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Abstract

Nowadays, decentralized microgrids (DC-MGs) have become a popular topic due to the
effectiveness and the less complexity. In fact, DC-MGs resist to share their internal information
with the distribution system operator (DSO) to protect their privacy and compete in the
electricity market. Further, lack of information sharing among MGs in normal operation
conditions leads to form a competitive market. However, in emergency operation conditions,
it results numerous challenges in managing network outages. Therefore, this paper presents a
hierarchical model consisting of three stages to enhance the resilience of DC-MGs. In all
stages, the network outage management is performed considering the reported data of MGs. In
the first stage, proactive actions are performed with the aim of increasing the network readiness
against the upcoming windstorm. In the second stage, generation scheduling, allocation of
mobile units and distribution feeder reconfiguration (DFR) are operated by DSO to minimize
operating costs. In the final stage, the repair crew is allocated to minimize the energy not served
(ENS). Uncertainties of load demand, wind speed and solar radiation are considered, and the

effectiveness of the proposed model is investigated by integrating to the 118-bus distribution
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network. Finally, the results of the simulation indicate that DFR and proactive actions decrease
the ENS by 19,124 kWh and 4,101 kWh, respectively. Further, the sharing of information
among MGs leads to a 48.16% growth in the supply service level to critical loads, and

consequently a 3.47% increase in the resilience index.

Highlights
e Presenting a hierarchical framework for distribution system resilience enhancement
e Increasing network readiness through performing proactive actions
¢ Sending mobile units to sensitive nodes to reduce ENS and accelerate system recovery
e Reducing ENS in critical consumers through data sharing among DC-MGs

e Reducing computational burden by dividing the problem to the three-stage

Keywords: Decentralized Microgrids; Renewable Energy Sources; Resilience Enhancement;

Distribution Feeder Reconfiguration; Mobile Emergency Units.
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Dyre Transportation path status (repair crew)
£ Initial energy of ESS (kWh)
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E.s ESS energy (kWh)

e ESS Index

EP Proactive action time (min.)

C Irradiance (W/m?)
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oM Max switching number
At Time step
S s Switching status
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n"" PV panel efficiency (%)
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A Standard failure probability
H; i mg Power exchange weight
o™ | o™ Regular/Critical load weight
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Regular/Critical load weight of MGs

EES

ESS operation cost ($/kWh)




MR ] g ENS penalty of regular/critical loads ($/kWh)
" Gas turbine cost ($/kWh)

7" | 7" Mobile unit’s cost ($/kWh)

" Up-stream grid price ($/kWh)
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1. Introduction

1.1. Background and Motivation

In recent years, improving the resilience of electric power systems against extreme weather
events has become one of the main concerns of researchers as these events occur more frequent.
However, as most of the distribution systems are designed to operate under normal condition,
these events could result serious damages to the distribution systems. [1]. Therefore, numerous
short-term and long-term measures have been investigated in recent years to deal with these
events. Long-term measures include hardening of the distribution system, placement of
sectionalizing switches and backup generators, while short-term measures include proactive
actions, distribution feeder reconfiguration, allocation of mobile emergency units (generators
and storage systems), and execution of demand response (DR) programs [2]. This study focuses
on short-term measures to deal with high impact low probability events.

Proactive actions include pre-positioning of mobile units and crew teams, and implementing
DFR to deal with upcoming events [3]. Further, multiple studies have shown that the
deployment of mobile units and crew teams at network stations in the pre-disturbance phase
could reduce the load shedding and increase the network recovery in the post-disturbance
phase. DFR is also one of the most effective approaches to enhance the resilience of distribution
systems Consequently, DFR reroutes power flow by changing the status of manual and

automatic switches, thus leading to enhanced system resilience. Therefore, in this model,



proactive actions including pre-positioning of mobile units and DFR are performed to enhance
the system resilience during emergency conditions.

Nowadays, one of the trending topics in the field of distribution systems is the resilience
enhancement of the active distribution network in multiple MGs. These MGs consist of
distributed energy resources (DERs) and energy storage systems (ESSs) that supply the load
of their customers through their DERs and purchases from upstream grid. Further, MGs can
operate in both on-grid and off-grid modes [4].

In modern distribution systems with several MGs, the system operator faces many challenges
to improve network resilience than traditional distribution systems, because these MGs resist
to share their internal information. This has motivated the authors of this paper to provide a
hierarchical framework to enhance the resilience of a 118-bus distribution system consisting of
8 MGs, which investigates the effect of MG data sharing on system resilience.

1.2. Literature Review

In recent years, several studies have been conducted with the aim of enhancing the resilience
of MGs to deal with extreme weather conditions. For instance, in Ref. [5], a multi-stage
stochastic model is presented to improve the resilience of interconnected MGs, in which AC
power flow constraints are considered. In this study, electric vehicles participate in load supply
during emergency conditions, and the results demonstrate that the proposed model significantly
reduces the solution time by dividing the operation problem into a multi-stage problem. In Ref.
[6], optimal size of MESSs have been determined to enhance the resilience of DC-MGs.
Further, the optimization problem is modeled as a three-level problem and solved by adaptive
genetic algorithm (GA). Moreover, uncertainties due to load demand and DERs output power
were considered in the model and the results indicate that the proposed model leads to improved
system resilience by determining the exact size of MESSs. Authors in Ref. [7] use the potential

of electric vehicles (EVs) to improve the resilience of MGs under emergencies. In this study,



each MG first reports information about the amount of energy stored in its EVs to the central
control system, and then the central control system sends the EVs to islanded MGs. Further the
simulation results indicate that the proposed method leads to enhanced system resilience.

Many studies in recent years have shown that connecting MEGs and MESSs to vital nodes
during emergency conditions could reduce load shedding in the system. Besides, several
studies have shown that performing proactive actions in the pre-disturbance phase has a great
impact on the recovery speed of the network. In this regard, in Ref. [8], the effect of proactive
actions on system resilience and recovery speed has been investigated and the results indicate
that timely pre-positioning of crew teams and MEGs leads to increased recovery speed. In
addition, Ref. [9] indicates that performing proactive actions has improved the resilience of a
47-bus distribution system, and the results demonstrate that the predictability of upcoming
events has a high impact on reducing the amount of load shedding in the system. Furthermore,
Ref. [10] presents a stochastic MILP model to improve the resilience of a distribution network,
in which the DSO changes the network topology during emergency conditions through manual
and automatic switches. Moreover, the results of this study demonstrated that pre-positioning
of service teams and MEGs in the pre-disturbance phase could lead to a reduction in load
shedding. In Ref. [11], the problem of resilience enhancement of a 33-bus distribution system
in the presence of residential, industrial and agricultural loads is investigated. In particular,
back up diesel generators, MESSs and DR programs have been used to enhance the system
resilience and the results demonstrate that this model has led to a 16.5% reduction in operating
costs during emergency condition. Further, Ref. [12] presents a model based on deep
reinforcement learning for the planning of distribution system hardening over a 100-year
horizon. The optimization problem is modeled as a Markov decision process and it is solved
by integrating novel ranking strategy, neural networks, and reinforcement learning. Finally, the

simulation results show that the proposed model has increased the system resilience by 30%.



Moreover, Ref. [13] proves that the installation of ESS on sensitive nodes of the network along
with hardening of lines significantly improves system resilience. In Ref. [14], the discharge of
not-in-service electric buses has been utilized to improve the resilience of a distribution system
during emergencies. In fact, the objective function of this model is to minimize the load
shedding and the results show that electric buses as temporary mobile power sources have a
high potential to increase the speed of system recovery.

In addition, numerous studies have proven that DFR is one of the most effective approaches to
enhance the system resilience during emergency conditions Further, DFR is performed through
changing the status of manual and automatic switches [15]. The optimal placement of
sectionalizing switches is performed in Ref. [16] to enhance the resilience of a 33-bus
distribution system. In particular, the uncertainties of fault occurrence, generation of renewable
energy resources (RERs) and load demand are considered to accomplish the operation
conditions in the model. In the proposed strategy, DSO changes the network topology and
forms several self-sufficient MGs to prevent the spread of faults in the network. Finally, the
results confirm that reconfigurable topology and the formation of MGs optimize the resilience
under emergency conditions. In Ref. [16], a two-layer method based on the model predictive
control is presented, in which the structure of each MG is determined in the first layer and the
second layer performs DERs scheduling. Thereafter, the two-layer model is transformed into a
one-layer optimization problem by strong duality theory and implemented on the 37-bus
distribution system. The results define that the proposed method has improved the resilience
of the distribution system during the outage of DERs. Moreover, Ref. [17] presents a MILP
model for network outage management which apply DFR to enhance the resilience. The rank-
based constraint is considered to guarantee the radiality of the network structure during DFR,
e and the model is implemented on the 69-bus and the 123-bus distribution networks. Finally,

the results indicate that the proposed strategy reduces load shedding in emergency situations.



1.3. Research Gap and Contribution
The comprehensive review of the above literatures has illustrated that most studies have
examined the problem of resilience enhancement in a centralized MGs and only a limited
number of research have examined the resilience enhancement of DC-MGs. Further, Table 1
provides a detailed comparison between this study and recent papers. It expresses that the
proposed model in this work is considered the impact of proactive actions, mobile units’
deployment, reconfigurable topology, and data sharing on the resilience enhancement of DC-
MGs, while other papers have considered only some of these items in their model. Overall, this
paper presented a hierarchical model consisting of three stages for enhancing the resilience of
decentralized networks, where the outage management of the main network is functioned by
considering the MGs data. In the first stage, proactive actions are performed to increase the
network readiness to deal with the upcoming windstorm. In the second stage, generation
scheduling, allocation of mobile units and DFR are fulfilled by DSO and according to the MGs
data. Ultimately, in the third stage, the damaged lines are repaired. In general, the main
contributions of this paper could be highlighted as follow:
e Presenting a hierarchical framework for distribution system resilience enhancement in
the presence of DC-MGs
e Increasing network readiness through performing proactive actions
¢ Sending MEGs and MESSs to sensitive nodes of the network to reduce ENS and speed
up system recovery
e Reducing ENS of critical consumers through data sharing among DC-MGs
¢ Reducing computational burden by dividing the optimization problem into a three-stage
model
e Employing a scenario-based method for modeling load demand, wind speed and solar

radiation uncertainties



Table 1. Comparison between the proposed model and previous papers.
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2. Model Development

2.1. System Description

Figure 1 depicts the modified 118-bus IEEE distribution system studied in this paper, and the
information on network is in accordance with Ref. [35].Furthermore, this network consists of
8 MGs that are operated in a decentralized manner and each MG supplies its consumers through
DERs and network purchases. Consequently, an ESS is installed next to each RES. The
network is equipped with five MEGs and four MESSs, which are connected to vital buses to
participate in load supply in case of an emergency. Moreover, in the proposed model, DSO is
able to change the network topology through manual (on-site control) and automatic (remote
control) switches. In this regard, five crew teams are considered that are dispatched to the
location of the manual switches to change the status. Moreover, as it can be seen in the Fig. 1,
the network is divided into three regions and the wind speed is varying in each of them. In the
proposed model, wind speed is considered constant along the entire region. Note that the solar
radiation is assumed to be different in each region, so that the maximum values of radiation in

regions 1 to 3 are 500 W/m?, 450 W/m? and 400 W/m? respectively [36].
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Fig. 1. Modified IEEE 118-bus distribution system structure.

2.2. Mathematical Modeling
In this section, the proposed hierarchical framework is formulated as a MILP optimization

problem. In fact, the first stage represents the pre-disturbance phase while the second and third
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stages represent the post-disturbance phase. Further, Figure 2 shows that at each stage of the
proposed model, the scheduling problems of MGs and the main grid are modeled in the form
of a bi-level optimization problem. It can also be seen, that the scheduling problem of MGs is
solved in a decentralized manner, and in all three stages, the scenario-based method has been

utilized to model the uncertainties of load demand, wind speed and solar radiation.

Stage 1
(Pre-Disturbance)

tage 2 S
(Post-Disturbance) @ {O ;
(a]

Stage 3
(Restoration)

Exchange Priority
= =

Upper Level -

Fig. 2. The structure of the proposed model.
e Stagel

In the first stage of the proposed study, proactive actions are performed for maximizing load
supply to deal with upcoming windstorm threats. At this stage, the operation problem is solved
for fault scenarios. In particular, the fault scenarios are generated through the fragility function
and the predicted speed for the upcoming windstorm.

Equations (1) and (2) respectively represent the objective functions of MGs and DSO in the
first stage. According to Eq. (1), at the upper-level, each MG schedules to maximize the load
supply and reports its power shortage/surplus to the DSO. Then at the lower-level (according
to Eq. 2), the DSO plans the entire network according to the data reported by the MGs to

optimize the load supply. Moreover, at this stage DSO changes the network topology through
13



manual and automatic switches based on fault scenarios and also sends mobile units from the
depot to the stations.

g
RL

S ¢mg 1
Supply =l 1=
max Load, "™ = Zps (1)

Img L D d,CL ENS.CL
emand , _ N
(P P

i,t,s

Ing T
Demand ,RL ENS,RL
Z (P - I, )

it,s

s=1
CL
+¢mg
i=l t=1

T
RL Demand ,RL ENS ,RL
Ppso z (R 1. - Pz i’ )
S T
Supply __ CL Demand CL _ p ENS ,CL
max Load ,¢” = Z Ps | TPpso Z (P, L P, ) (2)
s=1 i=l t=1

Line > Line
ﬂ[ ,J.mg ‘P - P

i,j,t,8 1,],t,8

e Stage 2

The second stage of this work is solved as a bi-level optimization problem in the post-
disturbance phase. In fact, at this stage, the problem is solved for the most probable scenario
of fault and by considering the uncertainties of load demand, wind speed and solar radiation.
In the upper-level, the MGs plan their next hours with to minimize the operating costs and
report their power exchange data to the DSO. Then, at the lower-level, the DSO plans the entire
network with regard to data by MGs for reducing the operating cost. Moreover, the DSO at this
level performs network scheduling by allocating mobile units and implementing DFR.

Equation (3) states that the objective function of each MG is to minimize the cost of purchasing
power from the grid, the operating cost of DERs, the operating cost of ESS, and the ENS
penalty. In addition, Eq. (4) defines that the DSO objective function is to minimize the cost of
purchasing power from the upstream network, the operating cost of network equipment, the
operating cost of mobile units, the penalty for ENS and the penalty for not observing schedules

of MGs.
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B L ' o ] (4)

ENS,RL HENS,RL
Pt , _Pit 1,

CL ENS,CL DENS,CL
‘ + (Dmg Pt - B,t ‘)

e Stage3
At this stage, DSO sends repair crews to the damaged lines locations. Particularly, the repair
crews are equipped between 14:00 and 15:30 and then at 15:30 DSO sends them to the location
of damaged lines. Moreover, Eq. (5) shows that the DSO objective function at this level is to

minimize the penalty for ENS and the penalty for not observing schedules of MGs.

Ipso T
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i,j)=1
+ Z ymg I
mg

T
mg=1 RL
DRACH

i=l t=1

©)

CL

ENS,RL DENS,RL
Pt - Pz t ‘ + ¢mg

PifNS’CL _ EfNS’CLD
e Power Flow Constraints
All stages of the proposed model are solved by considering linear AC power flow constraints
to prevent overflows in branches of the network. These constraints can be found in Egs. (al)-
(a9) [37].The susceptance and conductance of each line are calculated through Eqgs. (al) and
(a2), respectively. Further, active and reactive power flow in each line are calculated via Eqs.
(a3) and (a4), respectively, which are a function of the susceptance, conductance, voltage
magnitude and its angle [37]. The apparent power of each line is also calculated via Eq. (a5),
which depends on the active and reactive power flow in that line, while Eq. (a6) limits the

apparent power of each line. The binary variable y, ;, = determines the active/inactive state of
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each line at scenario s and time ¢, which is multiplied by a large positive number (M) to prevent
the constraint (a6) from being applied to inactive lines. Egs. (a7) and (a8) are used to calculate
the magnitude and angle of the voltage at bus i and time ¢, respectively. Lastly, the losses of

each line are calculated via Eq. (a9) [38].

. X .
Bline — "4 (al)
L] 2 2
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. v. .
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i,] 2 2
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Line Line Bus Bus Line Bus Bus
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Loss Line Line
Plle I/;/ |:(B/ts) (Qi,j,t,s) j| (39)

e Switching Constraints
Constraints (b1)-(b4) allow the DSO to perform DFR [39]. In this regard, changing the status
of lines equipped with switches is specified through inequalities (bl) and (b2). In fact, these
constraints state that if the status of the switch changes at time t, the value of its binary variable

(6, ,,, ) becomes 1. The number of switching is restricted via Eq. (b3). Finally, the constraint

(b4) indicates that the network topology could be changed only through the lines equipped with

the switch.
=05 SVijus = Vijuos SO (b1)
é;’j’m SVijus T Vijuas S <2-9, s (b2)
0< ié‘wm <oM (b3)
. t=1
2000 S M (b4)
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e Radiality Constraints
Constraints (c1)-(c3) guarantee the radial structure of the network topology during DFR [40].

In particular, the constraint (c1) identifies parent buses, and it states that if the value of &, ; , |

is 1, the power flow direction is from bus i to bus j, and vice versa. Furthermore, each bus could
be connected to a parent bus at most, which is modeled by constraint (c2). Finally, constraint

(c3) is imposed to prevent the slack bus from connecting to the parent buses.

0 S ki,j,t,s + kj,i,t,s S yi,j,l,s (Cl)
J
Dok <1 (c2)
Jj=1
J
DKy =0 (c3)

~.
N

e Load Control Constraints
Load control constraints are given in (d1)-(d7). In fact, constraints (d1) and (d2) state that the
amount of ENS of normal and critical consumers at bus i and time ¢ must be equal to or less
than the load demand of these consumers at same bus and time. Equation (d3) expresses that
the load of each bus could contain both normal and critical loads, while Eq. (d4) states that the
ENS of each bus could contain the ENS of normal and critical consumers. The constraint (d5)

balances the interruption of active and reactive loads. & is the ratio of active to reactive load

at each node. Moreover, the ENS penalty is calculated by Eq. (d6), which is a function of the
type of load and its penalty. Finally, the resilience index of the system is calculated using Eq.
(d7). This index is the ratio of the amount of load supplied between ¢; to ¢ to the total amount

of demand within this period. In addition, R/ index will be equal to 1 when MG can fully supply

its load. &/ and @™ are weighted coefficients that determine the value of normal and critical

loads, respectively.
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e DERs Operating Constraints
Equation (el) indicates that the power generated by PV panel is a function of solar radiation at
scenario s and time ¢, standard radiation, panel capacity and efficiency [41]. Further, Eq. (e2)
indicates that the power generated by wind turbine is calculated through a three-part function.
The first part states that, if the wind speed in scenario s and time ¢ is outside the acceptable
range of the turbine, the output power will be zero. The second part of the function states that,

if the wind speed at time ¢ is within the range v, <v <v , the power generated by the

turbine is calculated through given function. The third part of this function expresses that. if

the wind speed at time ¢ is within the range v, <v <v,, the power generated by the turbine

wt,s

is equal to its rated power. v,, v v and v are cut-in speed, wind speed at time ¢, rated

w,t,s 2
speed and cut-out speed, respectively. Active and reactive power generated by gas turbine are
limited by constraints (e3) and (e4), respectively, while the operation cost of the gas turbine is

calculated via Eq. (e5).

G
PV T pvits r PV
va bs G va n (el)
std
07 thv <v’vw,t,s _Vo
. v V.
Wind __ roWt,s i
Pw,t,s - ])w H Vi < vw,t,s < vr (62)
V.V,
r
Pw > vr S vw,t,s < Vu
Min Gen Max
P < P < P! (e3)
Min Gen Max
Qg S Qg,t,s S Qg (e4)
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g.t,8 g.t,8

e ESS Constraints
ESS constraints (f1)-(f7) are incorporated into model. Particularly, constraint (f1) limits the
level of energy stored in the ESS, whereas the hourly charge and discharge values of the ESS
are limited by constraints (f2) and (f3), respectively. Further, constraint (f4) prevents
simultaneous charging and discharging of the ESS. The energy level of the ESS at the current
hour is calculated by Eq. (f5) [42], while constraint(f6) states that the energy level of the initial
hour must be equal to a predetermined value. In addition, constraint (f7) indicates that the
energy level of the ESS in the final hour must be equal to or greater than its energy level in the

initial hour. Lastly, the operating cost of ESS is calculated via Eq. (f8).

EM™<E, <E™ (f1)
PO <RI, (12)
L A o (f3)
0<I +12" <1 (f4)
PDch
E,.,=E, . (Rcﬁm U—]At (f5)
'Eg,[:o’j — Eepredetermined (f6)
Ect—Os SEvc»t—24s (ﬂ)
CE =" (B + B ) (1)

e Crew Team Deployment in Pre-Disturbance Phase
Equation (gl)—(gl1) present the constraints required for modeling routing of crew teams in the
pre-disturbance phase. The time required to travel and change the status of each manual switch

is calculated using Eq. (g1). In fact, 77" and 7" denote the time of presence at point » and

the travel time between points n and m, respectively; T>” represents the time required to

change the status of the switch; the binary variable D¢’ = determines the travel path of crew

n,m,ct

teams. For example, if the crew team is dispatched from origin » to destination m, D¢

n.,m .t
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becomes 1. It is worth noting that the delay due to traffic (a”%*) is also considered in the

model. The constraint (g2) expresses that changing the status of manual switches is only
possible if crew teams are dispatched to those locations, while constraint(g3) ensures that crew
teams leave the depot in the pre-disturbance phase. Further, constraint (g4) deploys crew teams
at stations, whereas constraint (g5) prevents crew teams from returning to the depot. Besides,
to ensure the presence of crew teams in the station at the end of the pre-disturbance phase,
constraint (g6) is provided. Constraint (g7) expresses that crew team must leave the site after
switching, while constraint(g8) states that only one team can be dispatched to the switch

location. Moreover, Eq. (g9) calculates the switching time. According to Eq. (g10), if the crew

CcrT
n,ct

team does not travel to point n, the value of its binary variable (7 ’ ) becomes 0. Ultimately,

Eq. (g11) expresses that the crew could only leave point 7 if they have been sent to that point.

A simplified model is used to model the transportation system between origin and destination
points of crew teams and mobile units, [39]. Figure 3 presents the three steps of modelling
phrases. In the first step, the length of the lines is calculated based on their resistance. In the
second step, the coordinates of origin and destination points are determined and the distance

between the origin and destination points are calculated as a straight line, in the third step.

CcT Travel _ Traffic SW Crew CT
T+ Ty + T —(1-D )M <T,

n,ct n,m,ct m,ct

. (gl)

ST+ T e + 1" +(1-D5, . )M

m,n,ct i,j,t (g2)
m=l ct=1 (i,j)=n t=1
M
2 D =1 (3)
m=1
< CcT
2D =1 (g4)
m=1
S CT
ZDm,n,ct = 0 (gS)
m=1
7S <EP (g6)
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»
©

Simplified Routes

Fig. 3. Simplified transportation system.

Crew Team Constraints in Post-Disturbance Phase

The routing constraints of the crew teams in the post-disturbance phase (stages two and three)

are the same as the constraints introduced for the pre-disturbance phase (stage one) and only

the travel direction is different. Further, in the post-disturbance phase, crew teams are

dispatched from the stations to the location of manual switches and return to the depot after

changing the status of the switches. In this regard, constraints (g3)-(g5) with (h1)-(h3) and

constraints (g10)-(gl1) with (h4)-(h5) are replaced.

>

m=1

>

m=1

DCT

nm,ct

DCT

mnct_
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ZD,,‘;“Z o= (h3)

T SZD,SZ y (h4)
m=1
ZDf:,?; —ZDE’;’”Z, (h3)

e Repair Crew
Equations (11)-(19) are provided to model repair crew routing at stage three [43]. In fact, these
constraints are similar to the routing constraints of crew teams and only the indices and
variables are different. Moreover, the repair crews are equipped between 14:00 and 15:30 and
then dispatched to the location of damaged lines with the aim of ENS penalty minimization.

Eventually, after repairing all the damaged lines, the repair crews return to the depot.

n,rc n m n,m,rc m,rc

T TTravel Traffic + TR (I—DRC )M < TRC

< TRC n TTravel Tmffc + TR (1 DRC ) M (il)
M
>3 DL, - ZZ (i2)
m=1 re=1 (i,j)=n t=1
iDRC -1 .
n,myc (13)
m=1
ZD::C,, = (i4)
f e f . |
nmyrc m,n,rc (15)
m=1 m=l1
M RC
03 S <1 ()
m=1 re=1
RC L T RC
DT < Y6, F<D TN +At—¢ (i7)
re=1 (i,j)=n t=I1 re=1
ZD;fi . (i8)
DI W (i9)
m=1 m=1

e Mobile Units Allocation Constraints
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The equations for pre-positioning of mobile units in the pre-disturbance phase are presented in
(G1)-(G4) [9]. In the pre-disturbance phase, mobile units are sent from the depot to the stations.
Equation (j1) presents the limitation of sending mobile units to each station, while constraint
(j2) 1s provided to prevent the deployment of each mobile unit in more than one station. In
addition, time of mobile units is calculated using Eq. (j3), while constraint (j4) guarantees the

deployment of mobile units at stations before the event.

MEG/MESS

MEG/MESS MEG/MESS ,Max .
< »
Z Dm:depot,n,meg/mess - Nn (J 1)
meg/mess=1
N vwoimess
Z Dm:depot,n,meg/,ess = 1 02)
n=1
MEG/MESS __ Travel ;N MEG/MESS .
n,m,meg/mess Tn,m n,m,meg/mess (]3)

MEG/MESS .
T <EP (i4)

n,m,meg/mess

e Mobile Units Operating Constraints
Constraints required for the allocation and operation of mobile units in the post-disturbance
phase are given in Egs. (k1)-(k11) [44]. In this phase, mobile units are sent from stations to the
buses. In fact, Eq. (k1) states that the dispatch of mobile units from station 7 to bus i is subject
to their presence at the station. Further, constraint (k2) indicates that only one mobile unit could
be sent to each bus, while constraint(k3) states that the injection of power by mobile units in
each bus is subject to the presence of these units in the related buses. Constraint (k4) states that
the mobile unit can only inject power into the grid after dispatch and connection to the bus,
whereas Eq. (k5) calculates the time required to travel from station # to bus i and connect to it.
In addition, the limitations on the amount of active and reactive power generated by MEG are
presented in constraints (k6)-(k7), respectively. Constraint (k8) restricts the hourly discharge
of MESS, while constraint(k9) states that the total energy discharged from the MESS must be
less than or equal to the energy stored in it. Finally, the operating costs of MEGs and MESSs

are calculated via Egs. (k10) and (k11), respectively.
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1
MEG/MESS
Z O-n,i,meg/mess < Dm:depot,n,meg/mess (kl)
i=l1
N, Stations MEG/MESS

0 S O-n,i,meg/mess S 1 (kz)
n=1 meg/mess=1
N stations
O < ui,t,meg/mess - O-n,i,meg/mess (k3)
n=1
7 MEG/MESS
ui t meg/messt 2 Z,meg/mess - (1 ul t,meg )M (k4)
MEG/MESS Travel _ Traffic M MEG/MESS
T;l ,meg/mess T;l i an,i + T; (]‘ Gn,l,meg/mew )M < i,meg/mess (k )
5
MEG/MESS Travel T raffic M
T;l ,meg/mess T n S + T (]‘ Gn ,i,meg/mess )M
MEG
MEG Max
0 S Pi,t S Z Pmag i,t,meg (k6)
meg=1
MEG
MEG Max
0< Z Qmeg it,meg (k7)
meg=1
MESS
Dch ,MESS Dch ,Max
O S [)1 g S z Pmess ui,l,mess (k8)
mess =1
T Deh MESS NSlulhm‘s MESS Initial
ch, niti
0 S z})z g At S Z Z Un R ,messEmess (k9)
t=1 n=l mess=1
MEG _ _MEG pMEG
Ci,t =7 Pi,t At (klO)
CMESS — ﬂ,MESSPi];/{ESSAZ (kl 1)

e Power Balance Constraints in Pre-Disturbance Phase
Active and reactive power balance constraints in the pre-disturbance phase are presented in
Egs. (11) and (12), respectively. These constraints guarantee the balance of power generation

and consumption per bus.

/4 E;
Sub Gen PV Wind Dch Dh
Pt,s |1'=1 +ZPgtv szvtv+ Pv,t,s Z(Petv Petv)
= pv=l e=1

(11)

1,].,t,8 it i,t,s

L
z Llne PDemand PENS
)=

S b G Li D d ENS
tsu i=1 +Z s = z Q ;ntes lti:mm _Qi,t,s (12)

(@,/)=1

e Power Balance Constraints in Post-Disturbance Phase
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In Egs. (m1) and (m2), the active and reactive power balance constraints in the post-disturbance
phase are presented. Further, the mobile units participate in supplying the load, the active and

reactive power balance constraints are rewritten considering the power injected by these units.

G, PV
Sub Gen MEG Dch ,MESS solar wind dch ch
CRAES Y RV LY PR W RS YT W L)

¢ vt
pv=1 =1
(ml)
L
Z })lL]mte +PDemand })i{:;NS
1(i,j)=1
G,
QSub | +Z Gen + QMEG Z Lme Dcmand QENS (mz)
t i=1
e (il

e Scenario Generation and Reduction
As mentioned above, the first stage of the proposed model is solved by considering fault
scenarios arising from upcoming events. In this regard, 1000 fault scenarios are generated by
the fragility function and according to the speed and path predicted for the storm. Thereafter,
the number of initial scenarios is reduced to 10 by the backward scenario reduction algorithm
to reduce the computational burden, In Eq. (n1), the failure probability of each line is calculated

according to the wind speed in that area [45]. Where, /110(1.,” is the failure probability of a
standard line; ¢, 0 and @ are the mean, standard division and log-normal distribution

function, respectively; The values of x, O are equal to 0 and 0.25, respectively. v And v

denote critical and collapse velocities, accordingly.

In Eq. (n2), the status of each line (damaged/normal) is determined respect to the failure
probability obtained. further, this function states that if the failure probability of line / is greater
than a random value (), that line is broken, and vice versa. In addition, this random value is
generated for scenario s and time ¢ by the uniform distribution function. Finally, the function
given in Eq. (n3) states that the status of line / at the current hour depends on its status at the

previous hour.
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3. Methodology

The solution method of the proposed hierarchical framework is illustrated in figure 4.
Specifically, the developed MILP model is solved by the CPLEX solver in GAMS. According
to the flowchart in the first step, scenario generation and reduction process is performed. Table
2 presents the pseudocode of this process. It is worth to mention that 1000 fault scenarios are
generated by the fragility function. Further, 1000 scenarios for load demand, wind speed and
solar radiation are generated through normal, Weibull and beta distribution functions,
respectively. Moreover, to increase the solution speed, the scenarios generated for each
parameter are reduced to 10 by the backward scenario reduction method [46].

In the second step, the first stage of the proposed model is solved. At this stage, proactive
actions are performed in the pre-disturbance phase to maximize the load supply. Furthermore,
the proactive actions include dispatching mobile units to stations and DFR. In the third step,
the third stage of the proposed model is solved in the restoration phase. At this stage, the MGs
firstly plan their upcoming hours with the aim of minimizing operating cost and report their
power exchange data to the DSO. Thereafter, the DSO performs the final network scheduling,
including generation planning, mobile units’ allocation, and DFR, with observance of data

reported by MGs, to optimize the operating cost. Ultimately, in the fourth step, the third stage
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of the proposed model, which is the allocation of repair crews with the aim of minimizing the
ENS penalty, is solved., where the solution process ends after repairing all damaged lines.

Table 2. Pseudocode to illustrate the generation and reduction process of fault scenarios.

For each line 1, do:
For cach time t, do:
Calculate failure probability of each line 1 with fragility curve, Eq. (nl).
End
End

Step 1

For each line 1, do:
For each time t, do:
For each scenario s, do:
Generate a random number r between 0 and 1 with uniform function for each
time-based scenario.
Define the damage status of each line 1 based-on failure probability, Eq. (n2).
Calculate probability of each scenario based-on number of normal and
damaged lines.
End
End
End

Step 2

Scenario Generation

For each line 1, do:
For each time t, do:
For each scenario s, do
Define availability status of each line 1 based-on the damage status from
Step 3 windstorm start time to t, Eq. (n3).
End
End
End

For each scenario pair (s and s”), do:
Compute the distance between s and s°.

Step 4 End

Find the scenario r with minimum distance from scenario s.
Compute the pd value between scenario r and other scenarios.

Step 5 pdr,s' = psdr,s'
Find scenario d with minimum pd value.

Update the probability of scenario r.
Remove scenario d from the set of scenarios.

Sieplé Update the set of scenarios.

Scenario Reduction

If the required number of scenarios is achieved, Then:
Return the set of scenarios.

Else:
Go To Step 4.

Step 7
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Fig. 4. Flowchart of the proposed hierarchical model.
4. Results
4.1. Input Data

In this section, the effectiveness of the proposed model is tested by implementing it on a
modified IEEE 118-bus distribution system and solving 6 case studies. In fact, the problem is
solved for a typical day in October, and the case studies are presented in Table 3. Moreover,
the case studies have been selected to investigate the impacts of mobile units, proactive actions,

reconfigurable topology, and data sharing among MGs on improving system resilience.
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Furthermore, the power trade refers to the power exchange of each MG, while the load priority
refers to the type of loads (regular or critical). Table 4 presents the data required to simulate
the proposed model, whereas the obtained scenarios for faults are presented in Table 5. This
table lists the line number on which the fault occurred, and the numbers in parentheses indicate
the buses at both ends of the line. The scenarios of load, wind speed and solar radiation are
depicted in Figs. 5a-5c, respectively. Finally, the price of electricity is according to Ref. [37].

Table 3. Case studies and their assumptions.

Case Data Sharing by MGS. : Reconfigurable MEGs MESSs Proactive
Power Trade Load Priority Topology Actions
1 v x x x x x
2 v x v x x x
3 v x v v x x
4 v x v v v x
5 v x v v v v
6 v v v v v v
Table 4. Data required for simulating the proposed model.
Operation Parameters
M
Stage 1 (h) | Stage 2 (h) | Stage 3 (h) ( $/17<[tVVh) P ¢ M
10:00- 14:00- 15:30-
14:00 15:30 23:00 ] at le-3 le3
4 cL , CL cL  CL
v, (m/s v, (m/s v, (m/s "8 @ @ .
(m/s) (m/s) (m/s) (/W) Prng Prng Jmg
2 14 26 5 2 1 1
) cri j_ col - -
G, (W) | @n/gre | VIV | guinygues | g pite | arh) | n (%)
(m/s)
-60% /
1000 60% P 20/45 -lx 0.9/1.1 1 95
ENS ,RL ENS,CL MESS T Gen
7. (SKWh) | A°(% i i MEG 4 e
¢ (%) ($/kWh) ($/kWh) | 7 LD ($/kWh) | ($/kWh)
5 2 1 3 0.07 0.02 0.61
ESS Parameters
: . o ESS Pch,Max Pdch,Max Emin /Emax
ch (y dch (y Emmal (y T e,t,s e,t,s e e
77@ ( 0) 77@ ( 0) e ( 0) ($/kWh) (%) (%) (%)
95 95 50 0.02 40 40 20/90
Crew Teams & Repair Crew Parameters
7 (min.) | 7% (min) | 7 (min.) a, e N MEGIMESS Max EP (min)
5 30 10 1.3 2 60
Generation Units Parameters
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Wind Turbines

Solar Panels

Gas Turbines

Locations
Locations
25-62-32—-47-84 14 —44 - 87 - 74 17-20—-7—-57 40— 52
67-92-101-117 96 — 113 78 —98 — 106 — 115
Capacity (kW)
— 450 — _ _
500 — 450 — 600 150 — 100 — 150 — 100 700 — 750 — 650
500 — 450 — 550 100 — 150 700 — 600 — 650
500 — 400 — 500 700 — 600 — 800 — 750
Table 5. Scenarios obtained for faults.
Sc?l‘:“" 1 2 3 4 5 6 7 8 9 10
32 98 46 49 94 45 113 89 36 65
(100-114) | (81-82) | (2021) | (25-26) | (90-97) | (1920) | (111- | (6489) | (6-7) | (61-62)
68 112 33 82 5 35 112) 11 52 8
(38-39) (110- 23) | 68-69) | (10-11) | (5-6) 27 4-28) | (29-30) | (73-74)
55 111) 100 97 55 60 (80-81) 67 46 124
(33-34) 93 (83-84) | (79-80) | (33-34) | (55-56) 1 (37-38) | (20-21) (94-
20 (95-96) 65 73 5 51 (1-2) 112 99 108)
(70-71) 52 (61-62) | @7-48) | (10-11) | (28-29) 111 (110- | (82-83) 16
76 (29-30) 71 80 123 74 (110- 111) 18 (40-41)
(51-52) 77 42-43) | (66-67) | (99-75) | (48-49) 113) 34 (49-50) 95
119 (52-53) 87 36 66 28 30 (2-4) 114 (98-99)
(8-24) 81 (75-76) | (6-7) | (36-37) | (80-85) | (105- 30 (114 105
14 (67-68) 12 106 115 81 106) (105- 115) (102-
(58-59) 17 (30-31) | (103- (115- | (67-68) 31 106) 37 103)
114 (29-46) 110 104) 116) 22 (109- 106 (7-8) 99
(114-115) 63 (108- 54 49 (89-90) 110) (103- 63 (82-83)
Line 70 (59-60) | 109) | (32-33) | (25-26) 25 81 104) | (59-60) 25
(41-42) 40 119 80 112 (97-98) | (67-68) 63 99 (97-98)
54 (12-13) | (8-24) | (66-67) | (110- 107 39 (59-60) | (82-83) 55
(3233) 73 13 106 111) (104- (2-10) 20 86 (33-34)
20 4748) | (29-54) | (103- 33 105) 105 (70-71) | (73-74)
(70-71) 119 107 104) (2-3) 31 (102- 30 88 (1-63)
32 (824) | (104- 35 115 (109- 103) (105- | (76-77) 41
(100-114) 54 105) (5-6) (115- 110) 112 106) 17 (13-14)
(32-33) 115 51 116) 3 (110- 83 (29-46) 17
5 (115- | (2829 113 (1-100) 11 | (69-70) 120 (29-46)
(10-11) | 116) 70 (111- 120 71 (59-43) 57
2 (41-42) 112) (59-43) | (42-43) 112 (30-44)
(1-63) 56 51 (110- 73
66 (34-35) | (28-29) 111) | (47-48)
(36-37) 79
82 (64-65)
(68-69)
Probability |  0.076 0.091 0.16 0.153 | 0.094 | 0.164 | 0.017 | 0.144 | 0.059 | 0.042
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Fig. 5. Scenarios obtained for uncertain parameters.

4.2. Results of Cases 1 & 2
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Tables 6 and 7 present the results of case studies 1 and 2, respectively. In fact, the network
topology in cases 1 and 2 is assumed to be fixed and dynamic, respectively. Further, the results
illustrate that in case 2 the total operation cost and ENS of the system are respectively reduced
by 19.33% and 21.6% compared to case 1, due to the rerouting of power flow via DFR. In
addition, Table 8 shows the open switches at each time step, and its analysis indicates that the
network topology is changed 21 times. Moreover, Figure 6 depicts the load supply curve in
cases 1 and 2. According to the figure, from 12:30 to 20:30 more load level is provided in case
2. It should be noted, that the reason for providing more load in case 2 is the possibility of
extracting more power from DERs. Figures 7a and 7b depict the power injected into the
network by RERs and gas turbines, respectively. Further, RERs and gas turbines have injected
more power into the network in case 2. Therefore, the results prove that DFR leads to more use

of DERs capacity and more load supply.

Table 6. Results obtained for the case 1.

Time Period Pre-Disturbance | During Disturbance | Post-Disturbance | Restoration Sum
(10:00-12:00) (12:00-14:00) (14:00-15:30) | (15:30-23:00)
MG 1 OC (§) -478.21 -443.43 -289.07 -691.72 -1902.43
ENS (kWh) 0 0 0 0 0
oy OC () 81.72 3.37 176.35 814.44 1075.88
ENS (kWh) 0 0 0 0 0
MG 3 OC (%) -544.71 105.72 0.17 20.59 -418.23
ENS (kWh) 0 106.07 0 0 106.07
MG 4 OC (%) 2310.44 10943.19 25617.59 11528991 | 154161.1
ENS (kWh) 0 1856.77 4715.42 21106.48 | 27678.67
MG 5 OC (8) 188.25 1884.75 4139.08 18017.3 24229.38
ENS (kWh) 0 396.03 859.87 3607.02 4862.92
MG 6 OC (8) 296.07 3186.02 5701.86 21555.14 | 30739.09
ENS (kWh) 0 447.71 816.94 3000.01 4264.66
e OC (§) 98.77 8416.48 9350.57 22951.96 | 40817.78
ENS (kWh) 0 1265.08 1397.41 3447.09 6109.58
MG 8 OC () 2706.75 27643.72 22490.59 55876.3 108717.4
ENS (kWh) 0 4969.58 4011.96 9173.69 18155.23
DSO OC (%) 6694.64 34329.1 36351.87 117457.62 | 194833.2
ENS (kWh) 0 5015.96 5461.85 16880.89 27358.7
Sum OC (%) 11353.72 86068.92 103539.01 351291.54 | 552253.2
ENS (kWh) 0 14057.2 17263.45 57215.18 | 88535.83
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Table 7. Results obtained for the case 2.

Time Period Pre-Disturbance | During Disturbance | Post-Disturbance | Restoration Sum
(10:00-12:00) (12:00-14:00) (14:00-15:30) | (15:30-23:00)
MG 1 OC (%) -478.21 -437.73 -291.66 -697.93 -1905.53
ENS (kWh) 0 0 0 0 0
MG 2 OC (8) 81.72 1713.36 1211.04 5119.18 8125.3
ENS (kWh) 0 304.14 246.65 924.45 1475.24
MG 3 OC (8) -544.71 -549.15 -399.61 -651.52 -2144.99
ENS (kWh) 0 0 0 0 0
MG 4 OC (8) 2310.44 2112.17 6121.51 75730.09 | 86274.21
ENS (kWh) 0 67.5 708.36 11050.69 | 11826.55
MG 5 OC (%) 188.25 4379.89 4265.55 17830.02 | 26663.71
ENS (kWh) 0 919.51 888.31 3569.85 5377.67
oy OC (%) 296.07 5976.32 12158.62 20579.89 39010.9
ENS (kWh) 0 1026.41 2164.98 3401.32 6592.71
e OC (%) 98.77 5696.54 7312.96 40389.89 | 53498.16
ENS (kWh) 0 904.76 1174.52 6280.5 8359.78
MG 8 OC (8) 2706.75 26605.48 24758.64 52419.68 | 106490.6
ENS (kWh) 0 3781.76 3599.09 7193.09 14573.94
DSO OC (8) 6694.64 13777.68 17693.44 91340.15 | 129505.9
ENS (kWh) 0 2415.68 3377.82 15411.97 | 21205.47
S OC (8) 11353.72 59274.56 72830.49 302059.45 | 445518.2
um
ENS (kWh) 0 9419.76 12159.73 47831.87 | 69411.36
Table 8. Status of switches in case 2.
Time Period Open Switches
12:00 118 119 120 121 123 124 125 126
: (27-62) | (8-24) (59-43) (48-85) (80-73) | (99-75) | (94-108) | (118-110) | (25-35)
12:30 8 17 29 32 120 122 123 126
: (11-18) | (29-46) | (100-101) | (100-114) | (8-24) | (59-43) | (80-73) | (99-75) (25-35)
13:00 8 13 17 26 89 120 124 126
: (11-18) | (29-54) (29-46) (65-78) | (100-101) | (64-89) | (59-43) | (94-108) | (25-35)
13:30 8 13 26 32 119 120 121 124
: (11-18) | (29-54) (65-78) | (100-114) | (64-89) | (8-24) | (59-43) | (48-85) | (94-108)
14:00 8 13 26 29 89 119 120 121
: (11-18) | (29-54) (65-78) | (100-101) | (100-114) | (64-89) | (8-24) (59-43) (48-85)
14:30 8 13 26 29 89 118 119 121
: (11-18) | (29-54) (65-78) | (100-101) | (100-114) | (64-89) | (27-62) (8-24) (48-85)
15:00 13 26 32 89 119 121 124 126
: (29-54) | (65-78) | (100-114) | (64-89) (27-62) | (8-24) | (48-85) | (94-108) | (25-35)
15:30 8 13 26 29 89 118 119 121
: (11-18) | (29-54) (65-78) | (100-101) | (100-114) | (64-89) | (27-62) (8-24) (48-85)
16:00 8 13 26 32 119 121 124 126
: (11-18) | (29-54) (65-78) | (100-114) | (64-89) | (8-24) | (48-85) | (94-108) | (25-35)
16:30 8 13 17 29 89 118 122 126
: (11-18) | (29-54) (29-46) | (100-101) | (100-114) | (64-89) | (27-62) | (80-73) (25-35)
17:00 13 32 89 118 121 122 124 126
: (29-54) | (100-114) | (64-89) (27-62) (8-24) (48-85) | (80-73) | (94-108) | (25-35)
17:30 8 13 17 26 89 118 124 126
: (11-18) | (29-54) (29-46) (65-78) | (100-101) | (64-89) | (27-62) | (94-108) | (25-35)
18:00 13 17 26 29 118 119 124 126
: (29-54) | (29-46) (65-78) | (100-101) | (64-89) | (27-62) | (8-24) | (94-108) | (25-35)
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18:30 8 13 17 89 119 120 122 124 125
: (11-18) | (29-54) (29-46) (64-89) 8-24) | (59-43) | (80-73) | (94-108) | (118-110)
19:00 8 13 17 29 89 119 122 124 126
: (11-18) | (29-54) (29-46) | (100-101) | (64-89) | (8-24) | (80-73) | (94-108) | (25-35)
19:30 8 13 17 26 29 89 118 119 124
: (11-18) | (29-54) (29-46) (65-78) | (100-101) | (64-89) | (27-62) | (824 (94-108)
20:00 26 29 34 89 118 119 120 124 126
: (65-78) | (100-101) (2-4) (64-89) 27-62) | 824) | (59-43) | (94-108) | (25-35)
20:30 8 13 17 26 29 89 119 124 126
: (11-18) | (29-54) (29-46) (65-78) | (100-101) | (64-89) | (8-24) | (94-108) | (25-35)
21:00 26 29 32 34 89 118 119 120 126
: (65-78) | (100-101) | (100-114) (2-4) (64-89) | (27-62) | (8-24) (59-43) (25-35)
21:30 17 118 119 120 122 123 124 125 126
: 29-46) | (27-62) (8-24) (59-43) (80-73) | (99-75) | (94-108) | (118-110) | (25-35)
22:00 13 26 32 34 89 119 120 121 124
: 29-54) | (65-78) | (100-114) (2-4) (64-89) | (8-24) | (59-43) | (4885 | (94-108)
22:30 13 17 32 119 120 122 123 124 126
: (29-54) | (29-46) | (100-114) | (8-24) (59-43) | (80-73) | (99-75) | (94-108) | (25-35)
23:00 26 32 34 89 118 120 121 124 126
: (65-78) | (100-114) (2-4) (64-89) (27-62) | (59-43) | (48-85) | (94-108) | (25-35)
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Fig. 6. Load supply curve in cases 1 and 2.
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Fig. 7. Power injected into the network by DERs in cases 1 and 2.
4.3. Results of Cases 3 & 4
Table 9 presents the results of case 3, and in the post-disturbance phase, MEGs are dispatched
from the depot to the optimal buses and participate in the load supply. In fact, the results of this
case indicate that the allocation of MEGs has led to a reduction in ENS and operation cost.
Furthermore, numerical results illustrate that ENS and total operating cost are reduced by
27.16% and 23.5% compared to case 2, respectively. As shown in Fig. 8, after the occurrence
of the disturbance (14:00), MEGs were dispatched from the depot to buses 45, 54, 75, 76, and
77 and participated in the load supply.
Table 10 presents the results obtained from case 4, and in addition to MEGs, MESSs are also
dispatched from the depot to the optimal buses and participate in load supply. Moreover, the
results of Table 10 illustrate that ENS and total operating cost decrease by 3.89% and 3.67%
compared to case 3, respectively. Figure 9 depicts the scheduling obtained for MEGs and
MESSs in case 4. Consequently, MEGs were sent to the buses 45, 55, 73, 74 and 90, while
MESSs were to the buses 68, 71, 100 and 115.
Figure 10 compares the load supply curves in cases 2, 3 and 4. As can be observed, the level

of load supply before and during disturbance in these cases is similar, while after connecting
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the mobile units to the network the load supply level has dramatically increased in cases 3 and

4.
Table 9. Results obtained for the case 3.
Time Period Pre-Disturbance | During Disturbance | Post-Disturbance | Restoration Sum
(10:00-12:00) (12:00-14:00) (14:00-15:30) | (15:30-23:00)
MG 1 OC (%) -478.21 -437.73 -289.07 -715.62 -1920.63
ENS (kWh) 0 0 0 0 0
oy OC (%) 81.72 1713.36 1220.88 5145.02 8160.98
ENS (kWh) 0 304.14 246.65 924.45 1475.24
oy OC (%) -544.71 -549.15 -389.26 -694.17 -2177.29
ENS (kWh) 0 0 0 0 0
MG 4 OC (8) 2310.44 2112.17 4810.64 56127.9 65361.15
ENS (kWh) 0 67.5 513.82 7579.09 8160.41
MG 5 OC (8) 188.25 4379.89 4508.5 18509.83 | 27586.47
ENS (kWh) 0 919.51 939.33 3709.12 5567.96
MG 6 OC (8) 296.07 5976.32 9511.29 10950.73 | 26734.41
ENS (kWh) 0 1026.41 1613.2 1478.24 4117.85
MG 7 OC (%) 98.77 5696.54 4367.47 24424.37 | 34587.15
ENS (kWh) 0 904.76 709.87 3773.36 5387.99
MG 8 OC (%) 2706.75 26605.48 26998.92 57531.63 113842.8
ENS (kWh) 0 3781.76 3922.47 7961.5 15665.73
DSO OC (%) 6694.64 13777.68 12785.75 35397.31 | 68655.38
ENS (kWh) 0 2415.68 2366.89 5398.71 10181.28
_— OC (8) 11353.72 59274.56 63525.12 206677 340830.4
ENS (kWh) 0 9419.76 10312.23 30824.47 | 50556.46
Table 10. Results obtained for the case 4.
Time Period Pre-Disturbance | During Disturbance | Post-Disturbance | Restoration Sum
(10:00-12:00) (12:00-14:00) (14:00-15:30) | (15:30-23:00)
MG 1 OC (8) -478.21 -437.73 -289.07 -715.62 -1920.63
ENS (kWh) 0 0 0 0 0
MG 2 OC (%) 81.72 1713.36 1220.88 5112.04 8128
ENS (kWh) 0 304.14 246.65 924.45 1475.24
oy OC (%) -544.71 -549.15 -377.11 -695.94 -2166.91
ENS (kWh) 0 0 0 0 0
oy OC (%) 2310.44 2112.17 3346.93 57422.46 65192
ENS (kWh) 0 67.5 298.38 7725.53 8091.41
MG 5 OC (8) 188.25 4379.89 4382.73 17548.43 26499.3
ENS (kWh) 0 919.51 915.52 3507.6 5342.63
MG 6 OC (8) 296.07 5976.32 10150.77 12566.66 | 28989.82
ENS (kWh) 0 1026.41 1751.57 1777.37 4555.35
MG 7 OC ($) 98.77 5696.54 8971.63 22476.48 | 37243.42
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ENS (kWh) 0 904.76 1387.96 3482.62 5775.34
MG 8 OC (%) 2706.75 26605.48 20315.66 48864.01 98491.9
ENS (kWh) 0 3781.76 2940.67 6606.33 13328.76
DSO OC (%) 6694.64 13777.68 14078.11 33324.66 | 67875.09
ENS (kWh) 0 2415.68 2624.27 4978.85 10018.8
Sum OC (%) 11353.72 59274.56 61800.53 195903.18 328332
ENS (kWh) 0 9419.76 10165.02 29002.75 | 48587.53
12 13 14 15 16 17
% _______
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Fig. 8. Location of MEGs in the case 3.
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4.4. Results of Cases 5 & 6

The results of case 5 are presented in Table 11. The proactive actions are performed before the

occurrence of the disturbance to increase the resilience of the system in this case. In fact, these

actions include DFR and dispatching mobile units from the depot to the stations. Figure 11

depicts the topology obtained for the network after performing proactive actions, where DSO
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has changed the network topology according to the fault scenarios. Figure 12 depicts the route
of mobile units and crew teams in the pre-disturbance phase. According to the figure, the crew
teams have travelled from the depot to the location of the manual switches, and went to the
stations after changing the status of the manual switches. This figure Further indicates that the
mobile units are sent from the depot to the stations.

Table 12 indicates that performing proactive actions have reduced in ENS in the post-
disturbance phase. Further, numerical results illustrate that the total operating cost and ENS
are reduced by 6.74% and 8.44% compared to case 4 (without proactive actions), respectively.
It is worth mentioning that these values are the sum of operating costs / ENS of MGs and DSOs.
Figure 13 depicts the load supply curve in cases 4 and 5. In fact, the analysis of this figure
indicates that at 14:30 and 15:00 the load supply level in case 5 is considerably higher than
case 4, due to the faster connection of mobile units to the network in this case. Moreover,
because of the stations are closer to the network buses than the depot, the mobile units in case
5 have connected to the network earlier than case 4 and thus injected more power into the
network. Finally, Figure 14 depicts the power injected into the network by mobile units in cases
4 and 5, and this figure. indicates that the mobile units in case 5 started producing earlier than

case 4.
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Table 11. Results obtained for the case 5.
Time Period Pre-Disturbance | During Disturbance | Post-Disturbance | Restoration Sum
(10:00-12:00) (12:00-14:00) (14:00-15:30) (15:30-23:00)
MG 1 OC ($) -478.21 -443.43 -289.07 -715.62 -1926.33
ENS (kWh) 0 0 0 0 0
MG 2 OC ($) 81.72 478.93 1229.53 7682.63 9472.81
ENS (kWh) 0 117.7 246.65 1301.78 1666.13
MG 3 OC ($) -544.71 -557.78 -375.31 -695.64 -2173.44
ENS (kWh) 0 0 0 0 0
MG 4 OC ($) 2310.44 2101.82 2204.43 52238.65 58855.34
ENS (kWh) 0 67.5 127.2 7164.39 7359.09
MG 5 OC (%) 188.25 4815.84 3675.98 17236.95 25917.02
ENS (kWh) 0 1013.47 759.82 344431 5217.6
MG 6 OC (%) 296.07 8575.57 6124.13 12250.28 27246.05
ENS (kWh) 0 1464.49 906.96 1693.73 4065.18
MG 7 OC ($) 98.77 5463.16 322495 23460.95 32247.83
ENS (kWh) 0 895.31 507.6 3592.52 499543
MG 8 OC ($) 2706.75 26424.56 18909.54 49427.81 97468.66
ENS (kWh) 0 3768.12 2624.77 6582.26 12975.15
DSO OC ($) 6694.64 10249.19 6187.47 35959.55 59090.85
ENS (kWh) 0 1710.66 990 5506.85 8207.51
_— OC ($) 11353.72 57107.86 40891.65 196845.56 | 306198.8
ENS (kWh) 0 9037.25 6163 29285.84 44486.09

Table 12 presents the results of case 6. In this case, the load type data are also shared by MGs

in addition to power exchange data. The results indicate that the amount of ENS has increased
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in the main grid and MGs 2,3 and 5, while the ENS has decreased in MGs 4, 6, 7 and 8.
However, MGs 1 and 5 do not contain critical loads. Therefore, the results demonstrate that
sharing load type data with DSO could increase the supply level of critical loads., Further, the
supply of more critical loads in case 6 has led to a significant reduction in the operating costs
of MGs 4, 6, 7 and 8 compared to case 5. Figure 15 depicts the ENS of regular and critical
loads in different MGs, and the figure illustrate that the supply level of critical load in case 6
has increased significantly.

Figure 16 compares the resilience index in different cases, and this figure indicates that
considering DFR in case 2 has increased the resilience index by r 3.16% compared to case 1.
Moreover, the allocation of mobile units in case 4 has increased the resilience index by 3.9%
compared to case 2 (in the absence of mobile units). Eventually, the sharing load type data by
MGs in case 6 has resulted in a 3.47% growth in resilience index compared to case 5 (non-
sharing of load type data). In addition, Fig. 17 depicts the order of repairing damaged lines in
case 6 and the priority of repairing damaged lines is determined according to their impact on
ENS. In other words, repair crews are allocated to reduce ENS.

Table 12. Results obtained for the case 6.

Time Period Pre-Disturbance | During Disturbance | Post-Disturbance | Restoration Sum
(10:00-12:00) (12:00-14:00) (14:00-15:30) | (15:30-23:00)
MG 1 OC (8) -478.21 -440.84 -292.18 -715.1 -1926.33
ENS (kWh) 0 0 0 0 0
oy OC (§) 81.72 478.93 1229.53 7402.68 9192.86
ENS (kWh) 0 117.7 246.65 1398.65 1763
MG 3 OC (%) -544.71 -557.78 -369.13 -396.34 -1867.96
ENS (kWh) 0 0 0 63.58 63.58
MG 4 OC (%) 2310.44 1646.71 1352.21 34892.47 | 40201.83
ENS (kWh) 0 0 0 6146.62 6146.62
MG 5 OC (8) 188.25 2517.71 3668.62 20486 26860.58
ENS (kWh) 0 527.58 759.82 4120.68 5408.08
MG 6 OC () 296.07 4361.43 5599 6514.41 16770.91
ENS (kWh) 0 702.63 803.44 776.18 2282.25
e OC (8) 98.77 5179.51 2456.75 9801.65 17536.68
ENS (kWh) 0 965.46 521.1 1850.3 3336.86
MG 8 OC (§) 2706.75 22109.91 14699.3 46180.95 | 85696.91
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ENS (kWh) 0 2986.65 1946.2 6010.87 | 10943.72

bso _9C®) 6694.64 20384.51 10661.58 53107.12 | 90847.85
ENS (kWh) 0 3737.23 1885.78 8918.98 | 14541.99

s | OC®) 11353.72 55680.09 39005.68 177273.84 | 283313.3
ENS (kWh) 0 9037.25 6163 29285.84 | 44486.09
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S. Discussion

In terms of mathematical point of view, the proposed model presents a hierarchical model
which the solution space could decompose into several layers. This leads to a more accurate
management of the operation problem and fragmentation of the solution space. Further,
evaluating the proposed model from the resilience point of view shows that proactive actions,
dynamic topology, dispatching of mobile units and increasing the level of data sharing among
DC-MGs could improve the outage management of the system against extreme weather
conditions. Moreover, the results show that one of the important points to prevent the spread
of faults in the network is the timely prediction of upcoming events. In terms of the operational
point of view, the proposed model indicates that timely prediction leads to the rapid scheduling
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of proactive actions and increases the network readiness to deal with upcoming events. In
addition, the results show that manual / automatic switches play a key role in rerouting power
flow and preventing the spread of faults in the network. Finally, in terms of the security point
of view, the study defines that the rate of information sharing among DC-MGs should change
according to the operating conditions. In addition, the results clearly show that increasing the
rate of information sharing during emergency conditions leads to the rescue of many critical
loads.
On the other hand, one of the limitations in the proposed model is related to the modelling of
the windstorm. It should be noted that the uncertain movement of the windstorm is not
considered in the proposed model, and the wind speed throughout each region is considered
constant. Therefore, dynamic modeling of the windstorm can be considered in future work to
achieve more realistic results. In addition, the proposed model does not evaluate the effects of
fault on system frequency, which also could be addressed in future work.
6. Conclusion
This paper presents a hierarchical framework for outage management of DC-MGs. Proactive
actions, mobile unit allocation and DFR were considered to improve the system resilience in
the proposed model. It should be noted that, system outage management was performed
according to the data shared by MGs. Ultimately, the proposed model was implemented on a
118-bus distribution system and the results could be summarized as follows:
e The problem of outage management was solved by considering the dynamic topology,
and the results showed that DSO rerouted the power flow by implementing DFR, thus
reducing the ENS by 21.6%. Further, it also mirrored that DFR allows more utilization

of DERSs capacity.
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e Routing and allocation of mobile units were considered in the model, and the results
indicated that the participation of these units in load supply has led to a reduction of
30% and 26.3% in ENS and operating cost, respectively.

e The effect of proactive actions on system resilience was investigated, and the results
demonstrated that performing proactive actions has led to a reduction in the installation
time of mobile units and subsequently increased the resilience index of the system.

e The effects of MG data sharing on system resilience were examined, and the results
confirmed that load type data sharing has led to a 48.16% increase in critical load
supply.

In addition, the results testify that the proposed hierarchical model is an effective approach to

enhance the resilience of DC-MGs. The future research suggestions cloud be presented as

follows:

1- Enhance the resilience of interconnected MGs considering vehicle-to-grid services of EVs

2- Enhance the resilience of renewable-based MGs considering the translational movement of

the windstorm

3- Introduce a hierarchical model to control the voltage and frequency of MGs during extreme

weather conditions
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