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ABSTRACT This paper develops an effective two-stage stochastic post-hurricane recovery framework
to improve networked microgrid resilience using mobile emergency resources (MERs) and a proposed
reconfiguration strategy. In the first stage, network reconfiguration actively alters the local power flow path
and provides opportunities for restoring critical loads, thus reducing the energy not supplied to electric
consumers. The optimal schedule determined in the first stage problem is also used to determine the
islanded loads that need MERs for restoration. In the second stage, truck-mounted MERs will deliver power
to islanded loads, observing the shortest path and post-hurricane transportation infrastructure constraints.
Dijkstra’s algorithm is used to produce the shortest path and avoid possible out-of-service roads. In
order to model the uncertainties of the problem, a stochastic framework based on unscented transform
is employed. The proposed problem is formulated as a two-stage stochastic single-objective optimization
problem maximizing system resilience. Simulation results on a test networked microgrid demonstrate the
effectiveness and satisfying performance of the proposed model.

INDEX TERMS Stochastic resilient framework, networked microgrids, feeder reconfiguration, mobile
emergency resources.

NOMENCLATURE
SETS/INDICES
___,___ Minimum, Maximum values
�DL/lm,mn Set/indices of distribution lines
�TL/lm,mn Set/indices of tie lines
�TE/i, j Set/indices of transportation paths (or

graph edges)
�B
k /m Set/index of all buses in kth microgrid

�B∗
k /m Set/index of updated buses after removing

islanded buses in kth microgrid
�MG/k, l Set/indices of microgrids
�BG
k Set of buses with DG units in kth microgrid

�BMG/n Set/index of buses with MERs
�BS
k Set of buses with energy storage in kth

microgrid
�T /t Set/index of time periods
�S/s Set/index of initial locations of MERs
�u/u Set/index of concentration sample points in

UT

�1 Set of transportation line weights
�J/J∗ Set of temporary/permanent nodes in the trans-

portation system
λ Index of piecewise linearization segments
pe/te Symbols showing permanent/temporary status of a

node

CONSTANTS

CS
m,CS

m Minimum/maximum allowable stored
energy (kWh)

CT Sm,DT
S
m Minimum charging/discharging time (hr)

IL Maximum current flow of distribution
lines (A)

PChm ,PChm Minimum/maximum charging power
(kW)

PDischm ,PDischm Minimum/maximum discharging power
(kW)

PGm,PGm Minimum/maximum active power of DG
units (kW)
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PMERn ,PMERn Minimum/maximum active power of
MERs (kW)

PMGl ,QMGl Maximum active/reactive power of the
microgrid (kW)

QGm,QGm Minimum/maximum reactive power of
DG units (kVar)

QMERn ,QMERn Minimum/maximum reactive power of
MERs (kVar)

Rmn,Xmn,Zmn Resistance/reactance/impedance of distri-
bution lines (ohm)

RUG
m ,RD

G
m Ramp up/down rate of DG units (kW)

TO Restoration time period
UTGm ,DT

G
m Minimum up/down time of DG units

(kW)
V ,V Minimum/maximum voltage magnitude

limits (V)
V norm Nominal voltage of the system (V)
Wm,k Weight (significance) of the load on mth

bus
δ Time period (1 hr)
ηChm , η

Disch
m Charging/discharging efficiency

ρGm/ρ
MER
n Generation cost of DG/MER unit ($/kW)

3 Number of segments of piecewise linear
curve

βu Weighting factor of sample points in UT
ν Number of uncertain parame-

ters/variables
µ Mean value of the uncertain parameter

VARIABLES

CS
m,k,t Energy stored in energy storage units

(kWh)
ILmn,k,t Current flow of distribution lines (A)
PChm,k,t ,P

Disch
m,k,t Charging/discharging power (kW)

PDm,k,t ,Q
D
m,k,t Active/reactive power demand

(kW/kVar)
PLmn,k,t ,Q

L
mn,k,t Active/reactive power flow of distribu-

tion lines (kW/kVar)
PGm,k,t ,Q

G
m,k,t Active/reactive power of DG units

(kW/kVar)
PMl,k,t ,Q

M
l,k,t Active/reactive power of utility grid

(kW/kVar)
PMERn,k,t ,Q

MER
n,k,t Active/reactive power of MERs

(kW/kVar)
TChm,k,t ,T

Disch
m,k,t Number of successive charg-

ing/discharging hours (hr)
TG−onm,k,t ,T

G−off
m,k,t Number of successive on/off hours for

DGs (hr)
TCL Service time of the load in post-hurricane

restoration (hr)
Vm,k,t Voltage magnitude of buses (V)
wLmn,k,t Distribution line status
xGm,k,t Commitment state of DG units

xMERn,k,t Binary variable showing presence/lack off
MERs in a location

x̄MERk,t Maximum number of truck-mounted
MERs available in a microgrid

yChm,k,t , y
Disch
m,k,t Charging/discharging state of energy stor-

age units
1Vmn,k,t Variable needed to apply KVL to distribu-

tion lines
θLmn,t Fictitious current flow of distribution lines
θMm,k,t Fictitious current flow of utility grid
θDm,k,t Fictitious current flow demand

I. INTRODUCTION
Extreme weather disasters, particularly hurricanes, can cause
severe issues in distribution systems, resulting in long-term
load outages, power quality deterioration and economic
losses [1]. In the United States, weather disasters have caused
over 80% of long-term power outages involving more than
50,000 electric consumers [2]. In the first half of 2016,
eight weather disasters (including floods, storms and hurri-
canes) in the United States caused financial damages with
losses of over $1 billion each [3]. In August 2017, Hurricane
Harvey damages cost up to $180 billion and caused long-
term electricity outages that lasted up to several weeks in
some towns. Other recent hurricanes, such as Hurricane Ike,
Hurricane Irene, Superstorm Sandy, and Typhoon Soudelor,
which struck the United States and China in 2008, 2011,
2012, and 2015, respectively, caused severe damage to power
grid infrastructures, which led to widespread power out-
ages [4]–[6]. These events led to the concept of resiliency
in electrical engineering studies, meaning the ability of a
grid to resist and recover from severe disturbances. By this
definition, a resilient system is one that maintains an active
awareness of surrounding threats and reacts to those threats
in a manner that returns the system to operational normalcy
in finite time [7].

In recent years, several research studies have been
implemented to analyze system resiliency and suggest a
couple of resilience-based models and reinforcement strate-
gies [8]–[10]. In [11], distributed generations (DGs), along
with the microgrid model, are employed for restoring the
loads on buses adjacent to DGs. The concept of continuous
operating time is proposed to settle microgrid availability for
load restoration and to evaluate service time [12]. In [13],
the microgrid idea is used to reduce the congestion level of
feeders in areas with power outages, releasing their capacity
to enable higher power supply to the affected loads. In [14],
a mixed integer nonlinear programming framework is pro-
posed to make use of microgrids for restoring the electric
grid. A distribution operational algorithm is developed in [15]
to restore critical loads by formation of multiple microgrids
after a weather disaster. Local communications are used for
global information discovery and coordinating DGs. In [16],
a self-healing strategy is presented to schedule dispatchable
DGs during both normal and faulty conditions. In the normal

72312 VOLUME 6, 2018



A. Kavousi-Fard et al.: Stochastic Resilient Post-Hurricane Power System Recovery

operation, the objective function maximizes grid revenue,
and in the faulty condition, the target is to maximize the
load supplement continuously. The feasibility of employing
microgrids as resiliency sources, and the possible advantages
and technical challenges of doing so, are addressed in [17].
The above research works have only focused on the electrical
grid and have ignored damages involved in other critical
infrastructures. It is clear, however, that a practical resilient
framework needs to address damages to other infrastructures
to maximize operational capacity. In [18] and [19], the inter-
dependency of critical infrastructures in natural disasters is
assessed during electric load restoration. It is shown that as
part of the feasible planning and operation of power systems,
the physical constraints due to the disaster need to be taken
into account.

As is gleaned from the above survey of existing work,
the high complexity, unpredictability and versatile nature of
natural disasters, such as hurricanes, have created largely
diverse research activities. From the time domain aspect, and
to clearly determine the scope of this paper, the response
timeline of the electric grid in the case of a hurricane is
divided into three groups: pre-hurricane, hurricane-time and
post-hurricane. Fig. 1 shows a list of strategies available for
improving system resilience before and after a hurricane. This
paper focuses on the post-hurricane activities, which aim to
recover the loads and increase system resiliency. In post-
hurricane literature, the main focus has been on restoring
the power supply to the electrical loads using DGs and
microgrids. Optimal switching is another solution, which has
been investigated by some research as a practical and fast
restoration tool [20], [21]. In [22], the role of switching,
microgrids and DGs in load restoration is assessed based
on automation technology. While each of these works has
investigated a critical part of system resiliency, none of them
has considered the significant role of mobile emergency
resources (MERs) in fast load recovery. To the best of the
authors’ knowledge, the only work that has addressed the
role of MERs in achieving system resiliency is [23]. In [23],
truck-mounted MERs are pre-positioned at the appropriate
locations before a hurricane and then are dispatched as DGs
to restore electrical loads during the real-time allocation that
occurs after the hurricane. The microgrid formation concept
is also used to divide the system into several microgrids with
the capability of an islanding mode. While this work provides

FIGURE 1. Some of the electric grid strategies for use before and after a
hurricane [12].

valuable results regarding the effect of MERs on power sys-
tem resiliency, it has not considered the interdependency of
the critical transportation infrastructure involved in restoring
the electrical loads. This interdependency is a significant
issue in the area of power system restoration, especially in the
post-hurricane scenario, when some routes may be damaged
and unusable.

As can be inferred from Fig. 1, there are several meth-
ods presented for power system restoration after a severe
event/fault. Automation, load shedding, special protection
schemes, fast islanding detection schemes and mobile
transformers are among these methods [11]. To this end,
a microgrid formation mechanism to restore critical loads
after a major fault is a widely accepted concept by researchers
for improving power quality after natural disasters [15].
In fact, any automated distribution system equipped with
remotely controlled switches and DGs is capable of micro-
grid formation after a natural disaster. Given this fact, this
paper mainly focuses on automated electric grids that are
equipped with remotely controlled switches for reconfigu-
ration. To enhance the problem one more step, we have
considered the potential of dividing an automated grid into
several microgrids (called networked-microgrids), which can
decide to either operate in islanded mode or connected
mode according to the situation. Certainly, in the normal
operation, economic preferences, such as optimizing the
total cost, are considered; however, in an abnormal situa-
tion, such as after a hurricane, the main priority is given
to load supplement, which is presented in the form of the
resilient objective function shown in (3). It is clear that in
a distribution system without automation capability, other
resilient reinforcement solutions may apply. According to
these discussions, this paper focuses on the resilient per-
formance of networked microgrids based on MERs and
remotely controlled switches, which are used as effective
practical leverages for load restoration in the post-hurricane
period. In networked microgrids, the concept of cooperative
power scheduling commitment can help provide resiliency
in an emergency situation. Thus, a sufficient stochastic two-
stage operation and management framework is developed to
increase networked microgrid resiliency performance func-
tion by maximizing the amount of critical load restored and
minimizing the restoration time. Due to the instant opera-
tion and control capability of remotely controlled switches,
a reconfiguration technique is used in the first stage to alter
the network topology and provide replacement paths for ener-
gizing the affected loads. By appropriate formulation in the
first stage, buses that still experience loss or shortage of power
after the reconfiguration are determined and considered as
candidates for power delivery by MERS in the next stage.
In the second stage, truck-mounted MERs deliver power to
the islanded buses, observing the shortest path target and pos-
sible post-hurricane transportation infrastructure limitations.
To this end, Dijkstra’s algorithm is used to produce the short-
est path while avoiding damaged roads. In addition, an effec-
tive stochastic framework based on unscented transform (UT)
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is proposed to model the uncertainties associated with the
traveling time of truck-mounted MERs to the affected buses,
as well as the active and reactive load values. UT is a newly
introduced superposition and has shown great performance
in nonlinear transformations, state estimators and uncertainty
modeling in the correlated environments [21]. In summary,
the main contributions of this work are:
• Developing an effective stochastic two-stage post-
hurricane resilient framework for networkedmicrogrids.

• Proposing an accurate linear power flow for reconfig-
urable networked microgrids with islanding capability.

• Developing a sufficient stochastic framework based on
UT for modeling the uncertainties of the problem of
post-hurricane load restoration, including truck-mounted
MERs’ travel time and active/reactive load demand.

• Leveraging truck-mounted MERs in conjunction with
reconfiguration to minimize electric consumers’ outage
time duration.

The rest of this paper is organized as follows. Section II
explains the problem formulation and component model-
ing and elaborates on the objective and relevant constraints.
Section III describes Dijkstra’s algorithm as the shortest-path
algorithm. Section IV describes the stochastic framework
based onUT. Section V presents illustrative scenarios to show
the proposed model applied to a test networked microgrid.
Discussions on the results and features of the proposed model
are provided in Sections VI and VII.

II. PROBLEM FORMULATION AND
COMPONENT MODELING
This section develops the problem formulation, including the
objective function and constraints, and models the multi-
microgrid distribution network and its components to allow
the use of these models in the proposed resilient optimization
problem.

A. OBJECTIVE FUNCTION
The objective function maximizes system resilience in the
post-hurricane restoration stage, i.e., the time period for
restoring loads using either reconfiguration or MERs. In
order to evaluate the system resilience objective function,
Fig. 2 shows an electric system resilience curve for a typical
extreme event.

FIGURE 2. Electric system resilience curve for a typical extreme event [6].

In Fig. 2, F(t) represents the system performance func-
tion, including the hurricane event progress state [te, tpe],
post-event degraded state [tpe, tr ], restoring state [tr , tpr ],
post-restoration state [tpr , tir ], and infrastructure recov-
ery [tir , tpr ] [6]. Considering satellite big data provided before
a hurricane [24]–[26], MERs are allocated to the most appro-
priate places close enough to the hurricane path for fast deliv-
ery to damaged areas. In the post-hurricane period, the main
time for focusing on improving system resilience is in the
range [tr , tir ], i.e., the restoration and post-restoration states.
During this time period, post-hurricane restoration strategies
should be employed to supply critical loads. After the hurri-
cane and based on the prediction methods and the distribution
system crew’s experience, the length of the outage time T 0

is estimated. Therefore, the restoration strategies are imple-
mented during the time [tr , tr+TO], and after tr+TO, normal
utility power activities are resumed to serve the loads.

According to Fig. 2, system resilience in the post-hurricane
restoration stage, i.e., the time period concerned with recon-
figuration and MER allocation, is evaluated by the integral
of the performance function over the time period minus the
generators’ cost [6]:

R = γ ×

tr+T 0∫
tr

F(t)dt − G (1)

In the above equation, R represents the resilience index in
the integral bandwidth of [tr , tr + T 0]. Therefore, increasing
R, either by maximizing F(t) or minimizing G, will enhance
system resilience. The parameter γ is used to convert energy
into its equivalent money value. The system performanceF(t)
is then evaluated as the total electrical energy supplied to
consumers based on their weighting priority [6]:

F(t) =
∑
∀k∈�MG

∑
∀m∈�B

Wm,kPDm,k,t , t ∈
[
tr , tr + T 0

]
(2)

Considering TCL as the service time of the load during post-
hurricane restoration, the R formulation in (1) is updated as
follows:

R = γ ×

tr+T 0∫
tr

Wm,kPDm,k,t∑
∀m∈�B

 dt − G ∀k ∈ �MG

= γ ×
∑
∀m∈�B

Wm,k

tr+T 0∫
tr

PDm,k,tdt − G

= γ ×
∑
∀m∈�B

Wm,k

tr+TCL∫
tr

PDm,k,tdt − G

= γ ×
∑
∀m∈�B

Wm,kPDm,kT
CL
m,k − G (3)

The variable TCL will be determined from the second stage
based on either reconfiguration or Dijkstra’s algorithm (travel
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time of MERs to the loads). Term G in (3) specifies the
power generation cost to make it possible to restore the
multi-microgrid system with the fewest number of DGs
and MERs:

G=
∑
t∈�T

 ∑
k∈�MG

 ∑
m∈�BG

ρGmP
G
m,t+

∑
n∈�BMG

ρMERn PMERn,t

δ
(4)

In the proposed model, faulty components that cannot be
restored are removed from the rest of the electric grid in
successive steps with short time delays. Remotely controlled
switches (RCSs) with a fast control mechanism in the smart
grids make it is possible to ignore small delays during the
fault clearing process, though these small delays are of high
significance in the transient stability analysis of the power
system, where the active and reactive power control is made
by the automatic generation control (AGC) system. There-
fore, it is clear that these short delays cannot significantly
affect the objective function value in our case. In the remain-
der of this section, first a mixed-integer nonlinear program-
ming (MINLP) model reflecting all the necessary operational
characteristics of the grid is proposed. In order to obtain
a more well-mannered problem formulation, the proposed
MINLP model is then converted into a mixed-integer linear
programming (MILP) model using a highly accurate lin-
earization method.

B. COMPONENT MODELING
Microgrid components are modeled using (5)-(10) for dis-
patchable DGs and (11)-(17) for distributed energy sources
(DESs).

Equations (5)-(6) show the active and reactive power
capacity limitations of a DG:

PGm,kx
G
m,k,t ≤ PGm,k,t ≤ P

G
m,kx

G
m,k,t

∀k ∈ �MG, ∀m ∈ �BG
k , ∀t ∈ �T (5)

QGm,kx
G
m,k,t ≤ QGm,k,t ≤ Q

G
m,kx

G
m,k,t

∀k ∈ �MG, ∀m ∈ �BG
k , ∀t ∈ �T (6)

Equations (7)-(8) show the ramp up and ramp down rate
limits:

PGm,k,t − P
G
m,k,t−1 ≤ RUG

m,k

∀k ∈�MG, ∀m∈�BG
k , ∀t ∈�T (7)

PGm,k,t−1 − P
G
m,k,t ≤ RDGm,k

∀k ∈�MG, ∀m∈�BG
k , ∀t ∈�T (8)

Equations (9)-(10) represent the minimum up and down
time limits:

TG−onm,k,t ≥ UTGm,k
(
xGm,k,t − x

G
m,k,t−1

)
∀k ∈ �MG, ∀m ∈ �BG

k , ∀t ∈ �T (9)

TG−offm,k,t ≥ DTGm,k
(
xGm,k,t−1 − x

G
m,k,t

)
∀k ∈ �MG, ∀m ∈ �BG

k , ∀t ∈ �T (10)

Constraints (11)-(12) ensure the limiting bounds on the
MERs:

PMERn,k xMERn,k,t ≤ PMERn,k,t ≤ P
MER
n,k xMERn,k,t

∀k ∈ �MG, ∀n ∈ �MER
k , ∀t ∈ �T (11)

QMERn,k xMERn,k,t ≤ QMERn,k,t ≤ Q
MER
n,k xMERn,k,t

∀k ∈ �MG, ∀n ∈ �MER
k , ∀t ∈ �T (12)

For DESs, (13)-(14) show the minimum and maximum
charging and discharging limits:

PChm,ky
Ch
m,k,t ≤ PChm,k,t ≤ P

Ch
m,ky

Ch
m,k,t

∀k ∈ �MG, ∀m ∈ �BS
k , ∀t ∈ �

T (13)

PDischm,k yDischm,k,t ≤ PDischm,k,t ≤ P
Disch
m,k yDischm,k,t

∀k ∈ �MG, ∀m ∈ �BS
k , ∀t ∈ �

T (14)

Constraints (15)-(16) present the available energy limit:

CS
m,k,t = CS

m,k,t−1 − P
Disch
m,k,t δ

/
ηDischm,k + P

Ch
m,k,tδη

Ch
m,k

∀k ∈ �MG, ∀m ∈ �BS
k , ∀t ∈ �

T (15)

CS
m,k ≤ CS

m,k,t ≤ C
S
m,k

∀k ∈ �MG, ∀m ∈ �BS
k , ∀t ∈ �

T (16)

Constraints (17)-(18) show the minimum charging and
discharging time limits:

TChm,k,t ≥ CT Sm,k
(
yChm,k,t − y

Ch
m,k,t−1

)
∀k ∈ �MG, ∀m ∈ �BS

k , ∀t ∈ �
T (17)

TDischm,k,t ≥ DT Sm,k
(
yDischm,k,t − y

Disch
m,k,t−1

)
∀k ∈ �MG, ∀m ∈ �BS

k , ∀t ∈ �
T (18)

Constraint (19) states the operation mode and (20) shows
the maximum number of truck-mounted MERs available in a
microgrid to provide fast power delivery.

yChm,k,t+y
Disch
m,k,t ≤ 1 ∀k ∈ �MG, ∀m ∈ �BS

k , ∀t ∈ �
T (19)∑

n

xMERn,k,t ≤ x̄MERk,t ∀k ∈ �MG, ∀t ∈ �T (20)

In this study, the scheduling interval is assumed to be an
hour to model these constraints (t-(t-1) = δ = 1h). Shorter
time intervals can be evaluated in the same manner.

C. MICROGRID DISTRIBUTION NETWORK MODELING
In this part, a linear steady-state model is proposed for the
distribution network. The proposed model incorporates the
power flow equations for modeling the active and reactive
loads, considers switching capability for changing the net-
work topology and determines islanded buses along with the
amount of power required to restore them.

As mentioned in the introduction, reconfiguration is used
as an active tool for improving system resiliency. The basic
architecture for a reconfiguration strategy requires three main
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components [5]: 1) devices to be controlled, 2) a commu-
nication system, and 3) a central control (CC). The control
devices can generally be either manual switches or RCSs
that facilitate the change of the network topology. The com-
munication system has the task of transferring data from
different parts of the network, such as the measuring devices,
protective devices, and the actuators, to the CC. In the case
of RCSs, there is no need for any crew member, thus they are
appropriate for fast restoration [5]. In other words, it is RCSs
that make it possible to isolate a faulty component, either a
feeder or bus, in a system. Therefore, there is no need for any
further modification/amending of the protection scheme after
its initial design.

Eqs. (21)-(29) model the AC power flow in a micro-
grid based on a set of recursive equations, as demonstrated
in Fig. 3. In these formulations,MERs’ locations and required
capacities are determined, which will be used further in stage
2 for power delivery by truck-mounted MERs. Eqs. (21)-(22)
acquire the active and reactive power balances at each system
bus, incorporating DGs, DESs, MERs and loads.∑
lm∈(�DL∪�TL)

[
PLlm,k,t − Rlm,k

(
ILlm,k,t

)2]
−

∑
mn∈(�DL∪�TL)

PLmn,k,t + P
G
m,k,t + P

MER
n,k,t

−PChm,k,t + P
Disch
m,k,t + P

M
m,k,t

= PDm,k,t∀k ∈ �
MG, ∀m ∈ �B

k , ∀n ∈ �
MER
k , ∀t ∈ �T

(21)∑
lm∈(�DL∪�TL)

[
QLlm,k,t − Xlm,k

(
ILlm,k,t

)2]
−

∑
mn∈(�DL∪�TL)

QLmn,k,t + Q
G
m,k,t + Q

MER
n,k,t + Q

M
m,k,t

= QDm,k,t
∀k ∈ �MG, ∀m ∈ �B

k , ∀n ∈ �
MER
k , ∀t ∈ �T (22)

Here, the symbol PMm,k,t /Q
M
m,k,t represents the amount of

active/reactive power transferred between the k th microgrid
and the utility.

FIGURE 3. Illustration of a radial distribution network.

Eqs. (23)-(24) show Kirchhoff’s voltage law (KVL) as it
relates to each distribution line. Here, 1Vmn,k,t is an aux-
iliary variable that receives a value of zero if line mn is
switched on in microgrid k at time period t; otherwise it will

have a positive/negative value in proportion to the difference
between the voltages of the sending and receiving buses of
line mn.(
Vm,k,t

)2
−
(
Vn,k,t

)2
= 2

(
Rmn,kPLmn,k,t + Xmn,kQ

L
mn,k,t

)
− (Zmn,k )2

(
ILmn,k,t

)2
+1Vmn,k,t ∀mn∈

(
�DL
∪�TL

)
,

∀k ∈ �MG, ∀t ∈ �T (23)(
Vm,k,t

)2 (ILmn,k,t)2
=

(
PLmn,k,t

)2
+

(
QLmn,k,t

)2
∀mn ∈

(
�DL
∪�TL

)
,

∀k ∈ �MG, ∀t ∈ �T (24)

Eq. (25) determines the acceptable range of bus voltage mag-
nitudes.

V ≤ Vm,k,t ≤ V ∀k ∈ �MG, ∀m ∈ �B
k , ∀t ∈ �

T (25)

Eq. (26) is the feeder maximum current flow capacity. It also
checks the current of an out of service line to see if it is
zero. In (26), the binary variable wLmn,k,t equals one only
if the corresponding distribution line is working properly;
otherwise it will be equal to zero.

0 ≤ ILmn,k,t ≤ ILw
L
mn,k,t ∀k ∈ �

MG, ∀mn ∈ �DL , ∀t ∈ �T

(26)

0 ≤ ILmn,k,t ≤ IL ∀k ∈ �
MG, ∀mn ∈ �TL , ∀t ∈ �T (27)

Eq. (28) sets appropriate bounds on variable 1Vmn,k,t .∣∣1Vmn,k,t ∣∣ ≤ (V − V ) (1− wLmn,k,t) ∀k ∈ �MG,

∀mn ∈
(
�DL
∪�TL

)
, ∀t ∈ �T (28)

Eqs. (29)-(30) guarantee that the power exchange with the
utility grid is limited by the flow limits of the line connecting
the microgrid to the utility grid.

−PMm,k ≤ PMm,k,t ≤ P
M
m,k ∀k ∈ �

MG, ∀m ∈ �B
k , ∀t ∈ �

T

(29)

−QMm,k ≤ QMm,k,t ≤ Q
M
m,k ∀k ∈ �

MG, ∀m ∈ �B
k , ∀t ∈ �

T

(30)

The radiality constraint is a valid constraint in the optimal
operation of a distribution power system. Nevertheless, in an
extreme operationmode (after a hurricane), it is quite possible
that some damaged buses cannot be restored and will remain
islanded. In such a case, which did occur in our problem,
maintaining network radiality in the traditional waywill force
the grid to connect the healthy components to the damaged
components and thus put the system in an unstable mode.
To deal with this situation, the set of buses in eachMG should
be updated in each iteration (here, by iteration we mean a
single application of any resiliency reinforcement strategy
to the system) such that only buses that can escape from
being left islanded are included in the set. These buses can
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be considered in the reconfiguration process and will obey
the radiality constraint. In other words, if a load at bus m
can be energized by a microgrid k , it is added to the relevant
bus set in the MG, i.e. �B

k . It is clear that any bus with a
healthy connecting line through a tie or sectionalizing switch
has the potential to be recovered during the reconfiguration
process; however, buses with permanent line faults may stay
islanded without being connected to any microgrid. Such
buses have lost their connection with adjacent buses due to
permanent tie and sectionalizing switch failure. These buses
should be removed from the set of buses in the relevant MG
to avoid any problems for the network radiality constraint.
This can be achieved by finding the disconnected nodes of an
undirected graph representing the MG system topology and
removing the nodes and edges of buses with neither a healthy
tie nor sectionalizing connection. Therefore, the updated set
of buses,�B∗

k , which will meet the radiality constraint in each
MG k , is as follows:

�B∗
k ={m|∃lm ∈ �

TLOR∃lm ∈ �DL
}; ∀k ∈�MG, ∀t ∈�T

(31)

Having updated the set of buses, the radiality constraint is
satisfied as follows:∑
lm∈(�DL∪�TL)

wLlm,k,t

= 1 ∀k ∈ �MG, ∀m ∈ �B∗
k , ∀t ∈ �

T (32)∑
lm∈�L

θLlm,k,t −
∑

mn∈�L

θLmn,k,t + θ
M
m,k,t

= θDm,k,t ∀m ∈ �
B∗, ∀k ∈ �MG, ∀t ∈ �T (33)

0 ≤ θLmn,k,t ≤
∣∣∣�N

∣∣∣wLmn,k,t ∀k ∈ �MG, ∀mn ∈ �DL ,

∀t ∈ �T (34)

0 ≤ θLmn,k,t ≤
∣∣∣�N

∣∣∣ ∀k ∈ �MG, ∀mn ∈ �TL , ∀t ∈ �T

(35)

0 ≤ θMm,k,t ≤
∣∣∣�N

∣∣∣ ∀k ∈ �MG, ∀m ∈ �B∗, ∀t ∈ �T

(36)

θDm,k,t

=

{
1 ∀m ∈ �B∗, ∀k ∈ �MG, ∀t ∈ �T

0 ∀m /∈ �B∗, ∀k ∈ �MG, ∀t ∈ �T (37)

In (33)-(37), θLmn,k,t shows the fictitious current flow of dis-
tribution lines, θMm,k,t shows the fictitious current flow of
the utility grid and θDm,k,t shows the fictitious current flow
demand. Constraints (33)-(37) guarantee the radiality of the
network. Note that these constraints define a set of fictitious
current flows (denoted by θ ) in order to energize loads on
buses with the possibility of connecting (or reconnecting)
to the microgrid. It is clear that any bus m′out of the set
�B∗(m′ /∈ �B∗) has to be in islanded mode and may later be
restored by its own DG or battery (if applicable) or mobile
MERs, according to the problem situation, which includes

transportation road status, available capacity and objective
function preferences.

While the above formulation is highly capable of mod-
eling the first stage of the proposed problem, it creates a
non-convex MINLP problem, which not only is very difficult
to solve, but also does not ensure achieving the optimal solu-
tion. In order to overcome this issue, the above formulation
needs to be linearized.

D. LINEARIZATION OF THE DISTRIBUTION NETWORK
MODEL
The main nonlinearity terms in the formulation of the last
section are constraints (21)-(24). In order to linearize these
equations, the following new variables need to be defined:

f Lmn,k,t =
(
ILmn,k,t

)2
∀k ∈ �MG,∀mn ∈

(
�DL
∪�TL

)
,

∀t ∈ �T (38)

um,k,t =
(
Vm,k,t

)2
∀k ∈ �MG,∀m ∈ �B

k ,∀t ∈ �
T (39)

By considering the newly defined variables, Eqs. (20)-(26)
are respectively updated as follows:∑
lm∈�L

[
PLlm,k,t−Rlm,k f

L
lm,k,t

]
−

∑
mn∈�L

PLmn,k,t+P
G
m,k,t+P

MER
n,k,t

−PChm,k,t + P
Disch
m,k,t +

∑
l∈�MG

PMl,k,t

= PDm,k,t ∀k ∈�
MG, ∀m∈�B

k , ∀n ∈ �
MER, ∀t ∈ �T

(40)∑
lm∈�L

[
QLlm,k,t − Xlm,k f

L
lm,k,t

]
−

∑
mn∈�L

QLmn,k,t + Q
G
m,k,t

+QMERn,k,t +
∑
l∈�MG

QMl,k,t = QDm,k,t

∀k ∈�MG, ∀m∈�B
k , ∀n∈�

MER, ∀t ∈�T (41)

um,k,t − un,k,t

= 2
(
Rmn,kPLmn,k,t + Xmn,kQ

L
mn,k,t

)
−
(
Zmn,k

)2 f Lmn,k,t
+1Vmn,k,t ∀mn ∈

(
�DL
∪�TL

)
, ∀k ∈ �MG,

∀t ∈ �T (42)

um,k,t f Lmn,k,t

=

(
PLmn,k,t

)2
+

(
QLmn,k,t

)2
∀mn ∈

(
�DL
∪�TL

)
,

∀k ∈ �MG, ∀t ∈ �T (43)(
V
)2
≤ um,k,t ≤

(
V
)2
∀k ∈ �MG, ∀m ∈ �B

k , ∀t ∈ �
T

(44)

0 ≤ f Lmn,k,t ≤
(
IL
)2
wLmn,k,t ∀k ∈ �

MG, ∀mn ∈ �DL ,

∀t ∈ �T (45)

0 ≤ f Lmn,k,t ≤
(
IL
)2
∀k ∈�MG, ∀mn∈�TL , ∀t ∈�T

(46)
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∣∣1Vmn,k,t ∣∣
≤

[(
V
)2
−
(
V
)2] (1− wLmn,k,t)

∀mn ∈
(
�DL
∪�TL

)
, ∀k ∈ �MG, ∀t ∈ �T

(47)

According to the above new formulation, the newly defined
variables can linearize Eqs. (21)-(24). The only remaining
nonlinear constraint is (43), which also needs to be linearized,
as will be described in the rest of this section.

The left-hand side of (43) can be expressed as follows:

um,k,t f Lmn,k,t=
[(
um,k,t+f Lmn,t

)
/2
]2
−

[(
um,k,t−f Lmn,t

)
/2
]2
(48)

Accordingly, (43) can be rewritten as (49) (we omit k as the
MG index from here on out to preserve the simplicity in the
shape of our formulation):(
ω+mn,t

)2
−
(
ω−mn,t

)2
=

(
PLmn,t

)2
+

(
QLmn,t

)2
∀mn ∈

(
�DL
∪�TL

)
,∀t ∈ �T (49)

where the variables ω+mn,t and ω
−
mn,t are defined as:

ω+mn,t =
(
ui,m,t + f Lmn,t

)
/2, ω−mn,t =

(
ui,m,t − f Lmn,t

)
/2

(50)

Now, (49) can be linearized using a piecewise-based lin-
earization method:∑3

λ=1

(
aω+λ δω+mn,t,λ + b

ω+
λ 1ω+mn,t,λ

)
−

∑3

λ=1

(
aω−λ δω−mn,t,λ + b

ω−
λ 1ω−mn,t,λ

)
=

∑3

λ=1

(
aPLλ δ

PL
mn,t,λ + b

PL
λ 1

PL
mn,t,λ

)
+

∑3

λ=1

(
aQLλ δ

QL
mn,t,λ + b

QL
λ 1

QL
mn,t,λ

)
∀mn ∈

(
�DL
∪�TL

)
,∀t ∈ �T (51)

ω+mn,t =
∑3

λ=1
δω+mn,t,λ, ω−mn,t =

∑3

λ=1
δω−mn,t,λ

(52)

PLmn,t =
∑3

λ=1
δPLmn,t,λ, QLmn,t =

∑3

λ=1
δ
QL
mn,t,λ

(53)

ψPL
λ−11

PL
mn,t,λ ≤ δ

PL
mn,t,λ ≤ ψ

PL
λ 1PL

mn,t,λ (54)

ψ
QL
λ−11

QL
mn,t,λ ≤ δ

QL
mn,t,λ ≤ ψ

QL
λ 1

QL
mn,t,λ (55)

ψPL
λ−11

PL
mn,t,λ ≤ δ

PL
mn,t,λ ≤ ψ

PL
λ 1PL

mn,t,λ (56)

ψ
QL
λ−11

QL
mn,t,λ ≤ δ

QL
mn,t,λ ≤ ψ

QL
λ 1

QL
mn,t,λ (57)∑3

λ=1
1ω+mn,t,λ ≤ 1,

∑3

λ=1
1ω−mn,t,λ ≤ 1 (58)∑3

λ=1
1PL
mn,t,λ ≤ 1,

∑3

λ=1
1
QL
mn,t,λ ≤ 1 (59)

It is worth mentioning that the superscripts ‘‘ω+’’, ‘‘ω−’’,
‘‘PL’’, and ‘‘QL’’ represent the elements related to the

quadratic terms
(
ω+mn,t

)2
,
(
ω−mn,t

)2
,
(
PLmn,t

)2, and (QLmn,t)2,
respectively. Also, δmn,t,λ ≥ 0 and 1mn,t,λ ∈ {0, 1} are con-
tinuous and binary auxiliary variables, respectively, necessary
for acquiring the piecewise linear expressions of the quadratic
terms. The symbols ψλ, aλ, and bλ are constant parameters
that can be evaluated as follows:

ψω+λ = ω+ + (λ) (1/3)
(
ω+ − ω+

)
(60)

ω+ = (1/2)
(
V
)2
, ω+ = (1/2)

[(
V
)2
+

(
IL
)2]

(61)

ψω+λ = ω− + (λ) (1/3)
(
ω− − ω−

)
(62)

ω− = (1/2)
[(
V
)2
−

(
IL
)2]

, ω− = (1/2)
(
V
)2

(63)

ψPL
λ = ψ

QL
λ = (λ) (1/3)VI

L (64)

aω+λ =
[(
ψω+λ

)2
−
(
ψω+λ−1

)2]
/
[
ψω+λ − ψ

ω+
λ−1

]
(65)

aω−λ =
[(
ψω−λ

)2
−
(
ψω−λ−1

)2]
/
[
ψω−λ − ψ

ω−
λ−1

]
(66)

aPLλ = aQLλ =
[(
ψPL
λ

)2
−

(
ψPL
λ−1

)2]
/
[
ψPL
λ − ψ

PL
λ−1

]
(67)

bω+λ =
(
ψω+λ

)2
− aω+λ ψω+λ (68)

bω−λ =
(
ψω−λ

)2
− aω−λ ψω−λ (69)

bPLλ = bQLλ =
(
ψPL
λ

)2
− aPLλ ψ

PL
λ (70)

In order to understand the method of obtaining the linear
representation of constraint (56), we consider each quadratic
term,

(
ω+mn,t

)2
,
(
ω−mn,t

)2
,
(
PLmn,t

)2 and
(
QLmn,t

)2, as H (x).
Through the piecewise linearization approach, H (x) is lin-
earized as follows:

H (x) =
∑3

λ=1
(aλδλ + bλ1λ) (71)

x =
∑3

λ=1
δλ (72)

ψλ−11λ ≤ δλ ≤ ψλ1λ λ = 1, . . . , 3 (73)∑3

λ=1
1λ ≤ 1 (74)

δλ ≥ 0, 1λ ∈ {0, 1} λ = 1, . . . , 3 (75)

In the above formulation, δλ and 1λ are continuous and
binary auxiliary variables, respectively, used to obtain the
piecewise linear representation of H (x). Also, ψλ, aλ, and
bλ are constant parameters, evaluated as follows:

ψλ = x + λ
(
1
3

) (
x − x

)
λ = 1, . . . , 3 (76)

aλ = [H (ψλ)− H (ψλ−1)] / [ψλ − ψλ−1] λ = 1, . . . , 3

(77)

bλ = H (ψλ)− aλψλ λ = 1, . . . , 3 (78)

In this notation, x and x show the upper and lower bounds for
the variable x, respectively. Fig. 4 depicts the piecewise linear
approximation method for a typical quadratic function.

As can be inferred from Fig. 4, the feasible range of vari-
able x is divided into 3 segments. Then, for each segment λ,
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FIGURE 4. Piecewise linear approximation of a typical quadratic function.

a line with a slope of aλ and intercept of bλ is considered.
Finally, using the binary variable 1λ, only one of the lines is
chosen to model the nonlinear function H (x). The proposed
linear model guarantees obtaining the global optimal solution
with a very high accuracy. The high accuracy and perfor-
mance of the proposed linearization method is demonstrated
in the simulation results section. The proposed linearization
is quite appropriate for fast and accurate analysis of the
microgrids, followed by fast scheduling for units, switches
and MERs in a short time.

III. SHORT-PATH ROUTING ALGORITHM
In order to find the optimal routes for delivering MERs to
islanded buses or buses with a power shortage, this research
uses Dijkstra’s algorithm. It is worth noting that there are
a number of other path-finding algorithms, such as A∗ and
dynamic programming, which can be used in the same way.
Dijkstra’s algorithm is capable of solving the one-to-all short-
est path problem, which is the problem of determining the
shortest path from a candidate node s to all the other nodes in a
network, given a weighted network (�S,�TE,�1) with node
set�S, edge set�TE, and weight set�1, specifying weights
cij for edges (i, j) ∈ �TE. As has already been mentioned,
satellite big data provided before a hurricane will help MERs
move to the most appropriate places close enough to the hur-
ricane path for fast delivery to the damaged areas. Therefore,
the starting point s ∈ �S is known in the post-hurricane
management problem. The appropriate destination nodes
are determined in stage I of the optimization framework,
as described in the last section. In the first stage, the proposed
linear power flow determines the healthy buses that have to
remain islanded due to the lack of access to any in-service
feeder. Depending on the severity of the damage caused by
a hurricane in the area, these buses could be restored after
optimal switching and reconfiguration, meaning these buses
are considered as potential candidates for load restoration

using truck-mounted MERs. Considering the limited number
of trucks and the possibly damaged roads—which would
otherwise be used to access these buses—in the second step,
Dijkstra’s algorithm is employed to find the shortest paths
through healthy roads. In this situation, it is quite likely
that some of the buses cannot be accessed at all, due to far
distances or severe road damage. In this way, three criteria are
considered for picking the most appropriate islanded buses
for restoration by truck-mounted MERs: 1) buses with the
shortest path from the trucks’ initial location (TCLm,k ), 2) buses
with a higher demand side (PDm,k ) and 3) buses with higher
priority (Wm,k ). It is worth noting that in this work we have
consideredWm,k = 1 as showing equal priority for all buses.

This strategy will clearly restore the islanded buses with
the shortest path and highest load demand through the
truck-mountedMERs. As mentioned above, it is possible that
the number of affected buses that need MERs may be more
than the number of truck-mounted MERs available, such that
only some of them may be restored based on the shortest-
path criterion and their priority. In order to avoid trucks taking
obstructed routes, these routes (edges) are omitted from the
edge set �TE in Dijkstra’s algorithm. The physical distance
between two nodes is assumed to be weight cij for edge (i, j).
Then the following steps are used to find the optimal route for
delivering MERs to the islanded buses or buses with a power
shortage (italic words show special words):
Step I: Pick a truck with the start point s ∈ �S .
Step II: Initialize the status of nodes.
(1) Give the zero distance value to node s, and label it as

Permanent. [The state of node s becomes (0, pe).]
(2) Assign to every node a distance value of ∞ and

label them as Temporary. [The states of other nodes become
(∞, te).]
(3) Consider node s as the current node.
Step III: In this step, the distance value and current node

designation are updated. Assign i as the index of the current
node and then:

(1) Determine the set �J of nodes with temporary labels
that can be touched from the current node i by a link (i, j).
[Update the distance values of these nodes.]

(2) For each node j ∈ �J , the distance value dj is updated
using the below equation:

dnewj = min{dj, di + cij} (79)

(3) Verify a node j that has the minimum distance value dj
among all nodes j ∈ �J , and find �J∗ such that:

minj∈Jdj = dj∗ (80)

(4) Update the label of node j∗ to permanent and consider this
node as the current node.
Step IV: Check the termination criterion. If all nodes that

can be reached from node s have been permanently labeled,
then finish the algorithm (go to step V). If we cannot get to
any temporary labeled node from the current node, then all
the temporary labels become permanent and the algorithm
finishes (go to step V). Otherwise, return to Step III.
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FIGURE 5. Proposed two-stage post-hurricane optimal management
framework with reconfiguration and MERs.

Step V: If all the trucks manage to finish the algorithm, end;
otherwise return to Step I.

Fig. 5 shows the structure of the proposed two-stage opti-
mization problem. Also, the flowchart of all steps required
to run the proposed management framework is provided
in Fig. 6.

IV. STOCHASTIC FRAMEWORK BASED ON UT
This section proposes a powerful stochastic framework based
on UT [21] to model the uncertainties of the proposed
resilient management framework, including the travel time of
truck-mountedMERs and active and reactive load values. The
proposed stochastic framework is capable of modeling the
nonlinear uncertainty in the correlated environment. In com-
parison with other well-known stochastic methods, such a
Monte Carlo simulation, UT can model high uncertainty
models with much less computational burden. High uncer-
tainty capturing capability, ease of coding, low computational
burden and correlated modeling structure are among the main
features of UT. A UT model makes use of the core concept
that it is easier to approximate a probability density function
than an arbitrary nonlinear function. As a result, it tries to gen-
erate fitting samples of input uncertain parameters/variables
while preserving their PDF information. In order to better
understand this model, let us assume our nonlinear problem
as Y = f (X ), wherein Y is the output vector, f is the nonlinear
function and X is the input random. We also assume that our
problem has v uncertain parameters with the mean value µ
and covariance Pxx . In Pxx , the symmetrical component is
the uncertain parameter variance and the non-symmetrical
components show the covariance between any two uncertain
parameters. Having v uncertain parameters, UT attempts to
generate 2v+1 samples and solves the problem 2v+1 times to
handle the uncertainty effects. To this end, the UTmodel uses
the following steps to evaluate the mean µy and covariance
matrix Pyy of the output y:
Step 1: Extract 2v+ 1 sample points from the input uncer-

tain data PDF information as follows:

X0 = µ (81)

FIGURE 6. Flowchart of the proposed two-stage stochastic post-hurricane
optimal management framework with reconfiguration and MERs.

Xu = µ+
(√

v
1− β0

Pxx

)
u

u = 1, 2, . . . , v (82)

Xu = µ−
(√

v
1− β0

Pxx

)
u

u = 1, 2, . . . , v (83)

Note that the term (A)u refers to the uth row or column
of matrix A. Also, β0 is the weight of the mean value µ
determined by the operator.
Step 2: Compute the weighting factor for each sample as

follows:

β0 = β0 (84)

βu =
(1− β0)

/
2v u = 1, 2, . . . , 2v (85)
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In order to maintain the problem dimension, the summation
of the weighting factors should be in unity:

βu∑
u∈�u
= 1 (86)

Step 3: Feed the 2v + 1 sample points into the nonlinear
function f to find the output samples as follows:

Yu = f (Xu) (87)

Step 4: Compute the mean µy and covariance Pyy of the
output variable Y using the results from step 3 as follows:

µy =
βuYu∑
u∈�u

(88)

Pyy =
βu(Yu−µy)(Yu−µy)T∑

u∈�u
(89)

Therefore, each time the objective function (3) needs to be
evaluated, the above explained stochastic framework is used
to find the expected value of the objective function, providing
more reliable and trustworthy results that show the realistic
uncertainty effects of the problem.

V. NUMERICAL SIMULATIONS
A multi-microgrid test system with four interconnected
microgrids is considered for studying the performance of the
proposed resilient framework. The multi-microgrid system,
borrowed from [27], has a total of 68 sectionalizing switches
and 4 tie switches (one tie switch inside each microgrid),
as shown in Fig. 7. Tie switches 69-73 are located between
buses 11-43, 13-21, 15-46, 50-59 and 27-65, respectively.
The red dotted lines in this figure show the connecting points
of the microgrids. Table 1 shows the characteristics of the
DGs in each microgrid. Simulations are implemented in
GAMS (first stage) and MATLAB software (second stage)
in conjunction with each other. In the stochastic framework,
Gaussian distribution PDFs are assumed to model the uncer-
tainty effects with the mean value as the forecast data and a
standard deviation of 10% and 7% of base values for truck-
mounted MER travel time and active/reactive load demand,
respectively. The total CPU time is 1.7 seconds.

Geographic information for an optimal routing comprised
of 154 nodes and 269 edges is extracted from [28], as shown

TABLE 1. Characteristics of DGs

FIGURE 7. One-line diagram of the multi-microgrid test system with a
hurricane passing through it [27].

FIGURE 8. Transportation road map and network topology (One distance
unit = 2.6 miles).

in Fig. 8. The nodes are shown using black numbers and route
distances are shown using red numbers. It is assumed that the
hurricane passes through almost the middle of the networked
microgrid, damaging part of the network, as shown in Fig. 7.
Information regarding the damaged lines and islanded buses
is given in Table 2. Among the damaged lines, two tie

VOLUME 6, 2018 72321



A. Kavousi-Fard et al.: Stochastic Resilient Post-Hurricane Power System Recovery

TABLE 2. Information on damaged roads and power lines.

TABLE 3. Characteristics of available trucks.

switches (normally open) are also affected, which cannot be
used in the reconfiguration (shown in bold font in Table 2).
The utility has four truck-mounted MERs, each of which
is pre-located before the hurricane at the appropriate loca-
tions, as listed in Table 3. As mentioned before, based on
the prediction methods and distribution system crew expe-
riences, the length of the outage time T 0 is estimated after
the hurricane. Normal utility power activities are resumed for
serving the loads after T 0. In this study, T 0 is assumed to be
5 hours. Any activity for improving system resilience should
be implementedwithin this time range after the hurricane. It is
clear that T 0 can change according to the weather disaster
case, ranging from 1 hour to more than a day. Accurate
estimation of T 0 is out of the scope of this paper and requires
accurate machine learning techniques. Nevertheless, we pro-
vide some explanations on T 0 to make the way clear for
estimation researchers in the power system. After the accurate
estimation of T 0, if the actual outage duration is longer
than the estimated duration, the restored loads may face an
outage again due to the exhaustion of the MERs. If the actual
value of T 0 is smaller than the estimated value, the MER
allocation scheme obtained by the proposed framework may
be conservative. In this situation and to prevent the restored
loads from experiencing an outage again, a larger estimated
T 0 is preferable.

In order to clearly show the performance of the proposed
resilient framework, the following four cases are studied:
• Case 0: Validate the proposed distribution network
power flow model in the deterministic framework
(ignore uncertainty effects).

• Case 1: Ignore reconfiguration and MERs. In this case,
no restoration activity is implemented and the system
experiences normal utility crew power activities after
tr + TO.

• Case 2: Optimal switching is used to restore maximum
loads and increase system resilience. Here, MERs are
still ignored.

• Case 3:Optimal switching and power delivery byMERs
are considered to maximize the restored loads. Optimal
routing for finding the shortest path is necessary in this
case.

It is worth noting that cases 1-3 are simulated in the
stochastic framework. In order to verify the accuracy level of
the proposed linear power flow model, first we run the power
flow on the test system, ignoring all DGs and assuming fixed
load values (the original IEEE standard test system). In this
way, power losses and bus voltages (magnitude and angle) are
evaluated using the proposed linear power flow and compared
with those of the well-known recursive backward-forward
sweep method. To provide a better comparison, four different
load levels, ranging from 50% to 200%, are considered. The
accuracy of the proposed power flowmodel in terms of power
losses, bus voltage magnitude and angle error are evaluated
as follows:

εPlossm =

∥∥∥∥Plossm − PlossLPFm

Plossm
× 100

∥∥∥∥ (90)

εvm =

∥∥∥∥Vm − V LPF
m

Vm
× 100

∥∥∥∥ (91)

εθm =

∥∥∥∥θm − θLPFm

θm
× 100

∥∥∥∥ (92)

where Plossm and Vm/θm show the power losses and bus
voltage magnitude/angle level calculated by the conven-
tional backward-forward sweep method and PlossLPFm and
V LPF
m /θLPFm show the output of the proposed linear PF.

Table 4 shows the simulation results for the network voltage
magnitude and angle value for different load levels. It should
be mentioned that the abbreviations Avg. and Max. rep-
resent the average and maximum of the calculated errors,
respectively. According to these results, the proposed linear
power flow has provided very highly similar results to those
produced using the backward-forward sweep method as a
benchmark. These great results are obtained thanks to the
high accuracy and performance of the proposed linearization
method. In addition, it is seen that increasing the load level
increases the voltage error slightly, but again, this increase is
small enough to not affect the high accuracy of the method,
even for the 200% load level.

TABLE 4. Comparison of voltage magnitudes/angles for different load
levels.

Table 5 shows the amounts of total power losses for
different load levels using the proposed power flow and
backward-forward sweep method. As additional evidence,
these results show high performance and very low error

72322 VOLUME 6, 2018



A. Kavousi-Fard et al.: Stochastic Resilient Post-Hurricane Power System Recovery

TABLE 5. Comparison of total power losses for different load levels.

values—almost negligible and thus appropriate for any power
system study. These results clearly show that the performance
of the proposed method does not depend on the size and load
values, revealing the high resilience and applicability of the
proposed linear power flow.

FIGURE 9. Comparison of (a) bus voltage magnitude and (b) bus voltage
angle using the proposed linear power flow as well as the
backward-forward sweep method for the IEEE test system.

Finally, Fig. 9 shows the comparative plot of the bus volt-
age magnitude and angle for the peak load (100% load value)
using the proposed model and backward-forward sweep
method. As shown by our other results, these results also
demonstrate the high accuracy of the proposed linearization
method, making the model quite suitable for further use in
our case.

Table 6 shows the comparative results of islanded buses,
total energy not supplied and the resilience objective function.
According to these results, optimal reconfiguration could
restore loads on buses 14, 15 and 56. Considering instant

TABLE 6. Information on damaged roads and power lines.

restoration of the loads through switching, total energy not
supplied is reduced by about 649 kWh. The remaining dam-
aged buses, which could not be restored through the recon-
figuration, are among the candidates for power delivery by
MERs. From a reconfiguration point of view, only tie switch
13-21 remains open; the other two tie switches, 15-46 and
27-65, are in service. By switching (tie switch 27-65) and
considering that microgrid four is disconnected from micro-
grid one after the hurricane, microgrid four can be replaced by
microgrid one to support part of its loads. Also, by using tie
switch 15-46, the two affected buses, 14 and 15, in microgrid
two are energized through bus 46 in microgrid one. These
results demonstrate the highly significant performance of the
reconfiguration.

In case 3, five trucks should be scheduled to deliver MERs
to the above buses following the shortest-path rule. Please
note that buses 10, 11, 12, 13, 52, 55, 66 and 68 are located
on physical transportation nodes 54, 69, 92, 56, 67, 83,
89 and 104, respectively. Dijkstra’s algorithm will find the
shortest path from any departure node s to all candidate
buses. Table 7 shows the shortest path simulation results.
Each truck starts from the pre-located departure point and
passes the nodes shown in Table 7 to get to the islanded bus.
Considering one minute for driving one mile, truck-mounted
MERs in case 3 could restore buses 10, 52, 55, 66 and 68 in
the short time of around half an hour. This increases the
resilience objective function and reduces the total energy not
supplied, as shown in Table 6. Therefore, only buses 11,
12 and 13 remain without power, which can be arranged
during a later power delivery ifmoreMERs become available.

TABLE 7. Optimal routing results for truck-mounted MERs.

In the simulation results of case 3, all roads were assumed
to be in service. In order to see the effect of road damage on
the resilience function, Table 8 shows the simulation results
for different scenarios. Scenario 1 simulates case 3, in which
all roads are in service. In the second scenario, since road
25-39 is damaged, truck number one has to drive 2.6 miles
more to deliver the MER to bus 10. This has increased
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FIGURE 10. Total travel distance for trucks (miles).

TABLE 8. Effect of damaged roads on the restoration process.

the total energy not supplied and devastated the resilience
objective function. According to these results, increasing the
trucks’ travel time will increase the total energy not supplied
and reduce network resilience. Nevertheless, this impact is
not the same for all trucks. Fig. 10 shows the total travel
distance for all trucks. For instance, trucks in scenarios 3 and
6 experience the same driving time, but the system resilience
and energy not supplied differ. This is due to the different
amount of load supplied by different trucks and MERs.

All cases investigated above are implemented in the first
step. Now let us examine a case in which the repair crew
is able to fix some components, such as power lines or sec-
tionalizing switches, in the first few hours after a hurricane.
Although this case is uncommon, considering the very com-
plicated situation and highly severe damage after a typical
hurricane, it can be considered as a possible case (calledCase
4 here) for some areas that are less affected by a hurricane. Let
us assume that tie switch 50-59 is repaired by the repair crew
after an hour, and power line 55-56 is repaired at the same
time. By energizing line 55-56, bus number 55 is supplied by
MG 4 through tie switch 27-65, which was closed in Case
3 due to the reconfiguration process. Therefore, there is no
need for aMER at bus 55 anymore, meaning it can be used for
transferring power to another islanded bus instead. According
to the recent simulation results in Case 3, buses 11, 12 and
13 are among the best candidates for sending a truck mounted
MER to from the starting location of bus 55. Nevertheless,
we need to first run the optimal reconfiguration once more
to make sure that the network is operating at its optimal
structure. Considering the in-service status of tie switch 50-
59, the reconfiguration strategy tries to connect MG 4 to
MG 1 and simultaneously disconnect it from MG 3. This

task can be performed by opening tie switch 27-65 (which
was closed in the last step) and closing tie switch 50-59.
Through this network reconfiguration process, not only is
bus 55 energized by MG 1, but the network power loss is
reduced in both MGs 1 and 3. In addition, one MER remains
unused and can be sent to any of buses 11, 12 or 13 based
on the shortest traveling time (TCLm,k ), load priority (Wm,k ) and
total load demand (PDm,k ), all of which are incorporated in the
objective function (3). Considering the same road condition
as in scenario 6 in Table 8, bus 12 is selected by the algorithm
as the best candidate. The simulation results in Table 9 clearly
show notable improvement in the objective function value and
mitigation of the total energy not supplied index.’’

TABLE 9. Comparative results of Case 3 and Case 4.

FIGURE 11. Sensitivity Analysis of the Standard Deviation Value of the
Uncertain Parameters on the Resilient Function Value.

So far, all simulations were implemented in the stochastic
framework and thus provided expected values as the objec-
tive functions. This factor is important, since ignoring the
uncertainty effects can bring about idealistic results, keeping
the operator far from the system’s actual operating point in
the real world. In order to better perceive the uncertainty
effects of the problem, Fig. 11 is provided forCase 3, scenario
6. As mentioned before, this paper considers Gaussian PDF
with a mean value of the base case to model uncertainty
effects. In order to better reveal the effects of uncertainty on
the problem, the standard deviation values of all uncertain
parameters are changed together and the stochastic frame-
work is run for each case, individually. To this end, the stan-
dard deviation values are changed from 0.5 to 4 times their
initial value using the discrete step of 0.1. It is clear that
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a very low value of standard deviation represents the deter-
ministic framework, while a high standard deviation value
shows a system with high uncertainty injections. Accord-
ing to Fig. 11, increasing the standard deviation values of
uncertain parameters increases the standard deviation of the
resilient objective function, as one would assume. This has
resulted in an increase of 63.47 in the expected value of the
resilient objective function, meaning that when we consider
the uncertainty effects of UT, even with small standard devi-
ation values, much of the uncertainty is modeled already,
and increasing the standard deviation value causes only a
small increase in the expected value of the resilient objective
function.

VI. CONCLUSION
This paper proposed a stochastic two-stage post-hurricane
recovery framework for maximizing networked microgrid
resilience, incorporating both electrical and transportation
constraints. The performance of the proposed method was
examined on a practical test system through three different
case studies. According to the simulation results, the pro-
posed framework in the first stage could effectively recover
parts of the loads by optimal switching. In addition, the first
stage determined the potential buses for emergency power
delivery, and truck-mounted MERs were sent to the islanded
buses based on the optimal routing algorithm. The resilience
objective function differs due to the travel time of the trucks
carrying the MERs, which varies according to the num-
ber and location of damaged routes. The proposed resilient
framework can not only reduce the energy not supplied to
consumers, but also reduce the costs resulting from a hurri-
cane. From an uncertainty point of view, the proposed linear
stochastic framework based on UT shows high capability in
modeling uncertainty effects and creating a more reliable and
realistic operating point for the grid. Nevertheless, we would
like to mention that the stability analysis of such a system
after a hurricane, including the dynamic stability, transient
analysis and process of connecting MERs to the buses, needs
to be investigated in a separate research work. The authors
aim to address the stability challenges of this problem in
future research.
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