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A B S T R A C T   

Distribution networks should be expanded to supply reliable and cost-effective services for new and existing 
customers to respond to the rising demand. On the other hand, there is an increasing awareness of resilience in 
the face of high impact low probability events. Therefore, this paper presents a multistage, dynamic, and resilient 
distribution network expansion planning framework to expand a distribution network resiliently. The proposed 
model is constructed as a six-step structure. The first step develops a network expansion topology. The hurricane 
occurrence model is executed in the second one that introduces a novel vulnerability index to recognize the most 
vulnerable facilities. Resilient planning based on the resilience resources such as distributed generations, 
hardening actions, and distributed automation systems is performed as the third step to reinforce the network 
preventive capabilities. In the fourth step, a resilient operation is considered to decrease unserved loads and 
restore the distribution system rapidly. Resiliency evaluation based on technical, financial, and social welfare 
metrics is employed as the fifth step. Finally, the non-dominated sorting genetic algorithm II optimization 
method operators are implemented in the sixth step to optimize the problem. Numerical simulations are per
formed on a 20 nodes distribution system and a real network. The results demonstrate the effectiveness of the 
proposed method.   

1. Introduction 

Due to the load increment, electric power distribution networks 
should be expanded to supply resilient and cost-effective services to 
added and existing consumers. Planners take into account the existing 
grid, load and price anticipation, technical and financial factors to es
timate the optimal size, place, and time in which a substation or a line 
must be employed [1]. The proposed expansion topology should be 
coordinated with the strategic plans of companies that are usually 
employing a smart system with technologies such as advanced metering, 
energy storage system (ESS), automation, distributed generation (DG), 
and demand response [2]. In this way, reference [3] suggests a convex 
framework for distribution network expansion planning (DNEP) in 
presence of ESSs. Moreover, different active management strategies such 
as DG curtailment, on-load tap adjustment, demand response program, 
and reactive power compensation are employed in [3]. Reference [4] 
considers a two-level structure that is capable to give the probability 
that no technical limitations will present as a function of the rein
forcement cost with and without employing DR and/or reconfiguration. 
In [5], a novel model based on the Z-number definition is employed to 

take into account the presence of electric vehicle uncertainty and eval
uate their effects on DNEP. Authors in [6] present a dynamic investment 
decision-making challenge arising in a distribution network within a 
transactive energy environment. Moreover, the main part of studies 
done in the context of DNEP tries to suggest approaches to consider the 
nonlinear and discrete situation of the mentioned problem and intro
duce effective optimization methods [7]. Most of the DNEP techniques 
presented in the literature optimize a cost-based objective function [7]. 
The operation cost and the investment cost are the main terms of this 
optimization function [8]. In [9], the maintenance cost is also consid
ered. In the context of DNEP, the preventive studies against high impact 
low probability (HILP) events in the expansion planning procedures of 
distribution systems have not been discussed. On the other hand, 
recently, HILP disasters have progressively affected electric distribution 
networks over the world. As a result of climate change, natural phe
nomena can be happened usually and with higher intensity in the future 
[10]. The global concentration on unfavorable effects of HILP events on 
electric distribution systems has resulted in an increasing need to illus
trate the resiliency of power systems. Resilience is the capability of a 
system to predict HILP events, stand against them, tackle their 
resilience-oriented preventive scheduling of microgrids (MGs) against 
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the impacts of HILP disasters in a proactive technique, and fast restore 
from the degraded condition [11]. Furthermore, resilience goes beyond 
the consequences on customers and concentrates on how fast and effi
ciently the facilities is recovered to its pre-disaster operational situation 

[11]. Resilience-improvement actions have been classified into hard
ening–oriented, planning-oriented, and operation-oriented actions [11]. 
Hardening-oriented actions are applied to reinforce the components and 
reduce the vulnerability of infrastructures in extreme events. Elevating 

Nomenclature 

Indices and Sets 
NL

type Number of line types 
Ωsb/Nsb Set/number of the existing and proposed substations 
Nsb

type Number of substation types 
ΩL/NL Set/number of the existing and proposed lines 
ΩB/NB Set/number of the load buses 
ΩNHA/NNHA Set/number of buses not supported by hardening and 

automation 
NC

j /NS− C
j Number of total/supplied customers of bus j 

NC
j /ND− C

j Supplied customer number of bus j in normal/disaster 
situation 

ΩT− L/NT− L Set/number of tie-lines 

Parameters and Constants 
CInv/COpr Total Investment/operation cost of expansion topology ($) 
CLoss Cost per unit of energy lost ($/kWh) 
OCsb Substation operation cost ($) 
δV Maximum allowable voltage variation (perunit) 
CH Line hardening cost ($/km) 
CShed Cost per unit of load shedding ($/kW) 
TR Time horizon of operation (Hour) 
tDG
a DG synchronization time with type a 

ω Hurricane speed (m/s) 
Vnorm Nominal voltage of the network (kV) 
γn Priority of bus n 
tstart HILP event occurrence time (Hour) 
tSW
a Switch delay time with type a (Hour) 

tSW
AS Automatic switch delay time (Hour) 

ERICons ERI index maximization constant ($) 
ERIBase ERI index base ($) 
ηm Mutation index 
ρC Crossover probability 
É◦DEC DECcoefficient 

Function and variables 
Vj(t) Voltage of bus j at year t (kV) 
DGPIn DG priority index of bus n 
FDNEP DNEP objective function ($) 
LSC Total load shedding cost ($) 
DEC Damaged equipment cost ($) 
RIC Resiliency investment cost ($) 
HC Total hardening cost ($) 
DGC Total DG investment cost ($) 
ASC Total automation system cost ($) 
QL

j Reactive power flow in line j (kVA) 
Qsb

j Reactive power supplied by substation j (kVA) 
cdj Crowding distance of solution j 
Psb

j Active power supplied by substation j (MW) 
BD Line vulnerability threshold 
PL,Loss

j Active power loss of line j (MW) 

PB,Min
j Minimum supplied power of bus j (MW) 

PB
n Active power of load bus n (MW) 

PL
j Active power flow in line j (MW) 

Fmax
i /Fmin

i Maximum/minimum of the ith objective function 
ΩV− L Set of the most vulnerable lines 
t, T Index and number of time horizon of planning 
ΩD− L

j Set of the downstream buses of line j 
NDG

type Number of DG types 
t Opt, T Opt Index and the number of NSGA-II iterations 
NF Number of objective functions 
NL

f /NB
f Line/bus number of a feeder 

ΩS/ NS Opt Set/ number of the NSGA-II solutions 
xCnt Feeder connection status 
ICL

a Line investment cost with type a ($/km) 
ICsb

a Investment cost for a substation of type a ($) 
ICDG

a DG investment cost of type a ($) 
ICSw

AS Automatic switch investment cost ($) 
θ◦ j/θ◦H Line/hurricane angle differences to the north–south 

direction (◦) 
R Annual interest rate of investment 
BD

P/BD
O Line vulnerability threshold in pre-step of resilient 

planning/ operation 
Ssb,max

j Capacity of substation j (MVA) 

SL,max
j Capacity of line j (MVA) 

Lj Length of line j (km) 
RB Resilience budget ($) 
VR

j Rated voltage of bus j (kV) 
tSW
MS Manual Switch delay time (Hour) 

PTB System total load (MW) 
TRIBase TRI index base 
ηc Crossover index 
ρm Mutation probability 
ICSw

MS Manual switch investment cost ($) 
ERI Economical resiliency index 
ASIj Automatic switch priority index for tie-line j 
SWRI Social welfare resiliency index 
TRI Technical resiliency index 
SRI System robustness index 
PAI Power adaptability index 
NRI Network recovery index 
VIj Vulnerable index of line j 
PB,Shed

j Load shedding of bus j (MW) 
ωmax Maximum predicted hurricane speed (m/s) 
Fi The ith objective function 
xsb

j,t,a Status of substation j at year t with type a 
xSw

j,t,a Status of switch j at year t with type a 
xL

j,t,a Status of line j at year t with type a 
xT− L

j,t,a Status of ti-line j at year t with type a 
xL− H

j,t,a Hardening status of line j at year t with type a 
xDG

j,t,a Status of DG j at year t with type a 
xCnv

pf Power flow convergence status 

PB,R
j Rated power of load bus j (MW)  
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substations, strengthening poles and facilities with stronger materials, 
and vegetation management can be mentioned as hardening-oriented 
actions against HILP events [11]. In the field of hardening-oriented ac
tions in resilience improvement of electric systems, an explanation of the 
pivotal notions of power systems resilience is provided in [11] to apply 
the hardening and smart operational techniques to enhance it. In [12], a 
hardening strategy framework of overhead lines for the diminution of 
the damage is proposed that is caused by typhoons to distribution net
works in typhoon-prone regions. The suggested structure considers 
typhoon motion directions and computes the line load reliability under 
extreme weather. A robust optimal line hardening approach coupled 
with multiple provisional MGs is proposed in [13] to enhance the 
resiliency of a distribution network against worst N-k contingencies. A 
deterministic single crew approximation model with two solution ap
proaches, mixed-integer linear programming (MILP) formulation and a 
heuristic method are suggested in [14] to harden distribution networks 
against natural phenomena. Reference [15] introduces a deterministic 
hardening planning framework to reduce the long-term network risk of 
load curtailment, which reduce the computational cost concern. Due to 
accomplish the mentioned task, a set of events with corresponding load 
curtailments and load loss are achieved by an enhanced Monte Carlo 
method A tri-level robust optimization-based approach for system 
hardening is employed in [16] to minimize the worst-case total 
weighted electricity and gas load curtailment of integrated electricity 
and natural gas distribution systems with respect to hardening budget 
constraints and random failures happened by phenomena of several 
severity levels. Reference [17] studies the system lines hardening in the 
field of stochastic power flows injected by the high penetration of 
renewable energy. In [18], due to enhancing the resilience of the system, 
repairing, and upgrading of system poles and vegetation management 
are used as the system hardening solutions. Planning-oriented actions 
consider employment size, type, and place of DGs, ESSs, parking lots, 
and automation devices to enhance the preventive and recovery capa
bilities of systems against different HILP events. In this field, reference 
[19] proposes an innovative planning technique for the resilience 
improvement of an electric grid, including specifying the sectionalizing- 
based optimal black start resources placement of ESSs during HILP di
sasters. Authors in [20] present a multi-year and multi-criteria genera
tion planning to resiliently provide power by renewable energy 
resources. In [21], a novel resilience metric based on social welfare 
notion is suggested to reduce unserved loads, recover the electric dis
tribution network fast and reduce the reliance of water network oper
ation on distribution system damages. The novel resilience metrics are 
optimized with effective techniques including upgrading distribution 
poles, DGs allocation, and automation infrastructures. The planning of 
microgrids is suggested in [22]to strengthen the system against extreme 
faults. In this way, several methods are introduced to recognize the 
optimal buses for the connection of microgrids and the capacity of the 
dispatchable resources used within microgrids. Operation-oriented ac
tions refer to preventive and control-based approaches applied to make a 
distribution network capable of dealing with the effects of an HILP event 
when it happens [11]. With the appearance of advanced visualization 
and smart technologies, real-time state awareness of distribution net
works is becoming viable. The operation-oriented actions can be effec
tively implemented using real-time monitoring data so that the 
distribution network resilience is protected in the HILP phenomena 
situation. Conservation voltage regulation, defensive islanding, gener
ation reschedule and priority-based load curtailment can be mentioned 
as operation-oriented actions implemented when an HILP disaster un
folds. In opposition to hardening-oriented and planning-oriented actions 
which are passive, costly, and long-term strategies to reinforce the dis
tribution network, operation-oriented actions are proactive, real-time, 
and low-cost remedies to promote the system resiliency capability. In 
the field of operation-oriented actions in resilience enhancement of 
power systems, reference [23] suggests stochastic indexes to evaluate 
the operational resilience of the power systems to HILP phenomena. An 

innovative risk-based defensive islanding is suggested in [24] which 
reduces the cascading disaster during extreme weather conditions. The 
fuzzy-Markov model is suggested in [25] for modelling and considering 
the effects of lightning uncertainty on the performance of a supplier in a 
smart grid in the presence of renewable energies, demand response 
programs, and energy storage systems. Authors in [26] optimize the 
framework of ESSs on electrical power networks for resilience to failure 
happened by HILP phenomena under a high penetration scenario for 
rooftop photovoltaic units. Reference [27] presents the role of 
operation-oriented proactive actions in improving power grid resilience. 
An explanation was also given on techniques and requirements of three 
levels of HILP disasters such as before, during, and after the disaster, to 
provide resilience against HILP disasters. In [28], an integrated structure 
to convert weather prediction into proper information is presented for 
preventive scheduling during hurricanes so that the interruptions 
induced by hurricanes can be decreased. An integrated preventive- 
corrective structure is proposed in [29] to enhance the power grid 
resilience against HILP events. The suggested framework implement 
situational awareness to improve resilience capability and ensures effi
cient strategies in both emergency and preventive operation conditions. 
In [11], operation-oriented actions for resilience enhancement are dis
cussed. A comparison is also presented to distinguish operational and 
hardening actions. Reference [30] explains such main paths and novel 
progressions in energy delivery facilities resilience and operational 
resistance against cyber-attacks. A novel MG operation framework and 
resiliency considerations are suggested under the risk of load, prevailing 
uncertainties of renewable suppliers, and utility damage in [31]. Au
thors in [32] have used MG infrastructures to improve the MG resilience 
with a two-level probabilistic programming technique. In [33], a normal 
operation of MG is preventively promoted before the estimated disaster 
(i.e. disconnection from the upstream network) to provide feasible 
islanding at the disaster onset. In [34], a resilient operation model based 
on two operation modes (i.e. islanded and grid-connected) and technical 
detail, such as voltage-related operation limitations, is proposed for the 
resilience improvement of a hybrid AC/DC MG. An MG preventive 
management structure is suggested in [35] to cope with the adverse 
effects of extreme hurricanes. In [36] a recognition and reduction 
framework for cyber-attacks and sensor faults is proposed in a direct 
current MG to satisfy resilient operation in cyber-attacks and fault 
conditions. However, these previous studies do not consider how to 
expand and reinforce a distribution system simultaneously to improve 
the resiliency of a system against HILP events. Therefore, due to expand 
a primary distribution network in a way that its resiliency is improved 
against the HILP events, this paper presents a novel, multi-stage, dy
namic, and resilience-based distribution network expansion planning 
structure that is constructed from six steps. The proposed model is 
named (RDNEP) against natural disasters by implementing innovative 
models for resiliency evaluation, planning and operation that is per
formed from a distribution company perspective. In the first step of the 
proposed framework, DNEP is performed to connect new loads to a 
distribution network based on investment and operation costs by 
determining the optimum paths and locations for new lines and sub
stations, respectively. In the second one, a hurricane is considered as a 
natural phenomenon in the present study. Associated with an upcoming 
hurricane, its geographical trajectory and metrological specifications 
are considered with the fragility curves of distribution lines, and those 
suspected to go out of service are recognized through a novel model that 
considers the lines importance, the hurricane speed and direction as well 
as the line fragility curve simultaneously as a novel vulnerability index 
(VI). Then, the suggested framework searches the reinforcement and 
modification strategies for the expanded distribution network according 
to the novel proposed structure and indexes which improves the resil
iency of a distribution network based on DGs placement, line hardening 
actions, and distribution system automation as the third step. In the 
fourth step, the vulnerability of the expanded and reinforced network is 
determined against the phenomenon by executing the phenomenon 
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occurrence model. Then, proactive scheduling is employed to minimize 
the effects of lines outage, and load curtailment at the event onset. In this 
step, the operation-oriented preventive actions including network 
reconfiguration and generation reschedule are accommodated which 
keep the low vulnerable branches in the service while satisfying the most 
load. After that, the resiliency of the expanded and reinforced topology 
is evaluated by the proposed technical, financial, and social welfare 
(TFS) metrics based on the outcomes of the above-mentioned steps. In 
the proposed framework, the discussed problem is modeled as a mixed- 
integer nonlinear programming (MINLP) problem. Due to the complex 
nature of this problem, the non-dominated sorting genetic algorithm II 
(NSGA-II) and the technique for order preference by similarity to ideal 
solution (TOPSIS) approach is employed to optimize the expansion and 
reinforcement structure of a distribution network based on an iterative 
manner. The innovative contributions of this study considering the at
tributes of the works analyzed in the literature review which has been 
depicted in Table 1, summarized as follows:  

• A multi-stage and dynamic framework is presented to resiliently 
expand and reinforce a distribution network.  

• Due to evaluate the vulnerability of a network against a hurricane, an 
innovative model is proposed by considering a novel vulnerability 
index based on the line fragility curve, line importance, and line 
deference angle from the hurricane path.  

• A set of technical, economic, and social welfare indexes are proposed 
as TFS metrics to evaluate different resiliency aspects of a distribu
tion network system.  

• In order to determine the line hardening topology properly as well as 
the locations of DGs, and automation devices, a set of novel planning 
indexes and an innovative method are proposed.  

• An iterative optimization method is proposed based on a common 
and proper multi-objective algorithm by considering DNEP, resilient 
planning and scheduling, hurricane occurrence model, and resiliency 
evaluation at each iteration. 

The rest of this study is constructed as follows: Section two presents 
the problem definition. Section three discusses how the problem is 
executed by the proposed framework. Numerical results are presented in 
section four and section five concludes the paper. 

2. Problem definition 

Due to urbanization and industrial development, a considerable rise 
in energy demand has happened in recent years. To satisfy the load in
crease optimally and consider the pseudo-dynamic manner of several 
grid parameters, the DNEP is required. Distribution network capacity 
expansion contains reinforcement and installation of substations, 
feeders, and DGs. On the other hand, due to climate alteration, the 
number and intensity of disasters against essential facilities have been 
increased during recent years. Hurricanes, floods, and earthquakes as 
HILP events cause considerable failures of critical facilities and life- 
sustaining goods cannot be achieved. HILP events may affect greatly 
the resiliency of distribution network operation. Climate change studies 
illustrate that the number and intensity of HILP disasters might grow 
soon [10]. Therefore, distribution networks require to be not only reli
able to the common events but also be resilient to HILP phenomena. In 
this way, the main problem of this study is determining a distribution 
network expansion topology that is capable in front of HILP events as the 
proposed RDNEP framework. Therefore, the main decision variables 
that should be determined in this problem are organized as Fig. 1. These 
variables are classified as, expansion lines, tie-lines, hardened lines, 
substations, DGs, and switches variables. These variables determine the 
location, type, and time of infrastructure installation. Moreover, Table 2 
presents the detail of the above-mentioned variables. 

Table 1 
Taxonomy of the reviewed papers.  

References Resilient operation Resilient planning DNEP Hardening HILP event Resilience index 

[8] – – ✓ – – – 
[11] ✓ – – ✓ Windstorms A set of resilience metrics 
[17] – – – ✓ Extreme weather events Load shedding 
[19] ✓ ✓ – – Extreme weather events Load shedding 
[20] – ✓ – – Extreme weather events Load shedding 
[21] ✓ ✓ – ✓ Hurricane Technical & social welfare metrics 
[23] ✓ – – – Extreme weather events Probabilistic metrics 
[24] ✓ – –  Windstorms Load shedding 
[26] ✓ – – – Extreme weather events Load shedding 
[30] ✓ – – – Cyber attacks Load shedding 
Present paper ✓ ✓ ✓ ✓ Hurricane Technical, financial & social welfare indexes  

Fig. 1. Variables structure.  

Table 2 
Detail of the problem variables.  

Variable Value Definition 

xL
j,t,a  +1 Added line j with type a at year t. 

0 Not changed line j with type a at year t. 
− 1 Removed line j with type a at year t. 

xH− L
j,t,a  +1 Hardened line j with type a at year t. 

0 Not hardened line j with type a at year t. 
xT− L

j,t,a  +1 Added tie- line j with type a at year t. 
0 Not added tie-line j with type a at year t. 

xSb
j,t,a  +1 Added substation j with type a at year t. 

0 Not added substation j with type a at year t. 
xDG

j,t,a  +1 Added DG j with type a at year t. 
0 Not added DG j with type a at year t. 

xSW
j,t,a  +1 Added switch j with type a at year t. 

0 Not added switch j with type a at year t.  
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3. The proposed RDNEP framework 

In order to preventively expand and reinforce a distribution network 
simultaneously against HILP events, this paper suggests a dynamic and 

multi-stage structure as shown in Fig. 2. This structure is constructed 
from six steps. The RDNEP framework steps consist of DNEP, hurricane 
occurrence model, resilient planning, resilient operation, resilience 
evaluation, and NSGA-II optimization procedure. In the proposed 

Fig. 2. The proposed RDNEP framework.  
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framework, NSGA-II is considered as the main optimization method that 
its operators (i.e. crowding distance calculation, non-dominated sorting, 
crossover, mutation, and selection [37]) are executed on the solutions of 
each iteration in the sixth step of RDNEP. The other steps decide for the 
variables, limit the search space, check the constraints or evaluate the 
objective functions to prepare the requirements of the main optimiza
tion procedure that is executed in the sixth step of RDNEP. In this way, 
DNEP as the first step of the proposed framework determines the 
expansion planning variables (i.e. lines and substations) that are per
formed randomly in the first iteration and determined based on the 
outcomes of step #6 in the other iterations. Moreover, this step evalu
ates and satisfies the DNEP constraints, and calculates the DNEP cost as 
the first RDNEP objective function. Therefore, optimization is not per
formed at this step. However, the DNEP variables are prepared for the 
main optimization procedure at step #6. In the hurricane occurrence 
step, the vulnerability index against a hurricane is evaluated for the 
whole lines of each solution. Then, the lines will be sorted based on the 
VI metric and the lines that have the most VI value are considered as 
candidate lines for the hardening in the first time or the damaged lines in 

the second time of executing this step according to the vulnerability 
budget. In the resilient planning step, the variables for the resilient re
sources (i.e. hardened lines, automatic switches, and DGs locations) 
should be determined. In this step, instead of determining the mentioned 
variables randomly, they are defined based on the appropriate indexes 
and economic budget constraints that are explained in the following. In 
this step, the allocation indexes for resilience resources are calculated 
and sorted. Then, the locations that have the maximum values are 
determined as the resilience resources variable according to the budget 
constraint. In the resilient operation step, after determining the more 
probable damaged lines by the hurricane occurrence model, according 
to the location of isolated loads, resilience resources are employed. 
Then, power flow calculations are applied at each operating state to 
evaluate the required variables for the resiliency evaluation step. The 
resilient evaluation step is implemented to calculate the resilience index 
as the second objective function of RDNEP. In this step, optimization is 
not implemented. However, different resilience indexes are calculated 
based on the outcomes of the previous steps. Therefore the complexity of 
the problem is reduced in comparison with the one-step framework that 
the whole variables should be considered and optimized, simulta
neously. These steps are performed sequentially. It means that the 
output of one step is employed as the input of the next step. These steps 

divide the problem-solving procedure into several sections. It causes the 
number of variables that should be determined and optimized at each 
step reduced. More clarification for the mentioned steps are presented as 
follows: 

On the other hand, the RDNEP optimization structure is presented in 
Fig. 3. RDNEP is created from a main optimization level and two sub- 
levels. The main level is constructed from the distribution network 
expansion model and NSGA-II procedure steps. Sub-level #1 consists of 
the hurricane occurrence model and sub-level #2 is made from resilient 
resources allocation, resilient operation, and resilience evaluation steps. 

3.1. DNEP procedure 

This step determines the DNEP variables such as location, type, and 
time of lines and substations according to the technical constraints to 
connect new loads to an existing distribution network as a distribution 
network expansion topology at each optimization algorithm iteration. In 
this way, if the iteration variable is equal to one (i.e.tOpt = 1), the initial 
solutions for expansion topology are specified randomly. Then, DNEP 
constraints are checked. If the whole DNEP constraints are satisfied, 
DNEP investment and operation costs are evaluated as Eqs. (1) and (2) 
[38], respectively. After that, DNEP objective function can be calculated 
by Eq. (3). If DNEP constraints are not satisfied, due to evaluate the 
DNEP costs and objective function, the solutions should be modified by 
the minimum changes to satisfy the whole DNEP constraints. In the 
other iterations (i.e.t ∕= 1), the output of the NSGA-II algorithm in the 
previous iteration is considered as input of this section that is shown in 
Fig. 2. 

CInv =
∑Nsb

j=1

∑T

t=1

∑N
sb
type

a=1

xsb
j,t,a

(1 + r)t− 1 × ICsb
a +

∑NL

j=1

∑T

t=1

∑N
L
type

a=1

xL
j,t,a + xT− L

j,t,a

(1 + r)t− 1 × ICL
a (1)    

FDNEP = CInv +COpr (3) 

Both investment and operation costs consist of two terms based on 
feeder and substation costs. The technical DNEP constraints that should 
be satisfied are presented as follows: 

xCont = 1 (4)  

NL
f = NB

f (5)  

xCnv
pf = 1 (6)  

Psb
j

2
(t) +Qsb

j
2
(t) ≤ Ssb,max

j
2
(t), ∀j ∈ Ωsb&t ∈ {1, 2, 3,⋯, T}

PL
j

2
(t)+QL

j
2
(t) ≤ SL,max

j
2
(t), ∀j ∈ ΩL&t ∈ {1, 2, 3,⋯,T} (8)  

(1 − δV)Vnorm ≤ Vj(t) ≤ (1+ δV)Vnorm,∀j ∈ ΩB&t ∈ {1, 2, 3,⋯,T} (9)  

0 ≤
∑T

t=1

∑N
L
type

a=1
xL

j,t,a + xT− L
j,t,a ≤ 1, ∀j ∈ ΩL (10) 

Fig. 3. The optimization structure of RDNEP.  

COpr =
∑Nsb

j=1

∑T

t=1

∑N
sb
type

a=1

xsb
j,t,a

(1 + 0.5r)2t+1 ×
(
8760 × Ssb,max

j (t) × OCsb)+
∑NL

j=1

∑T

t=1

∑N
L
type

a=1

xL
j,t,a + xT− L

j,t,a

(1 + 0.5r)2t+1 × (8760 × PL,Loss
j (t) × CLoss) (2)   
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0 ≤
∑T

t=1

∑N
sb
type

a=1
xsb

j,t,a ≤ 1, ∀j ∈ Ωsb (11) 

Eq. (4) is employed to determine that the whole buses are connected 
to the grid by a feeder and there is no isolated bus. To specify the amount 
of xCnt, the proposed grid topology is traversed to specify whether each 
feeder is a connected topology (i.e.xCnt = 1) or not (i.e.xCnt = 0). Since a 
grid is radial, each feeder is a connected topology, and the number of 
lines (NL

f ) is as same as the number of buses (NB
f ). Eq. (5) is an adequate 

situation for grid radiality without considering the tie-lines [7]. Eq. (6) 
evaluates the convergence of the power flow computations by using one 
of the power flow results based on a binary variable (i.e.xCnv

pf ). xCnv
pf equals 

one if computations converge and equals zero if power flow diverges due 
to mismatch of reactive or active power at each bus. Eqs. (7) and (8) 
depict the capacity of the lines and substations, sequentially. Eq. (9) 
illustrates the limitations of the voltage value of buses. The substation 
and line presence constraints are depicted as Eqs. (10) and (11), 
sequentially. On the other hand, due to connecting the new loads to the 
distribution network for several years and prevent capital blocking in 
the time horizon of planning, DNEP as the first step of RDNEP should be 
performed dynamically. In this way, the variables are defined time- 
based according to their employment time as depicted in Fig. 1 and 
constraints (10) and (11). These constraints ensure that in a path/ 
location during the planning horizon, just one line/substation can be 
installed. Moreover, it should be noted that the planning problem is not 

real-time scheduling. Therefore, its time-consuming feature will not be a 
concern or challenge. Hence, the network designer has enough time to 
solve the problem. It should be noted that the variables of this step will 
be optimized by NSGA-II operators in step #6 after considering the 
result of other steps. To satisfy the above-mentioned constraints, the 
rejecting method is applied for dealing with the constraints (4), (5), (6), 
(10), and (11) in which the infeasible chromosomes are discarded all 
over the generations according to reference [39] and [2]. However, for 
violation of constraints (7)-(9) the penalty approach is employed as 
discussed in [40]. 

3.2. Hurricane occurrence model 

The hurricane occurrence model is employed two times for each 
solution and each optimization algorithm iteration in the RDNEP 
structure. For the first time, after DNEP execution, the step of hurricane 
occurrence model is utilized to find the most vulnerable lines as the 
input of the resilient planning step to consider hardening efforts. 
Furthermore, the hurricane occurrence model is performed before the 
resilient operation scheduling for the second time in the proposed 
structure to provide an optimum situation based on the preventive and 
recovery network capability against the hurricane. Therefore, the out
puts of steps #1 and #3 are considered as inputs of the hurricane 
occurrence model at the first and second times, respectively. Moreover, 
the outcomes of this step are considered as inputs of steps #3 and #4. 
Since the overhead lines are the most vulnerable to confront an excessive 
hurricane in an electric distribution network, the main aim of this step is 
the prediction of damaged lines in a hurricane situation. In the proposed 
hurricane occurrence model, hurricane speed and direction should be 
predicted and evaluated at first. Then, the failure probability of the 

overhead lines will be determined by the lines fragility curve and pre
dicted hurricane speed [41]. In the fragility curve, the damage level of 
hurricanes is modeled and considered as the failure probability based on 
the hurricane speed. In a distribution network, lines and poles have the 
most vulnerability against the hurricane and they are high consumption 
equipment. Therefore, the most existing references in this field such as 
[42] consider lines and poles vulnerability in the resiliency studies of 
distribution systems. According to reference [42], lines are more 
vulnerable than poles. Hence, this study considers lines fragility curve 
that satisfies the poles vulnerability. Moreover, lines difference angles 
from hurricane direction should be determined to evaluate the vulner
ability of lines. After that, power flow calculations will be applied to 
evaluate the importance of the lines. Finally, the VI metric according to 
Eq. (12) is evaluated for all lines to determine the most vulnerable and 
curtail lines. It should be noted that at each algorithm iteration and each 
population member, the proposed expanded and resilient network to
pology as a problem solution will be changed and lines with different 
directions and various downstream loads will be employed. In this way, 
the hurricane occurrence model should be performed for each solution 
at each iteration separately to evaluate the lines’ vulnerability. There
fore the independent optimization level for the hurricane occurrence 
model can not consider the changes of network for solutions and pop
ulation members in different iterations. However, hurricane speed pre
diction is not dependent on the network topology. Therefore, it can be 
performed as an independent level and its result can be employed in the 
step of hurricane occurrence model [41].   

Eq. (12) is made from three terms. The first term of the suggested 
index computes the line deviation angle with the hurricane path. If the 
hurricane path is more perpendicular to a line, the line will be more 
vulnerable. Moreover, due to the elimination of the angle unit, the 
computed deviation should be divided into 90◦as the maximum devia
tion angle to make possible the summation of different terms. Further
more, due to considering the coordination of the hurricane speed with 
the line damage probability, the fragility curve of lines is implemented 
in the second term. How much the below area of the fragility curve is 
greater, the line will be more vulnerable. To make dimensionless the 
second term, the computed variables should be divided into the 
maximum value of the below area of the line fragility curve. Line 
importance is employed as the last term of Eq. (12). The quantity and 
priority of loads in the downstream area of each line evaluate its 
importance. Due to normalize the evaluated value, it should be divided 
into the maximum multiplication of loads quantity and priority. In this 
step, the lines that their VI index satisfies constraint (13) are considered 
as more probable damaged lines in the presence of a hurricane. It should 
be noted that BD (i.e. vulnerability threshold) at the first time employ
ment of this step (i.e. performed as pre-step of resilient planning (BD

P )) 
should be higher than it at the second one (i.e. considered as pre-step of 
the resilient operation (BD

O)) in each iteration of the NSGA-II algorithm 
as Eq. (14). 

VIj ≥ BD,BD =

{
BD

P inpre − stepoftheresilientplanning
BD

Oinpre − stepoftheresilientoperation
(13)  

BD
P ≥ BD

O (14) 

VIj =

⎛

⎝

⃒
⃒
⃒∡θ

◦

j − ∡θ
◦

H

⃒
⃒
⃒

∡θ◦

90
+

∫ ωmax

0 fj(ω) × dω
∫ ωmax

0 1 × dω
+

∑
n
∫

ΩD− L
j

γn × PB
n

Max
(
γ × PB

)

⎞

⎠ ∀ j ∈ ΩL (12)   
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Therefore, the main computational burden of this step consists of 
evaluating load flow equations, determining the lines’ difference angle, 
computing and sorting VI metrics for the whole lines of population 
members. 

3.3. Resilient planning efforts 

After determining the most vulnerable devices according to the 
hurricane occurrence model, resilient planning efforts are employed to 
reinforce the expanded distribution network capability against the HILP 
incidents. Here, line hardening measures, automatic switch allocation, 
and DGs sitting and sizing are considered as resilient planning efforts in 
order of their priorities. Therefore, this study proposes a three-step 
framework for resilient planning to increase the resilience potentials 
of a distribution system. In this way, the most vulnerable lines should be 
hardened as the first step. If the resilience budget is less than the 
hardening cost of the whole vulnerable lines, these lines should be 
prioritized based on Eq. (12) (i.e. VI index), and the most important and 
vulnerable lines will be hardened according to the resilience budget 
limitation as Eq. (15). In this section, the hardening cost (HC) is evalu
ated as Eq.(16): 

∑

j∈ΩV− L

∑T

t=1

∑N
L
type

a=1

xL− H
j,t,a × Lj

(1 + r)t− 1 × CH < RB (15)  

HC =
∑NL

j=1

∑T

t=1

∑N
L
type

a=1

xL− H
j,t,a × Lj

(1 + r)t− 1 × CH (16) 

The second step of the proposed resilient planning framework is 
implemented to allocate the automatic switches. In this step, all ti-lines 
should be equipped with automatic switches if limitation (17) is satis
fied. Otherwise, the allocation of automatic switches will be performed 
by considering the ti-lines importance that is determined by Eq. (18) and 
the available planning budget. Furthermore, Eq. (19) evaluates the 
automation system cost (ASC). 

∑NL

j=1

∑T

t=1

∑N
L
type

a=1

xT− L
j,t,a

(1 + r)t− 1 × ICSw
Aus ≤ RB − HC (17)  

ASIj =

∑
n∈ ΩD− L

j
γn × PB

n

max
(∑

n∈ ΩD− L
1

γn × PB
n ,
∑

n∈ ΩD− L
2

γn × PB
n , ...,

∑
n∈ ΩD− L

NT− L
γn × PB

n

),∀ j

∈ ΩT− L

(18)  

ASC =
∑NT− L

j=1

∑T

t=1

∑N
Sw
type

a=1

xSW
j,t,a

(1 + r)t− 1 × ICSw
a (19) 

Moreover, constraint (20) should be satisfied to implement DGs for 
reinforcing the network against HILP events as the third step. As this 
limitation, if the minimum investment cost of a DG type is less than the 
available resilience budget, this step will be performed. In this condi
tion, Eq. (21) is applied to prioritize the buses that are not supported by 
other resilience resources for DGs allocation. According to the priority of 
buses, the available resiliency budget, and the damaged topology, op
timum locations will be determined for DGs installation. Moreover, the 
size of DGs will be specified according to the remaining budget and 
vulnerable loads in the specified place. Furthermore, the investment cost 
of DGs is calculated as Eq. (22): 

Min(DGC) ≤ RB − HC − ASC (20)  

DGPIn =
γn×PB

n

max
(
γ1×PB

1 , γ2×PB
2 ,⋯, γNNHA×PB

NNHA

)∀n ∈ ΩNHA (21)  

DGC =
∑NB

j=1

∑T

t=1

∑N
DG
type

a=1

xDG
j,t,a

(1 + r)t− 1 × ICDG
a (22) 

Therefore, evaluating and sorting the allocation metrics of resilience 
resources such as DGPI, and ASI, as well as computation of their cost and 
considering the resiliency budget constraints, are the computational 
burden of this step to propose the optimum places for resilience re
sources. Furthermore, for the resilience budget constraint, if a less pri
ority resilience resource causes the violation of this constraint, this 
resource will be omitted (i.e. its variable will be considered zero). 
Therefore, the resilience budget constraint will be satisfied. 

3.4. Resilient operation strategy against hurricanes 

After a hurricane occurrence, the proposed resilient operation 
strategy reduces the effects of the event, significantly. This study con
siders a five-state structure for the presented resilient operation sched
uling as depicted in Fig. 2 and Fig. 4. Before starting the destructive 
effects of a hurricane, the network has a normal situation as the first 
state in the proposed structure (i.e. Normal state). The system robustness 
causes the network to preserve more this condition. In this situation, 
system variables are evaluated by power flow calculations. After 
destroying the network by a hurricane (i.e. Event state), the most 
vulnerable and not hardened lines are damaged. Therefore, a part of the 
loads will be isolated and not supplied. In this condition, power flow 
calculations based on the damaged network topology should be 
executed to determine the system specifications. Automatic switches as 
the most rapid resilience resources are implemented after a hurricane 
occurrence to reconfigure the network to minimize the not supplied 
loads as the third state (i.e. Automation state). Moreover, the power flow 
calculations are applied to determine the system variables in this situ
ation. In the fourth state (i.e. DGs employment state), after spending DGs 
synchronization time, they will connect to the network and restore a 
part of lost loads. Power flow calculations in this step determine the 
network situation. Finally, manual switches are employed to isolate the 
damaged equipment and reconfigure the network to supply more lost 
loads as the operation fifth state (i.e. Manual switch employment state) 
of the proposed resilient operation strategy. The network will have been 
in this situation until the damaged elements will be repaired. As same as 
the previous steps, power flow equations are executed to evaluate the 
network variables. It can be concluded that the main computational 
burden of this step is the power flow calculations of each operation state. 

Fig. 4. Resilient operation states.  
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3.5. Resilience evaluation 

Due to evaluate different aspects of resiliency for a distribution 
network, this paper presents TFS indexes that are classified into tech
nical, financial, and social welfare indexes (i.e. TRI, ERI, and SWRI, 
respectively). Moreover, the resilience index (RI) based on the above- 
mentioned aspects is proposed in this work as Eq. (23). 

RI = TRI +ERI + SWRI (23)    

• Technical resilience indexes 

The technical resilience index (TRI) as a per-unit value is based on 
the resilience operation curve according to Fig. 4 and the network 
supplied power. TRI consists of system robustness index (SRI), power 
adaptability index (PAI), and network recovery index (NRI) as follows: 

TRI =
SRI + PAI + NRI

TRIBase (24) 

System robustness is the ability of a resilient distribution network 
that preserves the system from HILP incidents. This ability is related to 
the performed hardening efforts in the system that the proposed SRI 
index evaluates this capability of the network as Eq. (25). 

SRI =
∑NL

j=1
∑NL

type
a=1 xL− H

j,T,a × PL
j

∑NL

j=1
∑NL

type
a=1 xL

j,T,a × PL
j

(25) 

SRI evaluates the supplied loads that are fed by the hardened lines as 
a per-unit value. In Eq. (25), If line j is hardened or underground, its xL− H

j,T,a 

equals one and for other lines, xL− H
j,T,aequals zero. 

The system capability that prevents the effects of HILP events to go 
from damaged infrastructures to the not damaged parts of a distribution 
system is defined as the system adaptability that is a part of the resilience 
operation curve as shown in Fig. 4. Due to evaluate the system adapt
ability, this work suggests PAI as Eq. (26). 

PAI =
∑NB

j=1PB,Min
j

∑NB

j=1PB,R
j

(26) 

PAI calculates the minimum supplied power of the network in the 
whole operation period of the hurricane condition as a per-unit number. 

The system recovery is another resilience factor that shows the 
capability of a distribution network to restore the disconnected loads by 
automation devices, DGs, and manual switches as shown in Fig. 4. This 
study proposes NRI to evaluate the system recovery potential as Eq. (27). 

NRI =
∑NT − L

j=1

∑N
SW
type

a=1

∑

n∈ΩD− L
j

xSW
j,T,a × PB

n

PTB × (TR − tstart)
× (TR − tstart − tSW

a )+
∑NB

j=1

×
∑N

DG
type

a=1

xDG
j,T,a × PDG

a

PTB × (TR − tstart)
× (TR − tstart − tDG) (27) 

NRI is constructed from two parts. Its first part evaluates the recov
ered energy of the isolated loads by different types of switches that are 
installed at the start node of ti-lines. It should be noted that all tie-lines 
are equipped with a type of switch (i.e. Automatic or manual). The 
second part of NRI calculates the recovered energy of the isolated loads 
by the DGs. As same as SRI and PAI, NRI is computed as a per-unit value 
to add with the other technical indexes.  

• Economic resilience indexes 

Economic resilience index (ERI) as Eq. (28) is based on the expansion 
planning cost (CInv), resilience investment cost (RIC), damaged equip
ment cost (DEC), and load shedding cost (LSC) that are presented as 
follows: 

ERI =
ERIcons − (CInv + RIC + DEC + LSC)

ERIBase (28) 

In order to implement ERI for enhancing the system resiliency by 
maximizing its value as same as TRI,ERIcons as a constant value is 
considered in Eq. (28) that is determined by sensitive analyzes. 
Moreover,ERIBase is employed to evaluate ERI as a per-unit value. 
Moreover, RIC evaluates the investment cost of resilience resources such 
as DGs, automatic switches, and lines hardening actions according to Eq. 
(29): 

RIC = HC+ASC+DGC (29) 

If a network is hardened, its vulnerability from a disaster decreases. 
Therefore, the replacement cost of damaged facilities such as overhead 
lines will be reduced when an HILP event occurred. In this study, DEC is 
formulated as Eq. (30) to evaluate the replacement cost of damaged lines 
as follows: 

DEC =
∑NL

j=1

∑N
L
type

a=1
xD− L

j,T,a × Lj × ICL
a × É◦DEC (30) 

Furthermore, LSC calculates load shedding cost during the event- 
affected operation duration as Eq. (31). 

LSC =

∫ TR

tstart

∑NB

j=1
PB,Shed

j × CShed × dt (31)    

• Social welfare resiliency index 

In this study, the social welfare resiliency index (SWRI) as the 
number of supplied consumers during the hurricane-affected operation 
time is considered according to Eq. (32) as a per-unit number. 

SWRI =
∫ TR

tstart

∑NB

j=1ND− C
j × dt

∫ TR

tstart

∑NB

j=1NC
j × dt

(32)  

3.6. NSGA-II optimization procedure 

Due to the outputs of each step of RDNEP are used as inputs of the 
next steps, the proposed framework should be optimized by a sequential 
method. Moreover, the proposed RDNEP consists of two main objective 
functions. Hence, one of the multi-objective optimization approaches 
should be employed to optimize the problem. These approaches can take 
care of problems with unrelated objectives. These problems can be 
solved by two general methods[43]. In the priori approach as the first 
method, the combination of all objective functions is considered as a 
single objective to solve the problem by appropriate optimization 
methods. On the other hand, in the second strategy, namely posteriori 
method, nondominancy concept is applied to solve the multi-objective 
optimization problem. These approaches cause reach a set of pareto- 
optimal solutions, instead of a single solution. After that, the most 
appropriate solution can be selected based on the problem priorities. In 
this problem, the types of objectives are different. Hence, due to the 
applicability of the pareto-based approaches, these methods are 
employed here. The pareto-based approaches are classified as classical 
methods and heuristic techniques [44]. The multi-objective evolu
tionary algorithms (MOEAs) (i.e. heuristic techniques) can concurrently 
find a set of possible solutions which allow determining different 
members of the pareto- optimal set in a single run of the optimization 
algorithm. This feature can be considered as the main advantage of 
MOEAs. This is in opposition to the classical approaches, where a series 
of separate execution are essential. Moreover, MOEAs are not very 
sensitive to the continuity or shape of the pareto front and they can 
comfortably handle concave and discontinuous pareto fronts, while 
these subjects are a real challenge for classical approaches. Moreover, 
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they do not depend on specific information of the problem, they are 
simple to execute and they can be run in sequential processing envi
ronments [44]. According to [45], the NSGA-II is an elitist and fast 
multi-objective genetic algorithm. Moreover, this algorithm is an 
improvement and extension of NSGA with specialized multi-objective 
operators and mechanisms, i.e., crowding distance and non-dominated 
sorting. The NSGA-II has been generally implemented for multi- 
objective optimization problems, with high reliability and robustness. 
Moreover, common optimized algorithms such as the simulated 
annealing method, traditional genetic algorithm, and gradient approach 
are difficult to meet multi-objective optimization requirements. Based 
on [45], in most problems, NSGA-II can determine much better 
convergence close to the true pareto-optimal set and it is able to be 
evidenced exclusively prosperous in highly nonlinear problems. As 
discussed in [37] and [46], in comparison to other MOEAs, NSGA-II is 
efficient and has a proper convergence feature. Due to its diversity 
preserving characteristic, this method can maintain a proper spread of 
solutions. Moreover, there is no need to determine the sharing param
eter and it has an easy yet efficient constraint-handling approach [43]. 
Therefore, the NSGA-II as one of the best accessible evolutionary algo
rithms is employed in this study. In order to optimize the above- 
mentioned problem, the outputs of DNEP and resilience evaluation 
steps in the main proposed framework are considered as the inputs of the 
NSGA-II optimization step as shown in Fig. 4. In this way, F1 and F2 
based on the DNEP and resilience indexes are defined as NSGA-II 
objective functions according to Eqs. (33) and (34), respectively. 

F1 = FDNEP (33)  

F2 =
1
RI

(34) 

Based on the F1 and F2, the solutions are classified as non-dominated 
sorting fronts according to Fig. 5 [47]. Then, the crowding distance will 
be evaluated for solutions of each non-dominated front as follows [38]: 

cdj =
∑NF

i=1

Fi(j − 1) − Fi(j + 1)
Fmax

i − Fmin
i

j ∈ ΩS (35)  

where cdj is the crowding distance for solution j. Then, the whole so
lutions should be checked that are classified [47]. After that, more op
timum solutions will be considered as the new populations based on the 
high priority fronts and high crowding distance [47]. The crossover and 
mutation operators will be employed to optimize new solutions as the 
next step. In this situation, if the algorithm iterations are completed, the 
optimum constructed solutions will be comprised and the best solution 
will be proposed based on the TOPSIS approach [48]. Otherwise, the 
above-mentioned steps should be executed again. Hence, the calcula
tions of NSGA-II and TOPSIS operators are the main computational 
burden of this step. 

It should be noted that the main novelty of this study is a framework 
for expanding a distribution network resiliently against the hurricane. 
The optimization method is not the main concentration and challenge of 
this study. However, NSGA-II is employed here that is a common and 
proper method in the power system problems (e.g. DNEP) based on the 
credible previous studies and references such as [38,47,49], and [50]. At 
last, it can be concluded that the proposed distribution network 
expansion planning model is constructed from technical, economic, and 
resilience-based objectives and constraints. In this way, investment cost 
(i.e. Eq. (1)), operation cost (i.e. Eq. (2)), and economic budget con
straints (i.e. Eqs. (15), (17), and (20)) are considered as economic aspect 
of the proposed model. Moreover, the constraints of network radiality (i. 
e. Eqs. (4) and (5)), voltage (i.e. Eq. (9)), capacity (i.e. Eqs. (7) and (8)), 
and other power flow limitations are applied as the technical aspect of 
RDNEP. Furthermore, resilience indexes (i.e. Eqs. (23)-(32)) construct 

Fig. 5. Classification in NSGA-II algorithm.  

Fig. 6. The 24-node distribution network under study.  

Table 3 
Load points data.  

Bus PB(t)(MW)  γ  

t = 0 t = 1 t = 2 t = 3 t = 4 t = 5 NC  CShed ($/

kWh)

1 2.54 2.59 2.63 2.70 2.73  2.74 17 38 5 
2 0.50 0.60 0.62 0.63 0.67  0.71 25 24.5 1 
3 1.66 1.75 1.93 1.88 1.96  2.04 20 24.1 3 
4 0.29 0.30 0.32 0.24 0.29  0.29 40 27.8 4 
5 1.05 1.17 1.22 1.28 1.33  1.45 20 24.5 4 
6 0.75 0.90 0.92 0.92 0.98  1.2 23 29.9 4 
7 2.87 2.16 2.37 2.38 2.84  2.85 33 24.5 5 
8 0.46 0.47 0.51 0.56 0.56  0.59 20 24.5 3 
9 0.80 0.88 0.93 0.95 0.96  1.03 3 30 4 
10 0 1.19 1.30 1.43 1.63  1.65 21 24.5 3 
11 0 1.17 1.25 1.34 1.44  1.67 9 17.5 1 
12 0 0 0.62 0.65 0.69  0.79 19 17.5 2 
13 0 0 0.78 0.81 0.83  0.88 24 17.5 2 
14 0 0 0 2.14 2.15  2.15 12 24.8 3 
15 0 0 0 1.13 1.13  1.13 10 20.1 3 
16 0 0 0 1.51 1.54  1.60 14 29.9 4 
17 0 0 0 0 0.66  0.74 16 20.1 3 
18 0 0 0 0 0.96  1.03 34 32 5 
19 0 0 0 0 0  1.09 26 29.9 5 
20 0 0 0 0 0  2.65 22 24.5 4  
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the resilience feature of the proposed model. Therefore, the proposed 
RDNEP is a comprehensive framework that considers the resilience 
characteristics of the distribution network in addition to the economic 
and technical features. 

4. Numerical study 

In this section, the performance of the proposed RDNEP is discussed. 
It should be mentioned that all simulations are performed on a personal 
computer with Intel Core i5 CPU @3.20 GHz and 4 GB RAM in the 
Windows Professional 7 environment. RDNEP is formulated as an 
MINLP model and executed using the NSGA-II algorithm for developing 
the optimization algorithm in the multi-paradigm numerical computing 
environment and proprietary programming language matrix laboratory 
(i.e. MATLAB R2018b) and MATPOWER 4.1 M-files (function runpf) for 
power flow calculations [51]. Moreover, due to reach the more optimum 
solution as much as possible, RDNEP based on the NSGA-II is executed 
twenty times, independently. Then the best result of all repetitions is 
reported as the output of the proposed model. In this section, two case 
studies based on a 24-node distribution network and a real one are 
considered to evaluate the effectiveness of RDNEP as follows: 

4.1. Case A: A 24-node distribution network 

In this case, the proposed RDNEP is implemented on a 24-load point 
test grid depicted in Fig. 6. This grid is a 20-kV distribution network that 
is fed by two 20-MVA, 63-kV/20-kV substations. The suggested feasible 
paths and places for creating future substations and feeders are depicted 
in Fig. 6. 

Table 3 illustrates the load points data, including the predicted peak 
power demand during five years. Furthermore, the priorities of loads 
based on their types (e.g. medical, military, industrial, commercial, and 
residential) are depicted in Table 3. 

The line type that is employed in the existing grid is LA56 as an 
overhead line type. For system expansion, in addition to this conductor, 
the XLPE cable type can also be used. Table 4 provides the data related to 

the line types. 
Lines characteristics that consist of their start/end load point, length, 

and deviation angle from the north are presented in Table 5. 
The parameters of the optimization algorithm are experimentally 

selected by sensitivity analysis as discussed in [52]. In this way, different 
parameter sets are employed based on typical values according to 
Table 6 [52] and [39]. After that, the parameters which cause the more 
optimum results are applied for the optimization algorithm. Therefore, 
the proper parameter set is determined as ρm = 0.01,ηc = 30,ρc = 0.9,
ηc = 1,ηm = 10,andNSOpt = 50. 

The other required constants and parameters are considered in 
Table 7. 

As presented in Fig. 6, the main hurricane path is presumed in the 

Table 4 
Data of conductors used in the existing network and for expansion.  

Conductor Type ResistanceΩ/ 
km 

ResistanceΩ/ 
km 

Rated 
power 
(MVA) 

Rated 
voltage 
(kV) 

LA56 Overhead 0,683  0.415  3.4 20 
XLPE cable 0.202  0.204  8.1 20  

Table 5 
Line data.  

line from to Length (km) Deviation angle from the north (◦) line from to Length (km) Deviation angle from the north (◦) 

1 21 1 1 45 20 20 15  3.2 0 
2 21 2 1.1 60 21 6 16  1.4 60 
3 1 9 1.5 10 22 16 22  0.9 0 
4 2 3 1.5 50 23 15 16  0.7 5 
5 9 4 1.1 10 24 4 15  0.8 15 
6 5 6 1.8 5 25 4 17  1.5 45 
7 7 8 1.2 50 26 23 4  1.8 85 
8 6 22 1.3 60 27 15 19  1.3 45 
9 8 22 1.4 90 28 3 17  1.6 45 
10 1 12 1.3 60 29 17 10  2.4 60 
11 2 12 1.3 60 30 3 10  1.6 10 
12 1 14 1.6 75 31 3 23  1.8 20 
13 14 18 1.5 45 32 23 10  1.2 65 
14 18 24 1.3 45 33 10 7  2.5 20 
15 1 5 3.1 5 34 23 7  1.6 25 
16 24 5 0.8 60 35 23 11  1.7 50 
17 24 20 1.4 45 36 7 11  1.6 45 
18 20 13 1.4 30 37 19 11  2.7 70 
19 6 13 1.5 90 38 19 7  1.3 80  

Table 6 
The NSGA-II parameter space.  

Parameters Values 

ρc  0.3 0.5 0.7 0.9 1 
ηc  10 30 50 100 200 
ρm  0.001 0.005 0.01 0.05 0.1 
ηm  10 30 50 100 200 

NSOpt  20 50 150 300 500  

Table 7 
Simulation parameters.  

Parameters Values Parameters Values 

ICsb
30MVA($)  900,000 ICsb

20MVA($) 700,000 

ICL
LA56($/km) 8,500 BD

P  1.5 

ICL
XPLE($/km) 20,000 É◦DEC  5 

ICSw
MS($)  10,000 tDG(Hour)  0.25 

ICSw
AS($)  40,000 BD

O  1 

OCsb($/MVA) 1000 ωmax(m/s) 55 

δV  0.05 ERICons($)  2,900,000 

T Opt 1000 ERIBase($)  1,500,000 

tstart  07:00 r 0.1 

CLoss($/kWh) 0.06 TRIBase  2 

CH($/km)  8400 TR(Hour)  24 

ICDG
1MW($)  194,000 tSW

MS (Hour)  0.5 

ICDG
0.5MW($)  93,000 tSW

AS (Hour)  0.001 

RB($) 282,000    
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north and the above-mentioned system is considered as a one-zone and 
one-time interval against the hurricane. Moreover, Fig. 7 illustrates an 
overhead distribution system line fragility curve in the hurricane con
dition [24] that is employed to specify the most vulnerable lines based 
on the hurricane speed. It should be noted that the primary line of each 
feeder can be underground. The underground lines are not vulnerable in 
front of hurricanes. 

In this case, three scenarios are studied on a 24-node distribution 
network to validate the performance of the presented model as follows: 

Scenario #1: This scenario determines a distribution network 
expansion topology by a conventional strategy that is a cost-based model 
and optimized just by DNEP objective function. In this case, resilience 
resources and TFS metrics are not considered in the optimization pro
cedure. However, the TFS metrics are evaluated for the proposed to
pology after DNEP execution to compare its resiliency capability with 
other scenarios. Table 8 presents the detail of the multistage plan that 

Fig. 7. An overhead distribution network line fragility curve against a hurricane.  

Table 8 
Detail of dynamic RDNEP topology in scenario #1.  

Element Time duration 

t = 1 t = 2 t = 3 t = 4 t = 5 

Line Removed (1,2,8,9) - - - - 
Added XLPE 

(1,2,8,9), 
LA56 
(30,36) 

LA56 
(11,19) 

XLPE  
(22), 
LA56 
(12, 
23) 

LA56 
(28,13) 

LA56 
(18,38) 

Hardened 
lines  

– – – – – 

Tie-line Consider – – – – – 
Substation Added – – – – – 
DG Added – – – – – 
Switch Added – – – – –  

Fig. 8. The proposed topology in scenario #1.  

Fig. 9. The proposed topology in scenario #2.  
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consists of the infrastructures that must be added/removed to/from the 
grid each year to expand the network based on the suggested plan. In 
this case, the lines (1–14), (2–3), (6–13), (14–18), (8–7), (2–12), and 
(13–20) are considered as the vulnerable lines that are anticipated as the 
destroyed lines in the hurricane condition by the suggested hurricane 
occurrence model as shown in Fig. 8. The proposed topology consists of 

the minimum number of substations (i.e. two substations) and the 
longest feeders in comparison with other ones according to Fig. 8. 
Therefore,FDNEPand the investment cost of this scenario are the least in 
all cases as shown in Fig. 11.a. Furthermore, high length feeders of the 
proposed topology lead to an increase in the power losses and operation 
cost of this scenario more than other cases according to Fig. 11.a. Due to 
no presence of the TFS indexes in the optimization procedure and no 
presence of resilience resources, this scenario has the lowest SRI, PAI, 
and NRI indexes as shown in Fig. 11.b, as well as the DEC and LSC in
dexes of this plan that are in the worst situation as illustrated in Fig. 11. 
c. Therefore, the minimum SWRI and TRI belong to scenario #1 as 
depicted in Fig. 11.d. Moreover, the minimum RIC and investment cost 
lead to this case doesn’t have the minimum ERI. It should be mentioned 
that the primary lines of feeders that are undergrounded, affect the TFS 
metrics in this scenario. Finally, due to the above-mentioned reasons, 
the proposed plan of scenario #1 has the lowest RI as shown in Fig. 11.e. 
It means that the suggested topology has the minimum resiliency against 
a hurricane in comparison with the proposed topology of other 
scenarios. 

Scenario #2: In this scenario, the expanded topology is specified by 
the proposed resilience structure and without resilience resources. Fig. 9 
and Table 9 present the proposed plan achieved in this case. According 
to this plan, two substations are added to the network in the first and 
fourth years of the planning horizon to increase the network resiliency 
and supply added loads. As depicted in Fig. 9, in this scenario, the 
proposed topology of the feeders is different from the scheme that is 
suggested by the cost-based model (i.e. scenario #1). More clarification 
about the proposed dynamic RDNEP plan of scenario #2 is presented in 
Table 9. Based on the suggested hurricane occurrence structure as 
illustrated in Fig. 9, the lines (1–14), (13–20), (2–3), and (7–8) are 
considered as the vulnerable lines that are predicted as the damaged 
lines in the hurricane condition. As shown in Fig. 11.a, due to the 
employment of two new substations, this scenario has the most invest
ment cost in comparison with other ones. Moreover, the decrement of 
feeders length and increment of substations number lead to be the 

Table 9 
Detail of dynamic RDNEP topology in scenario #2.  

Element Time duration 

t = 1 t = 2 t = 3 t = 4 t = 5 

Line Removed (1,2,8,9) - - (3,6) - 
Added 
(Line) 

XLPE (35,32, 1,2,8,9), LA56(36) LA56 (11,19) LA56 (23,12), XLPE (22) LA56 (25,13,28) 
XLPE (14,16,26) 

LA56 (18,27) 
XLPE (17) 

Hardened lines  – – – – – 
Tie-line Consider (36) – – (12,28) (19) 
Substation Added 

(node) 
20 MVA (23) – – 20 MVA (24) – 

DG Added – – – – – 
Switch Added (node) Manual (11) – Manual 

(1) 
Manual (3) Manual 

(6)  

Fig. 10. The proposed topology in scenario #3.  

Table 10 
Detail of dynamic RDNEP topology in scenario #3.  

Element Time duration 

t = 1 t = 2 t = 3 t = 4 t = 5 

Line Removed (1,2,8,9) - - - - 
Added XLPE 

(1,2,8,9,35,32) 
LA56 (11,19) LA56 (12,23), XLPE (22) LA56 (25,13) 

XLPE (26) 
LA56 (18,38) 

Hardened lines  (7,4) (19) (12) (3) (20,37) 
Tie-line Consider – – – (3) (20,37) 
Substation Added 

(node) 
20 MVA 
(23) 

– – – – 

DG Added 
(node) 

– – – (1 MVA) 
(18) 

– 

Switch Added 
(node) 

Automatic 
(1) 

– – – Automatic 
(11), (15)  
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operation cost of this scenario is significantly less than scenario #1 ac
cording to Fig. 11.a. On the other hand, the very high investment cost of 
substations causes the maximum value of FDNEP is calculated in this 
scenario as shown in Fig. 11.a. Moreover, the proposed resilience 
structure employment in this scenario leads to achieving a topology that 
the whole proposed technical indexes (i.e. SRI, PAI, NRI, and TRI), as 
well as some financial indexes (i.e. DEC and LSC), are promoted in 
comparison with scenario #1 as depicted in Fig. 11.b and Fig. 11.c, 
respectively. It should be noted that the SRI index is directly related to 
the number of primary lines of feeders that are undergrounded and not 
vulnerable against the hurricane. Due to the very high investment cost of 
this topology and no significant improvement of DEC and LSC indexes, 

this scenario has the minimum ERI as shown in Fig. 11.d. Moreover, the 
proposed topology of this case leads to TRI and SWRI metrics be more 
than these indexes in scenario #1. Eventually, as illustrated in Fig. 11.e, 
according to the above-mentioned analysis and reasons, the resiliency 
capability of the proposed topology in scenario #2 is higher than sce
nario #1 and less than scenario #3 based on the RI index. 

Scenario #3: In this case, DNEP is performed by the proposed 
resilience and cost-based structure in presence of resilience resources. 
The achieved topology of this scenario is depicted in Fig. 10. More detail 
of the proposed dynamic plan for this scenario is presented in Table 10. 
In the proposed topology, lines (1–14), (6–13), (8–7), and (2–3) as well 
as all tie-lines are suggested to be hardened. Based on the proposed 

Fig. 11. Comparison of DNEP objective function and TFS indexes in scenario #1-#3.  
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hurricane model and VI index, the lines (2–12), (13–20), (15–19), and 
(14–18) are recognized as the vulnerable lines that are probability 
damaged in the hurricane situation. Due to the employment of the cost- 
based and resilience-based indexes in DNEP as well as resilience re
sources, simultaneously, scenario #3 has the most optimum situation in 
both resiliency and cost aspects, concurrently, in comparison with other 
scenarios. Employment of both expansion and resilience infrastructures 
leads to the reduction of the investment cost and FDNEP in this case in 
comparison with scenario #2 as shown in Fig. 11.a. Moreover, Fig. 11.a 
shows that the operation cost of this case is close to scenario#2 and less 
than the operation cost of case #1. Employment of hardening strategies, 
automatic switches, tie-lines, and DGs leads to promote network 
robustness and adaptability more than other cases as shown in Fig. 11.b. 
Moreover, the recovery capability of this case is close to scenario#2 and 
better than scenario #1 according to the NRI value that is presented in 
Fig. 11.b. Furthermore, in this case, resilience efforts decrease the LSC 
and DEC more than in other cases and the summation of RIC and CInvis 
less than scenario#2 according to Fig. 11.c. Due to employing resilience 
resources and the proposed resilience-based framework, the maximum 
values of ERI, SWRI, and TRI indexes happen in this case as depicted in 
Fig. 11.d. At last, distribution network expansion and reinforcement 
topology, resilience resources planning, and resilient scheduling 
improve the resiliency of the network against a hurricane occurrence 
based on the RI index that is illustrated in Fig. 11.e in comparison with 
other scenarios. 

In this case, Fig. 12 illustrates the set of non-dominated solutions and 
the best compromise solution with the equal priority of the objective 
functions. 

To evaluate the effects of different RBs and several predefined 
vulnerability threshold levels on the RDNEP study, multifarious cases 
are defined according to Table 11 in scenario #3 to execute a sensitivity 
analysis as shown in Fig. 13. 

Fig. 13 shows the manner of TRI, SWRI, ERI, and RI metrics based on 
different resiliency budget levels (i.e. RB) and vulnerability threshold 
levels(i.e.BD

P ). Reduction of BD
P generally leads to TRI, RI, SWRI, and ERI 

decrement. The maximum reduction of mentioned metrics occurs in the 
second vulnerability level and its minimum happens in the fourth one. 

As shown in Fig. 13, if the BD
P is less than 1.5, the network vulnerability is 

close to the condition that its BD
P is1.5. Therefore, investigation of the 

situations that their BD
P levels are less than 1.5 can be ignored in the 

RDNEP study. On the other hand, the RB increment generally improves 
TRI and SWRI. The second RB level leads to the maximum improvement 
of the TRI, SWRI, ERI, and RI metrics. However, in the fourth RB level, 
TRI and SWRI don’t experience significant enhancement. Moreover, in 
this condition, the ERI and RI metrics are reduced as depicted in Fig. 13.c 
and Fig. 13.d, respectively, due to the high investment cost of the 
employed resilience resources and no significant improvement of TRI 
and SWRI. Therefore, the RDNEP study is not necessary by the budgets 
that are more than the third RB level. 

In order to validate the proposed model, RDNEP is also solved by the 
multi-objective particle swarm optimization (MOPSO) algorithm [53] 
and the multi-objective evolutionary algorithm based on decomposition 
(MOEA/D) [54] using MATLAB to evaluate the efficacy and feasibility of 
the proposed optimization method. As discussed in reference [55], 
inverted generational distance (IGD), spacing (SP), and maximum 
spread (MS) metrics are implemented to compare the capability of the 
multi-objective algorithms. IGD is used to evaluate the convergence, 
spacing (SP), and maximum spread (MS) metrics are implemented to 
measure the coverage of the multi-objective algorithms [55]. The 
competence of the suggested algorithm is depicted by the comparison of 
NSGA-II, MOEA/D, and MOPSO. In this way, the above-mentioned al
gorithms are implemented in the third scenario of case#1 that the whole 
proposed framework is employed. Table 12 illustrates the capability 
comparison of the suggested approach. This table presents the IGD 
comparison of the above-mentioned algorithms and it is depicted that 
NSGA-II gives better results as compare to MOEA/D and MOPSO for this 
problem. Moreover, Table 12 illustrates the index of spacing comparison 
and it is shown that standard deviation (Std. dev.), average, worst, and 
best values of NSGA-II are more stable than the MOEA/D and MOPSO. It 
shows that non dominated pareto solution of NSGA-II is more distrib
uted. It is also illustrated in Table 12 that the index of spread for NSGA-II 
is again better than the MOEA/D and MOPSO. This MS concludes that 
the distance between the space covered by the solutions and boundary 
solutions is better in NSGA-II. 

Moreover, the comparison of RDNEP objective functions (i.e. FDNEP 
and RI) that are optimized by the above-mentioned multi-objective 
optimization methods and the same multiple criteria decision-making 
method (i.e. TOPSIS) is presented in Table 13. It shows that the 
NSGA-II method can find more optimum solutions than other ones. 

Furthermore, Table 14 depicts the comparison of economic-based 
[56], reliability-driven [39], and resilience-based (i.e. RDNEP as the 
proposed model) frameworks for distribution network expansion plan
ning. It shows that the RDNEP expands a distribution network more 
resiliently than other frameworks with an optimum cost. Moreover, the 
economic-based model has the minimum DNEP cost (i.e. FDNEP). How
ever, its resilience capability is the worst in comparison with other 
strategies. The reliability-driven model provides expansion planning 
with DNEP cost close to resilience-based one but its resiliency perfor
mance is significantly lower than RDNEP and better than economic- 
based strategy. 

4.2. Case B: A real distribution network 

In order to evaluate the proposed RDNEP model on a real distribu
tion network, two feeders are considered that are placed in the Ghale- 
Ganj district of Kerman, Iran. These feeders are named Tarikmah and 
Ahovan. Fig. 14 depicts the topology of the above-mentioned grid based 
on Geographische Information System (GIS) data. This grid consists of 
402 available buses, one 63/20 kV substation, 27 new buses, 52 
candidate lines, and 349 available lines. The required constants and 
parameters for the simulation of this case are considered according to 
case A. In order to evaluate the effect of the proposed RDNEP on the 

Fig. 12. A Pareto surface for optimal RDNEP identified by the sug
gested framework. 

Table 11 
RDNEP sensitivity analyzes data in scenario #3.  

Resiliency budget level RB ($)  Vulnerability threshold level BD
P  

1 46,000 1  1.9 
2 70,000 2  1.7 
3 282,000 3  1.5 
4 476,000 4  1.3  
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mentioned real distribution network, two scenarios (i.e. DNEP and 
RDNEP) are studied on the above-mentioned network. The results of 
these scenarios are presented in Table 15. Employment of cost-based 
objectives leads to the reduction of the investment cost and FDNEP of 
DNEP in comparison with RDNEP in the real case as shown in Table 15. 
Moreover, due to the DG implementation and the proposed topology in 
the RDNEP scenario, the power losses and the operation cost of this 
scenario are lower than the DNEP scenario. Furthermore, employment 
of resilience resources and the combination of resilience-based and cost- 
based objectives promote network resiliency and capability of RDNEP 
scenario more than DNEP scenario as shown in Table 15. 

(a) TRI metric 

(b) SWRI metric 

(c) ERI metric 

(d) RI metric 

Fig. 13. Sensitivity analysis based on TFS metrics.  

Table 12 
Comparison of IGD, SP, and MS metrics.  

Index IGD SP MS 

Method NSGA-II MOPSO MOEA/D NSGA-II MOPSO MOEA/D NSGA-II MOPSO MOEA/D 

Avg.  0.0028  0.0182  0.0658  0.0714  0.1317  0.2108  1.1007  1.0521  0.9654 
Std.dev.  0.0007  0.0041  0.0361  0.0291  0.0724  0.1158  0.1139  0.2262  0.3021 
Worst  0.0059  0.0353  0.1073  0.1742  0.4131  0.6645  1.9761  1.8561  1.7313 
Best  0.0018  0.0105  0.0206  0.0403  0.0411  0.0661  1.2914  1.2124  1.1567  

Table 13 
Comparison of different optimization methods.  

Index NSGA-II MOPSO MOEA/D 

FDNEP($)  1,356,270 1,373,164 1,389,656 
RI 2.334 2.193 2.015  

Table 14 
Comparison of different DNEP strategies.  

Index Economic-based Reliability-driven RDNEP 

FDNEP($)  127,500 1,410,446 1,411,576 
RI 1.132 1.754 2.334  
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5. Conclusion 

This paper proposes a multistage, dynamic, and resilient-based 
structure for distribution network expansion and reinforcement plan
ning that is named resilient distribution network expansion planning 
(RDNEP) to supply existing and new loads confidently against hurri
canes. The suggested framework considers distribution network expan
sion planning (DNEP), hurricane concurrence model, resilient resources 
planning, resilient operation, the technical, financial, and social welfare 
resiliency indexes for resiliency evaluation, and a multi-objective opti
mization method that constructs six steps of the RDNEP. In the first step 
of the presented structure, investment and operation costs are applied as 
the expansion planning objective functions to specify expansion topol
ogy. Then, a hurricane occurrence model is employed to determine the 
most vulnerable lines. In the third step, resilience resources planning is 
performed to reinforce the network based on the outputs of previous 
steps. After that, the hurricane occurrence model is employed again to 
apply resilient operation strategies based on the network preventive 
capabilities to have the best performance against the hurricane. Then, 
the resiliency evaluation section is performed based on technical, 
financial, and social welfare resiliency indexes to assess the performance 
of the proposed framework. Moreover, the non-dominated sorting 

genetic algorithm II optimization method combined with the technique 
for order preference by similarity to ideal solution approach is employed 
to determine the optimum solution. In order to execute and evaluate the 
proposed model, two cases are considered based on a 24-node distri
bution network and a real one. In the 24-bus distribution network, three 
scenarios are defined as conventional DNEP, RDNEP without resilience 
resources, and combined conventional and RDNEP in presence of resil
ience resources as the proposed model. The numerical results show that 
the conventional DNEP, due to considering the cost-based objective 
functions, has the minimum resilience level. Moreover, the RDNEP 
outcome is more resilient than scenario #1. However, its DNEP objective 
function is very higher than the other scenarios. The proposed frame
work execution as the third scenario shows that the suggested RDNEP 
has a more optimum situation in DNEP objective function and resiliency 
indexes in comparison with other models and scenarios. Furthermore, 
the execution of the RDNEP in the real case shows the effectiveness of 
the proposed model on the resiliency capability of distribution networks. 
Finally, the authors suggest employing energy storage planning and 
scheduling as further works in the proposed structure. 
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Table 15 
Results of the real case evaluation.  

Indexes DNEP RDNEP (Proposed model) 

CInv($)  510,000 3,357,600 
COpr($)  1,717,084 1,263,108 
FDNEP($)  2,227,084 4,620,708 
SRI  0.061 0.298 
PAI  0.078 0.211 
NRI  0.000 0.129 
TRI  0.069 0.319 
ERI  0.742 0.776 
RIC($)  0.000 3062850.000 
DEC($)  3932578.125 1533984.375 
LSC($)  4047706.864 127954.077 
SWRI  0.031 0.101 
RI 0.842 1.737  
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