary categories: 1) preventive and 2) correc
tive measures. Preventive measures pertain to the pre-event preparation 
of the system to respond appropriately to unfolding disruptions and 
mitigate their impact on the system. A notable example of preventative 
actions is to allocate distributed energy resources (DERs) and optimally 
schedule the stand-alone operation of microgrids before extreme events 
occur to ensure a smooth transition into island mode and to meet local 

demand. Other relative measures include allocating backup generation 
and reserves, prepositioning truck-mounted emergency generators, 
revising the design, siting, and construction standards, and enhancing 
system cyber-physical security. Alternatively or complementarily, 
corrective measures include systematic scenario-based backup plans to 
guarantee the urgent levels of service, mitigate the aftermath of events, 
and restore the normal operation of the power system during major 
contingencies. Designing and taking appropriate corrective actions, e.g., 
proactive microgrid formation or islanding, instant non-critical load 
shedding, service restoration via a practical strategy, etc., plays a pivotal 
role in enhancing power system resiliency. Almost most of the research 
for power system resiliency enhancement is of operation-oriented type, 
as reviewed in the following. 

Network reconfiguration is considered as a potential solution to 
recover networks after the occurrence of a fault or a series of faults 
[6–8]. A two-stage reconfiguration approach is presented in [9] to 
maximize the distribution system resiliency against extreme weather 
events. A mixed-integer nonlinear programming model is proposed in 
[10] to enhance resiliency in terms of load shedding, restoration time, 
and network connectivity where the restoration problem is designed for 
the post-blackout period and is solved through network reconfiguration 
and using black-start units. Using a Markov model, authors in [11] 
developed a sequence of operation decisions during an extreme event to 

Nomenclature 

Parameters 
TO Outage duration 
A Reduced branch-bus incidence matrix 
ce Tap vector of the e-th voltage regulator 
ECi Capacity of ESS in the i-th MG 
NMG Number of MGs to be installed 
ωk Weight factor for load at the k-th bus 
re,xe Resistance and reactance of the e-th line 
τ Time step 
T Number of time instants 
tSW
i Switching time of the i-th switch 

PD
k,t Real power demand at the k-th bus at t 

PL
e ,Q

L
e Real and reactive power limit on the e-th line 

PG ,PG Lower and upper limits on DG power output 
PPW

m,t PV + Wind power at the m-th MG at t 
PCH

max Maximum charging power of ESS 
PDCH

max Maximum discharging power of ESS 
SOC Upper limit of the state-of-charge (SOC) 
SOC Lower limit of the state-of-charge (SOC) 
ηCH

m ESS Efficiency of charging in the m-th MG 
ηDCH

m ESS Efficiency of discharging in the m-th MG 
v ,v Lower and upper limit on voltage magnitude 

Sets and Indices 
e ∈ ℰ Set of all the distribution lines 
e ∈ ℰR Set of voltage regulators 
e ∈ ℰF Set of faulted distribution lines 
e ∈ ℰS Set of switches 
f ∈ ℱ Set of fault scenarios 
g ∈ 𝒢 Set of distributed generators (DGs) in MGs 
m ∈ ℳ Set of MG locations 
s ∈ 𝒮 Set of restoration strategies 
t ∈ 𝒯 Set of time instants 
k ∈ 𝒱 Set of bus voltages 
c ∈ 𝒞 Combinations of choosing two switches from ℰS 

n ∈ 𝒳 Set of restoration strategies 
Ω Set of all the combinations of choosing one reserve path for 

each restorable critical load 
𝒞ℒsav Set of saved critical loads 
𝒞ℒres Set of restorable critical loads 
𝒞ℒunr Set of unrestorable critical loads 
𝒞℘(m) Set of current paths for the m-th MG 
ℛ℘(m) Set of reserve paths for the m-th MG 
𝒮𝒲n Set of sectionalizing switches in the n-th strategy 
𝒯 𝒲n Set of tie switches in the n-th restoration strategy 

Variables 
tre,t Tap status vector of the e-th voltage regulator at t 
γe,t Binary variable for the e-th line status at t: 0 (de- 

energized), 1 (energized) 
λm Binary variable for the m-th MG status: 0 (disconnected), 1 

(connected) 
μk,t Binary variable for the k-th bus status at t: 0 (de-energized), 

1 (energized) 
ψe,t Binary variable for the e-th line status change at t: 0 (no 

change), 1 (change occurred) 
ξCH

m,t Binary variable for ESS in the m-th MG at t, 0 (no charging 
mode), 1 (charging mode) 

ξDCH
m,t Binary variable for ESS in the m-th MG at t, 0 (no 

discharging mode), 1 (discharging mode) 
f t

e The fictitious power flow of line e at t when one unit of 
power is injected at all the buses except the slack bus 

PL
e,t Real power flow of the e-th line at t 

PG
m,t DG real power output in m-th MG at t 

PCH
m,t ESS Charging power in m-th MG at t 

PDCH
m,t ESS Discharging power in m-th MG at t 

QL
e,t Reactive power flow of the e-th line at t 

QG
m,t DG reactive power output in m-th MG at t 

Rm Resiliency value for the m-th MG 
SOCm,t SOC of ESS in the m-th MG at t 
vk,t Voltage at the k-th bus at t  
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redispatch the line power flows aiming to reduce the power losses and 
enhance resiliency. A second-order cone programming (SOCP) model for 
the resilient planning of feeder routing incorporating the capital cost, 
resiliency, and power losses into a cost-based objective function is pro
posed in [12]. Distributed generators (DGs) across the power system 
have also been heeded as potential resilience sources. In [13], the au
thors made use of existing DGs to form islanded MGs to pick up the 
critical loads. In [14], restorative actions using DGs are devised for 
distribution network after severe disasters. The objective in [15] was to 
restore as much critical load as possible with a minimum of switching 
operations; a spanning tree search was employed to find the proper 
switching strategy. However, only single-fault scenarios were consid
ered in this paper. The critical load restoration problem was solved in 
[16] via linear integer programming to maximize the cumulative MG 
service time to prioritized loads. A generic framework utilizing DERs to 
maximize restored critical loads was developed in [17]. A two-stage 
decision-making algorithm was also developed in [18] by the coordi
nation of multiple generation resources. A two-stage approach is 
developed for optimal routing and scheduling of mobile power sources 
before extreme weather events in [19] to maximize distribution system 
resiliency. A two-stage robust mixed-integer optimization model is 
proposed in [20] that takes into account both preventive and corrective/ 
emergency actions. The preventive response includes generator redis
patch and topology modification, while emergency response entails 
again generator redispatch, topology switching, also load shedding. 

In [21,22], a two-stage stochastic mixed-integer is used to make 
decisions for resiliency enhancement against extreme weather events. In 
the first stage, the decisions for hardening the distribution lines, and 
making use of the system resources including DGs and tie switches are 
made. In the second stage, the operation and repair cost for the response 
to disaster is evaluated. A robust, trilevel optimization model is pro
posed in [23] to hardening the network (electricity and gas) against 
extreme disasters. The objective of the model is the minimization of load 
shedding in both systems. 

In [24,25], the transportable ESSs are coupled with network recon
figuration and dispatching existing MGs resources to minimize the total 
system cost after a disaster and enhance the distribution system 
resiliency. 

A linear programming optimization problem is formulated in [26] to 
optimize the capacity and location of energy storage units against 
earthquakes. In [27], the transmission system resiliency improvement is 
targeted through the optimization of photovoltaic generation and ESS 
sizing and siting. 

In [28], emergency demand response is proposed to minimize 
overhead lines aging and maximize reliability under uncertain condi
tions in a multi-objective framework. 

The recently introduced technology of electric springs has also been 
investigated as a potential source [29]. The resiliency enhancement 
using electric springs is proposed in [30] to coordinate voltage and 
control frequency for reliable service to critical loads. 

Regarding power system resilience, the emergence and development 
of a broad array of smart grid technologies, architectures, and applica
tions offer viable, smart solutions. Toward this end, microgrids, as an 
important part of smart grids, could afford unprecedented opportunities. 
Microgrids, which are small-scale power systems connected to the dis
tribution system at the low- or medium-voltage level, are capable of 
integrating DERs and being operated in stand-alone or grid-tied modes 
and have shown great potential to improve power system resilience. 

However, all microgrid-based resilience solutions developed to date 
are in the operation-oriented methods category using already-existing 
microgrids. For example, in [31], a two-stage heuristic method was 
proposed to use generation capacities within MGs to restore critical 
loads. In [32], the conservative scheduling of MGs along with the 
planning of branches is performed to enhance the resiliency of the sys
tem against severe windstorms. In this approach, the potentials of 
network reconfiguration, generation redispatch, demand-side 

management, and backup generators are considered. To minimize the 
operation cost and facilitate the islanding, authors in [33] propose a 
two-stage adaptive robust formulation to schedule MGs before disasters. 
In the first stage, the commitment of DGs is decided and the MG bids/ 
offers in the day-ahead market are determined. In the second stage, the 
dispatch of DGs, ESSs, and loads along are specified and the MG bids/ 
offers in real time markets are determined. In [34], multi-energy systems 
are investigated, and the resiliency enhancement is planned by forming 
MGs and coupling it with proactive scheduling, outage management, 
islanding, and operation strategies. In [35], networked MGs and their 
possible islanding are used to devise resilience optimization strategies 
also through dispatchable generators commitment and ESSs manage
ment. In [36], the improvement of system resiliency under severe con
ditions is planned through MG management. Scheduling multiple MG 
resources in a multi-stage manner is formulated in [37,38] as a MILP to 
serve the unenergized loads and enhance the distribution network 
resiliency. In [39], a defensive islanding approach is developed to 
accelerate the restoration procedure and enhance the network resiliency 
against windstorms. 

Optimal planning and operation of MGs has also been studied, 
however, for other objective functions, not for resiliency enhancement. 
For example, in [40], an optimization model for the planning/operation 
of the grid-tied residential MGs is developed for demand-side manage
ment. The two objectives of the problem are the annual cost and emis
sion minimization which are linearly combined, and the MILP approach 
is adopted to solve the problem. In [41], the authors proposed a novel 
two-stage stochastic programming model for a market-based planning/ 
operation of grid-tied MGs. In this model, the community MG com
panies, generation companies, and transmission companies are inte
grated as power investors, the market price signals are determined 
aiming to maximize the revenue from these three entities while main
taining an acceptable level of reliability and cost-effectiveness. The 
planning of MG from an economic standpoint is also proposed in [42]. 
Dividing the problem into an investment master problem and an oper
ation subproblem, the optimization scheme strives to minimize the total 
planning cost and decide whether the MG revenues can return the DER 
investment cost or not. In [43], the planning of MG considering the 
carbon footprint is performed to minimize the total cost. The MILP 
formulation approach is based on various sources of energy within MG 
and not only takes into account the environmental constraints but also 
considers economical aspects and energy balance. However, it does not 
delve into the power flow equations and corresponding criteria. 

A resilience-oriented multi-objective approach is developed in [44] 
to enhance the readiness of power and natural gas distribution networks 
using multiple energy carrier already-existing MGs against hurricanes. 

While the research carried out to date has focused on utilizing 
existing microgrids as reviewed above, the idea of planning for future 
microgrids and combining it with operation actions to make the grid 
more resilient against devastating events is new. The original and 
potentially transformative idea of combining planning and operational 
resiliency actions is the cornerstone of this paper. 

This paper, for the first time to the best of our knowledge, in
vestigates how to plan for future MGs with the intent of maximizing the 
resiliency of the network. Solving this problem enables us to place an 
MG (or several MGs) at the optimal location(s) in terms of resiliency and 
determine the generation capacity of the dispatchable generators be 
adopted within these MGs. Three solution approaches are developed, 
discussed, and compared in this study. One approach, which was 
recently introduced by the authors [45], is a heuristic method that is 
matured in this paper to efficiently search for an optimal solution. 
Compared to the heuristic approach presented in [45], the progress in 
our new heuristic approach presented in the paper includes a more 
comprehensive MG model consisting of both dispatchable and inter
mittent power generation units, energy storage systems (ESSs), and end- 
users. In the new version, the tap-changing transformers are also 
considered, and IEEE 123-bus test system is also used to validate it. 
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Moreover, a more accurate version of the heuristic approach is devel
oped to dynamically compute quantities in a time-dependent manner 
rather than a stationary study and prevent the overestimation of the 
generator capacity. In the other approach, a multi-objective mixed- 
integer linear programming (MO-MILP) is developed in an attempt to 
achieve a globally-optimal solution. To compare the results obtained by 
these methods to the exact, globally-optimal solution, an exhaustive 
search algorithm (ESA) is used. As a computationally-efficient tool to 
handle the uncertain nature of intermittent generation resources in the 
model, robust approaches are used to provide deterministic equivalents 
of the stochastic optimization [46]. The major contributions of this 
paper are as follows:  

• Addressing the gap for MG planning: a robust optimization scheme of 
future MGs is developed to maximize network resiliency against 
natural disasters and perform both partial and full restoration. The 
MG model consists of dispatchable power generation units, inter
mittent energy sources (wind and solar), electrical energy storage 
(ESS), and end-users. Therefore, the generic formulation of the 
problem enables the adoption of the method for any given network.  

• The original problem is extremely non-linear; thus, finding a global 
optimum is hardly possible in the original formulation. Three 
methods are proposed to tackle this issue: one is a multi-objective 
mixed-integer linear programming (MO-MILP) to address both ob
jectives while meeting operational, topological constraints, also 
satisfying the power flow equations. A heuristic approach is also 
developed that efficiently looks for the best restorative actions and 
optimizes generation capacity using the original formulation of the 
power flow problem. The heuristic approach is established in two 
versions: (1) stationary heuristic method (S-HM), which uses a static 
worst-case scenario to solve the problem, and (2) a time-dependent 
heuristic approach (T-HM) that seeks for the optimal solution over 
a discrete representation of time domain.  

• Considering several multiple fault scenarios, the applicability of the 
proposed approaches is investigated by two test cases: the IEEE 37- 
node test feeder and the IEEE 123-node test feeder. The solutions 
of these methods are compared to each other, also an exhaustive 
search algorithm is used to validate the accuracy of results. 

2. Optimization problem overview 

The main objective of the optimization problem is to maximize the 
resiliency of the network with an emphasis on the critical loads such as 
hospitals and health centers, water pumping stations, and data centers. 
As a complementary objective, the optimization scheme aims to mini
mize the dispatchable generator capacity required within MG. Ulti
mately, the methods that will be discussed later aim to achieve two 
outputs. One is the optimal bus for connection of MG coupling point and 
the other one is the minimum generation capacity within the MG for the 
service to serve its local loads as well as help restoring the critical loads 
of the system. On the other hand, the inputs of the problem entail the 
network topology and historical data along with a forecast of intermit
tent power generation. The constraints, that the problem needs to deal 
with, include three groups of constraints: 

1. Power flow equations: To be able to assess the operational con
straints, an estimate of electrical parameters such as line currents and 
bus voltages is required. Also, the MG contribution to the restoration 
of the critical loads is modeled by the power flowing through a vir
tual feeder. Therefore, the set of power equations should be solved as 
accurately as possible to enable the above evaluations.  

2. Operational constraints: The safe operation of the equipment such as 
buses, lines, and generators seeks certain parameters to be kept 
within their permissible ranges. The current flowing through a line 
should not exceed its thermal limit; the voltage of buses ought to 
remain as close to 1 p.u. as possible (usually 1 ± 0.05 p.u.); the 

branches fed by a transformer should not surpass the capacity of the 
transformer. These constraints, along with those concerning the 
power balance and limits of ESSs, MG power balance, and MG gen
eration limits, are among the constraints of this category.  

3. Topological constraints: In the distribution level, the radiality of the 
network is a usual requirement as it helps the proper operation of the 
protection system. Besides, the connectivity of MGs, lines, buses, and 
generation units needs to be ensured. To address the aforementioned 
challenges, the topological constraints are defined in the optimiza
tion framework. 

In the next sections, the methods for solving this optimization 
problem are developed and discussed. In the first approach, the objec
tives and constraints are formulated as a multi-objective mixed-integer 
linear programming (MO-MILP) problem to achieve a globally-optimal 
solution. In the second approach, a heuristic approach is developed to 
efficiently look for the best planning-operation strategy and determine 
the outputs. The heuristic approach can conduct the optimization 
scheme in two manners: (1) a stationary heuristic method (S-HM) which 
makes use of worst-case scenario of power generation and consumption 
to perform a robust optimization, and (2) a time-dependent manner (T- 
HM) in which the study is performed over a set of time instants uni
formly distributed over the period under investigation. 

3. MO-MILP approach 

In the MO-MILP approach, each of the lines and buses is assigned a 
binary variable to specify whether they are energized at each time or 
not. For instance, the binary variable for faulty lines are always assigned 
a zero value: 

γe,: = 0, e ∈ ℰF (1)  

3.1. Resiliency 

To describe the resiliency index (R) in a linear form, the outage 
duration is discretized into a finite number of a pre-defined time step (τ). 
Then, the resiliency can be described as 

R =
∑

t∈𝒯

∑

k∈𝒱CL

τ ωk μk,t PD
k,t (2)  

3.2. Power flow equations 

AC power flow equations in their original form are nonlinear, posing 
a great deal of difficulty for different applications of optimization and 
control in the power system studies [47]. A linear representation of the 
power flow problem was proposed as a linearized power flow (LPF) for 
distribution systems in [48,49]. 

In LPF, power flows and injections are linearly related to the nodal 
voltages. The following equation describes the relationship between 
power flows over lines and nodal voltages: 

rePL
e,t + xeQL

e,t − γe,t

(
vi,t − vj,t

)
= 0,

t ∈ 𝒯 , e(i, j) ∈ ℰ⧹ℰR

(3)  

The relationship between power injections and line flows are given by: 

PG
i,t − μi,t PD

i,t =
∑

e:(i,j)∈ℰ

PL
e,t −

∑

e:(j,i)∈ℰ

PL
e,t, (4a)  

QG
i,t − μi,t QD

i,t =
∑

e:(i,j)∈ℰ

QL
e,t −

∑

e:(j,i)∈ℰ

QL
e,t, (4b)  

t ∈ 𝒯 , i ∈ 𝒱⧹{V (1)}

Moreover, the voltages and line flows should all be within permissible 
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limits: 

v ⩽vi,t⩽v, t ∈ 𝒯 , i ∈ 𝒱 (5)  

− γe,t PL
e ⩽PL

e,t⩽γe,t PL
e , t ∈ 𝒯 , e ∈ ℰ⧹ℰR

(6a)  

− γe,t QL
e ⩽QL

e,t⩽γe,t QL
e , t ∈ 𝒯 , e ∈ ℰ⧹ℰR

(6b)  

Note that in (3), the binary variables, γe,t only multiply the voltage 
terms, vi,t and vj,t. Since the impact of branch connectivity on PL

e,t and QL
e,t 

is already examined in (6), it does not need to be re-applied in (3) or (4). 
The introduction of binary variables in (3) leads to the nonlinearity 

of the problem. To address this issue, the McCormick linearization 
technique is utilized to linearize the bilinear products [50]. In the 
example of πe,i,t = γe,tvi,t, McCormick technique leads to the following 
inequalities: 

γe,t v ⩽πe,i,t⩽γe,t v (7a)  

vi,t +

(

γe,t − 1
)

v⩽πe,i,t⩽vi,t +

(

γe,t − 1
)

v (7b) 

To include voltage regulators in a linear programming model, the 
nonlinearity of voltage regulators should be tackled. Despite the 
different methods proposed as linear approximations to model voltage 
regulators, this study uses an exact linear model introduced in [38]. 
Consider a voltage regulator with the tap increment size of δr and the tap 
position varying in the range of [ − Nr,Nr]; in this approach, a vector ce ∈

R2Nr+1 which has the n-th element as below, is employed for modeling 
voltage regulators: 

ce
(
n
)
:= [1 + δr(n − (Nr + 1)) ]2 (8)  

Then, using a tap status vector, tre,t , which contains 2Nr +1 binary 
variables, we can express voltage regulators in our model as the 
following linear forms: 

vj,t = vi,t trT
e,t ce, t ∈ 𝒯 , e

(
i, j
)
∈ ℰR (9a)  

trT
e,t 1 = 1, t ∈ 𝒯 , e ∈ ℰR (9b) 

Although it is computationally expensive to introduce 2Nr +1 binary 
variable for each regulator, this model provides higher accuracy than 
the conventional models. Assuming that the accuracy of a planning 
problem is a higher priority than computational time, it is reasonable to 
use the aforementioned model. Note that the product of vi,t and elements 
of tre,t introduces nonlinear terms which are handled using McCormick 
transformation. 

3.3. Switching time enforcement 

The switches along the network can have various characteristics and 
operation times. For instance, remote-controlled switches (RCSs) can be 
switched on/off within tens of seconds while manual switches can take 
up to tens of minutes to be operated depending on the number of crews 
available. To take the impact of switching time into account, a new 
matrix is introduced to reflect the switch’s status change at each time 
instant: 

ψe,t = |γe,t+1 − γe,t|, t ∈ 𝒯 ⧹T
(
T
)
, e ∈ ℰS (10)  

In [51], the Binary Method is used for linearization of the absolute value 

function. Since the absolute value function in this study only applies to 
{ − 1,0, + 1}, this method can be customized and the big-M parameter is 
removed from the formulation. Let us take y = |x| as an example where x 
can take value from { − 1,0, + 1}. Using modified binary method, y can 
be linearly expressed using following equations: 

x = x+ − x− (11a)  

0⩽x+⩽b (11b)  

0⩽x− ⩽(1 − b) (11c)  

y = x+ + x− (11d) 

The status change variable can help to model the switching time. 
Assuming a single switching operation at each time instant and the 
limitation of one operation per switch, the following two equations will 
enforce the switching time: 

ψT
i,:𝒯 − ψT

j,:𝒯 ⩾ − M +
(
tSW
i + M

)
αc − M

(
1 − βc

)
,

ψT
i,:𝒯 − ψT

j,:𝒯 ⩽ − tSW
j +

(
M + tSW

j

)
αc + M

(
1 − βc

)
,

c(i, j) ∈ 𝒞 (12)  

In the above formulation, M is a very large number while αc and βc are 
auxiliary binary variables. αc enforces an operation time for only one of 
the two switches in a combination, while βc generalizes the constraint 
for cases where neither of the two switches in a combination operate (if 
βc = 0, neither of the switches in the combination operates). The 
following constraint models the role of βc: 

βc⩾ψT
i,:1+ψT

j,:1 − 1, c
(

i, j
)
∈ 𝒞 (13a)  

βc⩽ψT
i,:1, βc⩽ψT

j,:1, βc⩾ 0 c
(

i, j
)
∈ 𝒞 (13b)  

3.4. Radiality enforcement 

Several researches have been performed on the radiality enforce
ment in the distribution networks [52,53]. In this paper, the set of suf
ficient linear constraints developed in [54] is used to ensure radiality of 
network. These constraints are listed below: 

AT f :,t = 1, t ∈ 𝒯 (14a)  

− γ:,t
(
|𝒱| − 1

)
⩽ f :,t⩽γ:,t

(
|𝒱| − 1

)
, t ∈ 𝒯

(14b)  

γT
:,t 1 = |𝒱| − 1, t ∈ 𝒯 (14c)  

where the first two constraints ensure the connectivity of the distribu
tion network and the third equation is a requirement for radiality. 

Although (14) can enforce radiality for the full restoration scenarios, 
in severe cases, where all of the loads cannot be restored, it is incapable 
of performing a full restoration as it makes the problem infeasible. To 
overcome this challenge, in this paper, we modified the formulation to 
enable the algorithm to conduct partial restoration. A matrix of binary 
variables (μt

i) is introduced, which examines the connectivity of each bus 
i to the generation resources at each time instant. Thus, constraint (14a) 
is modified as below: 

AT f :,t = μ:,t, t ∈ 𝒯 (15)  

It is axiomatic that the optimization algorithm struggles to energize as 
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much critical buses as possible. However, in the partial restoration 
strategy, there is no longer any necessity to have exactly (|𝒱| − 1) con
nected branches; thus, constraint (14c) is changed into the following 
inequality: 

γT
:,t1 = μT

2: |𝒱|, t1, t ∈ 𝒯 (16)  

Again, one should keep in mind that the optimization program tries to 
keep the network as connected as possible to serve the critical loads. 
Therefore, the modifications performed here do not affect the original 
radiality enforcement but generalize it to the partial restoration as well. 
Also, note that the slack bus is excluded from the matrix μ. 

3.5. Microgrid modeling 

One of the goals of this study is to find the generation capacity of the 
dispatchable generator within the MG. To this end, the generation power 
needed at each time step is calculated in a way that can supply the MG 
local demand and properly participate in critical load restoration. It is 
assumed that the generation capacity of renewable energy resources is 
limited due to restrictions in the land-use intensity. Therefore, only 
dispatchable generation units can vary to meet the demands. The limi
tation on generator capacity applies as below: 

λm PG ⩽PG
m,t⩽λmPG, t ∈ 𝒯 , m ∈ ℳ (17) 

The generated power by renewable energy resources is stochastic in 
nature. For an accurate planning study, a worst-case approximation for 
stochastic parameters is an efficient strategy to plan the MG(s) reliably. 
Therefore, the historical data of the region under assessment - either the 
generated power by each renewable energy source or the environmental 
and climatic data - provides the basis for the worst-case estimation of 
renewable power generation. 

To ensure the power balance for each MG, and to keep the number of 
MGs below the threshold, the following constraints are added to the 
optimization problem: 

λT 1⩽NMG (18)  

γe,tP
L
e,t = PG

m,t +PPW
m,t +PCH

m,t +PDCH
m,t − PD

m,t (19a)  

γT
e,:1⩽|𝒯 |λm, t ∈ 𝒯 , m(e) ∈ ℳ (19b)  

ESSs can act as both a generator (discharging mode) and as a load 
(charging mode) depending on their operating conditions. In the case of 
electric power surplus, ESS can facilitate the growing penetration of 
renewables into power systems, while making the network more reliable 
and secure [55]. Clearly, an ESS can operate in only one of these modes 
at each time instant: 

ξCH
m,t + ξDCH

m,t ≤ 1, t ∈ 𝒯 , m ∈ ℳ (20) 

Also, the limitations of output power – whether in charging PCH
m,t or 

discharging mode PDCH
m,t – should be taken into account: 

− ξCH
m,t PCH

max⩽PCH
m,t , t ∈ 𝒯 , m ∈ ℳ

(21a)  

PDCH
m,t ⩽ξDCH

m,t PDCH
max , t ∈ 𝒯 , m ∈ ℳ (21b) 

The state of an ESS, whether in charging or discharging mode, can be 
expressed by its state-of-charge (SOC) and should be constantly kept 
within permissible limits. Moreover, the change in the SOC level should 
be addressed within the optimization model, which is considered as 

SOC ⩽SOC⩽SOC (22)  

SOCm,t = SOCm,t− 1 − τ
PDCH

m,t− 1
ηDCH

m
+ ηCH

m PCH
m,t− 1

ECm
, t ∈ 𝒯 , m ∈ ℳ (23)  

Algorithm 1. Optimization Process   
1: Identify 𝒞℘
2: for m = 1,…, |ℳ| do  
3: Identify ℛ℘(m)

4: for f = 1,…, |ℱ | do  
5: Update 𝒞℘(m) and ℛ℘(m)

6: Identify 𝒞ℒsav, 𝒞ℒres, and 𝒞ℒunr  

7: 𝒮 = STRATEGYDEVELOPER(𝒞ℒres ,ℛ℘(m))  
8: for s ∈ 𝒮 do  
9: R(s) = SWITCHINGPLANNER(S (s))  
10: end for 
11: Identify S̃  ▹Sorted 𝒮 based on R-values  

12: for ̃s = 1,…,

⃒
⃒
⃒S̃
⃒
⃒
⃒ do  

13: run PowerFlow for S̃(̃s)
14: if there is no operational violations then 
15: Store S̃(̃s) as solution for (m, f)  
16: break for 
17: end if 
18: end for 
19: end for 
20: Calculate Rm, and max{PG

m,:} ▹Rm: Total resiliency for m-th location  
21: end for 
22: m*←{m|Rm = max{R:}}

23: P*
G←(1 + δ) max{PG

m* ,:}

Algorithm 2. Planning for Restoration Strategies   
1: procedure STRATEGYDEVELOPER(𝒞ℒres ,ℛ℘(m))  
2: for i = 1,…, |𝒞ℒres| do  

3: for j = 1,…,

∏|𝒞ℒres |

k=1

⃒
⃒
⃒ℛk(m)

⃒
⃒
⃒

|ℛi(m)|
do  

4: Ω(j− 1)|ℛi(m)|+1:j|ℛi(m)|,i

(

m
)
=

(
ℛi(m)

1

)

5: end for 
6: end for 
7: for j = 1,…, |Ω(m)| do  
8: Identify nSW

j  

9: if nSW
j > nSW

max then  
10: Remove Ωj,:(m)

11: end if 
12: end for 
13: end procedure   

Algorithm 3. Identification of Switching Operations   
1: procedureSWITCHINGPLANNERS (s)
2: Identify 𝒯 𝒲s ▹Tie switches to be closed for s  
3: Identify 𝒮𝒲s ▹Sec switches that are not included within s (sorted by speed)  
4: for i = 1,…, |𝒯 𝒲s| do  
5: Close TW s(i)
6: if any loops are formed then 
7: for j = 1,…, |𝒮𝒲s| do  
8: if SW s(j) ∈ loop then  
9: Open SW s(j)
10: break for 
11: end if 
12: end for 
13: end if 
14: end for 
15: Calculate R(s)
16: end procedure   

3.6. Model summary 

Before summarizing the MO-MILP formulation, the second objective 
of the problem which is the minimization of the dispatchable generator 
capacity should be modeled. To this end, a set of constraints is added to 
the formulation: 
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PG
m,t⩽p, t ∈ 𝒯 , m ∈ ℳ (24)  

In the above inequality, p is an auxiliary variable that limits the output of 
dispatchable generators. Then, through a weighted (τobj) incorporation 
of p in the objective, the MO-MILP problem can be formulated as 
follows: 

Maximize R − τobj p
s.t.

(1) − (13), (14b), (15) − (24)
(25)  

In the above formulation, if τobj < τ min{PD}

PG
max

, then, without any compro

mise of critical load serving, the minimum capacity of the dispatchable 
generator can be obtained. Note that all the non-critical loads are 
ignored in this estimation and the service to the critical spots such 
hospitals and water pumping stations is the first priority. 

The solution of the problem hands the optimal node for connection 
microgrid (m*); also, p, which is the upper bound of generated power by 
dispatchable generator under all severe fault scenarios, helps to calcu
late the minimum required capacity of the generator (P*

G) as P*
G = (1 +

δ) p. 

4. Heuristic approach 

From a macroscopic standpoint, the heuristic approach works in a 
multi-level manner to look for an optimal solution. As shown later, the 
heuristic approach is developed to suit large networks with a small 
number of switching options. In S-HM and T-HM, the same macroscopic 
algorithm is employed to determine the optimal dispatchable generation 
capacity within MG (P*

G), and node for MG connection (m*). 
After identification of the paths for feeding the critical loads under 

normal conditions (𝒞), each scenario (m) for MG placement is separately 
examined. Thereafter, a set of all reserve paths for serving each critical 
load (ℛ℘(m)) is formed. A reserve path is a path that normally includes 
at least one tie switch (thus, the path is normally de-energized). ℛ℘(m)

is the set of reserve paths for a network that has a tie switch connecting a 
slack bus to the location of the m-th candidate for the installation of a 
MG. 

Then, for each fault scenario (f), 𝒞℘(m) and ℛ℘(m) are updated. 
After updating paths, the critical loads are categorized. After that, 

restoration strategies (𝒮) are formed and the resiliency index is calcu
lated for each strategy. Then, the list of strategies is sorted based on 
these values and the first strategy that meets operational constraints 
(after running power flow) is stored as the solution for the m-th MG and 
the f-th fault scenario. After repeating the same procedure for all fault 
scenarios, the total resilience value and the MG generation capacity is 
stored. Finally, the candidate location having the highest total resiliency 
value is selected as the optimal location and the corresponding gener
ation capacity is the optimal capacity of the dispatchable generator. 

The proposed procedure is described in Algorithm 1. 

4.1. Critical load categorization 

Current and reserve paths are updated after fault isolation and the 
status of these paths determine whether the critical loads are saved 
(𝒞ℒsav). If each of them is not saved, they can be restored (𝒞ℒres) or not 
(𝒞ℒunr). Then, the strategies for service restoration (S) are developed. 

4.2. Restoration strategy 

In Algorithm 2, the strategies for critical load restoration are yielded. 
At first, all the possible combinations of choosing a reserve path for each 
restorable critical load are formed (Ω(m)). Then, each combination for 
which the number of operations exceeds the maximum allowed number 
of operations is removed. 

4.3. Switching planning 

In Algorithm 3, the tie switches included in the selected reserve paths 
enter the closing list for the s-th strategy (𝒯 𝒲s). Obviously, closing 

Fig. 1. Modified IEEE 37-node test system.  

Fig. 2. IEEE 123-node test system.  

Table 1 
Model parameters.  

Parameter Value Parameter Value 

T0  4 h  Tsw
m  30 min  

Tsw
RCS  20 s  v ,v  0.95, 1.05 pu  

PL
e , QL

e  
2 pu  Nmax

SO  1 

NMG  1 PDCH
max , PC

maxH  1 pu  

SOC ,SOC  20%, 95%  ηCH
m ,ηDCH

m  90%, 90%  

τ  10 min  ECm  2 pu.h  
δ  15%  PD  1 pu   
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several tie switches can lead to the formation of loop(s) in the topology. 
To tackle this issue, for each created loop, sectionalizing switches, which 
are included in the loop and can be opened, are considered as candidates 
for breaking the corresponding loop. By allowing this, it means that the 
selected sectionalizing switch should not be included in any of the 
chosen paths for restoring the critical loads. 

After determination of the candidate sectionalizing switches, the 
fastest one is opened so as to maintain the resiliency as high as possible. 

4.4. Power flow 

For each feasible candidate topology restoring lost loads, power flow 
is solved using the Newton–Raphson method using the GridLAB-DTM 

tool [56] to ensure that bus voltages, line flows, and MG flows are all 
within their permissible ranges. 

4.5. Difference between T-HM and S-HM 

The difference exists between these two methods in two aspects: 
- Resiliency: 
Although the switching operations are identified in Algorithm 3, the 

sequence of switching also plays a role in the restoration speed and, thus, 
resiliency value. An efficient sequence strives to first operate those 
switches that restore major loads. First and foremost, the MG should be 
connected since the main grid generation capacity is assumed to be 
unavailable due to the severity of faults. Thereafter, if any loops are 
formed, a proper sectionalizing switch needs to be opened. After closing 
the first tie switch, the corresponding resiliency value is calculated. 

In S-HM, the resiliency value is assumed to remain unchanged until 
the next tie switch is closed. The sequential procedure of (1) closing a tie 
switch, (2) probable opening of a sectionalizing switch, and (3) calcu
lating resiliency (ΔRi) and the next operation time (Δti) is repeated until 
all the expected switches are operated. The resiliency value for the s-th 
strategy is then calculated as follows: 

R(s) =
∑

i
ΔRi Δti (26)  

In T-HM, on the other hand, the resiliency is calculated in a time- 
dependent scheme, meaning that after optimizing the switching 
sequence for S (s),R(s) is calculated using (2). 

- Microgrid Power Balance 
In S-HM, after the calculation of power flowing through the virtual 

feeder that connects MG to the main network, the MG dispatchable 
generation capacity is estimated by the following: 

P*
G =

(
1+ δ

) (
Pe − min

{
PSW

m,:

}
+max

{
PD

m,:

})
(27)  

Where Pe is the estimated (stationary) power flowing through the virtual 
branch connecting the microgrid to the main grid and the ESS contri
bution is assumed to be zero. 

In T-HM, however, an optimization problem is solved to estimate P*
G. 

This optimization problem is based on similar MG-related constraints 
defined for MO-MILP approach: 

Minimize p
s.t.

(17), (19) − (24)
(28)  

Using the safety factor, δ, the optimal P*
G can be optained using the 

optimal p. 

4.6. Exhaustive Search Algorithm 

To assess the applicability and accuracy of the proposed methods, an 
exhaustive search algorithm (ESA) is developed to find the global 
optimal solution of the problem. The exact results obtained by exhaus
tive approach will be later used to compare with the results of MO-MILP, 
S-HM, and T-HM. 

Algorithm 4. Exhaustive Search Algorithm   
1: for f = 1,…, |ℱ | do  
2: Update topology 
3: for isw = 1,…,Nsw

max do  
4: combssw = combinations(ℰS, isw)
5: for i = 1,…, |combssw| do  
6: if MGs in combssw(i) < Nmg

max then  
7: permssw = permutations(combssw(i))
8: for j = 1,…, |permssw| do  
9: for ∀t ∈ 𝒯 do  
10: Update topology 
11: if there is no cycle do 
12: Run power flow problem 
13: if v ⩽v⩽v and  
14: 

⃒
⃒PL

⃒
⃒⩽PL

max then  
15: Find Optimal p  
16: end if 
17: end if 
18: end for 
19: end for 
20: Calculate R  
21: if R⩾R* then  
22: R*←R  
23: P*

G←(1 + δ) p  
24: SW*←permssw(j)
25: end if 
26: end if 
27: end for 
28: end for 
29: end for  

The ESA is summarized in Algorithm 4. In this approach, the optimal 
results are derived in response to each fault scenario. After updating the 
topology of the network according to the corresponding fault scenario, a 
various number of switching operations are added to the list for 
consideration. Then, for each number, isw, of the allowable switching 
operations, all the possible combinations of choosing isw switches from 
the list of all switches will be generated (line 4) and evaluated. Before 
moving further, the constraint on the maximum number of microgrids is 
evaluated (line 6), and only a combination that meets this constraint will 
proceed with the process. Since the sequence of switching operation 
plays an important role in the total resilience value, all the permutations 
of the combination (line 7) will be investigated. Then, for each sequence 
of switching operations, the topology is updated according to the timing 
of switches (line 10). If no cycle is formed (line 11), the power flow 
problem is solved using Forward/Backward Sweep Method for the upda
ted topology. Then, if the operational constraints are all met (lines 13 
and 14) at all times, the instantaneous flow of power from MG to the 
power grid is used to optimize the power generation to minimize p (line 

Table 2 
Fault Scenarios for IEEE 37-Node test system.  

Scenario Faults 

1 (701–799), (708–709), (727–744) 
2 (701–702), (702–703), (706–725), (737,738) 
3 (701–702), (702–713), (703–730), (704,713), (710–735) 
4 (703–727), (703–730), (704–713), (707,720), (708–709), (737–738) 
5 (701–702), (707–720), (708–709), (709–731), (714–718), (728–744), 

(737–738)  

Table 3 
Fault Scenarios for IEEE 123-Node test system.  

Scenario Faults 

1 (8–13), (67–97), (91–93) 
2 (1–7), (13–18), (35–36), (72–76) 
3 (1–149), (26–27), (47–49), (54–55), (67–72) 
4 (8–13), (18–21), (60–62), (67–72), (67–97), (109–110)  
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15) according to the formulation in (28). Finally, if the resiliency value is 
improved in this case, the switching sequence and the generator 
instantaneous output power are stored as a solution. Note that the 
optimal location of microgrid(s) can be easily derived from the optimal 
switching list, since it should include the tie switch that connects the 
microgrid to the main network. 

5. Numerical tests 

One of the case studies is a modified version of the IEEE 37-node test 
system shown in Fig. 1. Modifications include adding six tie-switches as 
well as choosing three critical loads and three candidate positions for the 
installment of MGs. 

As a more sophisticated case, the IEEE 123-node test system is taken 
as another case study, shown in Fig. 2. Five loads are selected to 
represent the critical loads while five nodes are listed as candidate lo
cations for MG installation. 

For the MO-MILP approach, the problem is modeled in a per unit 
system. The base power for both cases is 200 kW and the base line-to- 
line voltage for the IEEE 37- and 123-node test systems are 4.8 kV and 
4.16 kV, respectively. Both networks are transformed into single-phase 
equivalents. In Table 1, the values of the parameters and constants 

introduced within the formulations are listed. 
Several challenging and severe fault scenarios are considered to 

prove the capability and effectiveness of the proposed methods. Fault 
scenarios considered for the two test networks are indicated in Table 2 
and 3. All these catastrophic scenarios cause interruption of all the 
critical loads, and the main grid generation capacity is unavailable in all 
of the fault scenarios. Solar and wind generation data are derived from 
the numerical data provided by the National Renewable Energy Labo
ratory (NREL) [57]. 

5.1. Results for IEEE 37-node test system 

A summary of results is brought in Table 4. The MO-MILP method 
and both heuristic methods provide the same connection node and 
restorative actions in the optimal solution. The resiliency curves ob
tained for fault scenarios 3 and 5 are shown in Figs. 3 and 4, respectively. 
Among the three approaches, MO-MILP and T-HM lead to the same 
resiliency curve as both methods use the same time steps for the division 
of time interval under investigation. This inference also holds for the 
resiliency values obtained for each scenario. On the other hand, S-HM 
delivers a simplified, static resiliency curve as shown in Figs. 3b and 4b. 
Due to this difference, the resiliency values obtained by S-HM differ 
from those obtained by MO-MILP or D-HM. The greater resilience values 

Fig. 3. Resiliency curve for IEEE 37-node system under 3rd fault scenario ob
tained by (a) MO-MILP and T-HM and (b) S-HM. 

Fig. 4. Resiliency curve for IEEE 37-node system under 5th fault scenario ob
tained by (a) MO-MILP and T-HM and (b) S-HM. 

Table 4 
Summary of results for IEEE 37-node test system.   

Switching Strategy MO-MILP D-HM S-HM 

Scenario Tie R(kWh) Pmax
G (kW) R(kWh) Pmax

G (kW) R(kWh) Pmax
G (kW)

1 (701–731), (708–718), (742–744) 800.5 329.5 800.5 330.0 836.5 414.1 
2 (701–731), (708–718), (731–741) 748.5 328.8 748.5 328.0 787.3 414.1 
3 (701–731), (708–718) 702.3 328.9 702.3 308.5 724.3 361.0 
4 (701–731), (725–731), (731–741), (742–744) 692.1 324.9 692.1 332.4 738.3 414.1 
5 (701–731), (725–731), (731–741) 739.8 329.0 739.9 327.9 780.3 414.1  
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in S-HM is because of the fact that peak demand that occurs before the 
restoration process begins. Since mean power demand incorporates this 
peak demand in S-HM, higher resilience values are mistakenly reported 
by this method. Also, bus 731 is selected as the optimal node for the 
connection of MG by all the three methods. Therefore, despite the 
different resiliency value obtained by S-HM, all three methods have 
proposed the same strategies for the planning-operation scheme so far. 
(see Table 5). 

However, further assessments show that this is not the case for the 
maximum generated power proposed by these methods. The dis
patchable generator capacity proposed by MO-MILP and T-HM is 
378.9 kW and 382.3 kW, respectively; this shows a difference of about 1 
%, an acceptable degree of similarity between these two methods. On 
the other hand, using S-HM, a capacity of 476.2 kW is yielded which is 
25% higher than the other two methods. This oversizing of the generator 
by S-HM can be attributed to the negligence of ESS that can help to 
smooth the power demand at peak times and storing power during the 
low-demand periods. Moreover, as shown in Fig. 5, the variations of 
generation pattern for MO-MILP and T-HM are demonstrated. Note that 
this pattern does not exist for S-HM as it statically solved the problem. 

To investigate the accuracy of results, the ESA introduced in Section 
4.6 shows an acceptable accuracy of the results obtained by MO-MILP 
and T-HM. The restorative actions, resilience indices, and optimal 

node for MG connection are the same as those obtained by the methods 
mentioned above, and the optimal generation capacity for IEEE 37-bus is 
373.5 kW using ESA. This shows a difference of 1% with MO-MILP and 
2% with the T-HM method. However, the variation of the DG capacity 
between ESA and S-HM is more than 27%. Therefore, it can be inferred 
that MO-MILP and T-HM can offer very close results to the globally- 
optimal solution while S-HM fails to do so. 

5.2. Results for IEEE 123-node Test System 

In this case study, both approaches yield bus 67 as the optimal 
location for the connection of the MG. The capacity of a generation unit 
proposed by the MO-MILP, T-HM, and S-TM are 655.1 kW, 679.8 kW, 
and 881.9 kW, respectively. Again, this shows the acceptable agreement 
of the MO-MILP and D-HA approach and the inability of S-HM to 
determine the optimal capacity of the dispatchable generator without 
oversizing it. 

Same as the previous case study, the resiliency value obtained by 
MO-MILP is the same as that T-HM yields due to the exact same set of 
time instants used for both approaches. On the other hand, despite the 
different resiliency values obtained by S-HM, the switching actions 
proposed by all three methods are the same. For instance, Fig. 6 shows 
the resiliency curves for the second fault scenario obtained by each 

Table 5 
Summary of results for IEEE 123-node test system.   

Switching Strategy MILP D-HM S-HM 

Scenario Tie R(kWh) Pmax
G (kW) R(kWh) Pmax

G (kW) R(kWh) Pmax
G (kW)

1 (151–300) 1670.7 569.6 1670.7 591.1 1760.8 766.9 
2 (54–94), (151–300) 1439.4 561.9 1439.4 523.3 1574.2 766.9 
3 (54–94), (151–300) 1447.6 568.2 1447.6 523.4 1580.8 766.9 
4 (54–94), (151–300) 1361.2 568.1 1361.2 483.0 1478.3 716.4  

Fig. 5. The estimation of dispatchable generated power within MG in IEEE 37- 
bus test system by (a) MO-MILP and T-HM and (b) S-HM. 

Fig. 6. Resiliency curve for IEEE 123-node system under 2nd fault scenario 
obtained by (a) MO-MILP and T-HM and (b) S-HM. 
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method. In Fig. 6a, the resiliency curve for the second fault scenario 
obtained by MO-MILP and T-HM is shown which follows the load 
pattern over time. However, the resiliency curve generated using the 
solution to S-HM (Fig. 6b) does not follow the load pattern. Despite this, 
the restorative actions proposed all three methods are the same. 

Also, the variations of the dispatchable generator output yielded by 
MO-MILP and T-HM are shown in Fig. 7. The trend of generation in both 
methods shows a fall during the fault occurrence and pre-restorative 
period. Thereafter, it begins to rise and the smoothness of the curve is 
owed to the ESS role that contributes to load feeding at first and then, is 
recharged to return to its initial SOC. 

The results obtained by ESA confirms the accuracy of the optimal 
node, restoration strategies, and resiliency values. The dispatchable 
generation capacity calculated using this method is 641.3 kW which 
reveals a 2% deviation from MO-MILP, 5% from T-HM, and 37% from S- 
HM. All three methods show a larger deviation from exact results, in this 
case, even so, MO-MILP and T-HM demonstrate an acceptable level of 
agreement. 

5.3. Validity and computation time 

The optimization approaches in this study are implemented in 
MATLAB® using a workstation computer equipped with two Intel® 
Xeon® Gold CPUs (32 cores) and 192 GB of RAM. To solve the MILP 

problems, CPLEX® commercial solver (v. 12.10) is used in MATLAB 
environment [58]. Table 6 shows the computational times for the two 
case studies and the three methods. The results convey that both heu
ristic methods can solve the optimization problem much faster than the 
MO-MILP approach. An interesting observation is that for the larger 
network, the MO-MILP computation time increases with almost the 
same ratio of the system’s number of nodes. On the other hand, the 
computation time of T-HM and S-HM decreases by 86% and 95%, 
respectively. The reason lies in the fact that despite being a larger 
network, the IEEE 123-node test system has much less switching options 
compared to the IEEE 37-node test system. Therefore, one can infer that 
heuristic approaches developed in this study have a computational 
burden dependent upon the size of switching options, while the MO- 
MILP approach computational time varies with the size of the network. 

Note that, at least presently, resiliency is seen as a utility or non- 
private issue. Critical loads such as most hospitals, water pumping sta
tions, wastewater treatment plants, telecommunications, etc. are often 
run by government-based entities. And before, during, or after an 
extreme weather event, it is hard to imagine that some industries would 
like to invest in their electricity resiliency while their workers and their 
families should act and respond to that hurricane. In other words, almost 
all businesses prefer to almost shut down when hurricanes occur. Thus, 
the microgrid planning problem may be solved and invested from a 
utility-based view as it is considered in this paper. However, it can be 
imagined that utilities may direct future investment for microgrids into 
locations leading to more resiliency through providing different types of 
incentive proposals for private investors. For example, after Hurricane 
Maria, a Category 5 hurricane, that was the largest blackout in U.S. 
history with 3,393 million customer-hours of lost electricity service, the 
Puerto Rico Electric Power Authority (PREPA), which is the only entity 
responsible for electricity generation, power distribution, and power 
transmission on the island, filed its integrated resource plan (IRP) in 
June 2019, where microgrids, benefiting from energy efficiency and 
renewable energy resources, were considered to enhance the resiliency 
of power distribution systems. This is a real example showing the 
rationale about future microgrids as resiliency enhancement resources. 
However, mechanisms for investing future microgrids towards maxi
mizing the resiliency network is another new space for further research 
and is beyond this paper. 

6. Conclusions 

Catastrophic events are intensifying and proliferating across the US 
grid. As a result, it becomes harder to keep the lights on when under
going severe fault scenarios. This paper proposes and investigates, for 
the first time, the planning of microgrid placement with the intent to 
maximize the resiliency of distribution networks. A MO-MILP formula
tion as well as two heuristic approaches were proposed to address this 
problem. Putting all the results in one picture, it can be concluded that 
the MO-MILP approach is generally a more trustworthy method in terms 
of the global optimality of the solution. However, for cases such as the 
IEEE 123-node test system, which has much fewer switching options 
(either tie switches or sectionalizing switches), the T-HM can yield 
almost the same result as the MO-MILP approach but with a much lower 
calculation burden. This is an extremely significant conclusion because 
the computation time of the T-HM, in contrast to the MO-MILP 
approach, is not a function of system dimension (number of nodes), 
meaning that the calculation burden imposed by the heuristic approach 
is determined by the size of the switching options. However, S-HM is 
only able to deliver the accurate optimal node for the connection of MG 
and the optimal restorative strategy. Despite being the fastest method, it 
is incapable of determining accurate resiliency and generator capacity. 
Future work will put forth the integration of power systems with other 
energy sources such as natural gas as well as the water distribution 
system to maximize the resiliency of the entire supply system. 

Fig. 7. The estimation of dispatchable generated power within MG in IEEE 37- 
bus test system by (a) MO-MILP and T-HM and (b) S-HM. 

Table 6 
Comparison of computational time.  

Case Study MILP T-HM S-HM 

IEEE 37 node 312.4 s 95.9 s 85.5 s 
IEEE 123 node 1583.6 s 13.7 s 4.8 s  
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