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in distribution networks, even though are many researches devoted to their assessment and enhancement.
This study proposes a new optimization paradigm for distributed generation (DG) placement-based
reliability and resilience evaluation and improvement in distribution networks. Using the network's

g:ﬁxgirg,s' integrated remote-control switches, an optimum service restoration approach and optimal DG unit
Resilience allocation are employed in this stochastic multi-objective optimization model. The methodology keeps
Service Restoration DG investment costs low while minimizing distribution network outage costs brought on by resilience
Multi-Objective Optimization events and reliability contingencies. A mixed-integer linear programming (MILP) model that complies
Monte Carlo Simulation with network technical restrictions is used to describe the optimal service restoration issue. Two distinct
Non-Dominated Sorting Genetic Algorithm scenario sets are created to represent the unpredictable nature of fault situations. Reliability and resilience

scenarios are based on historical data of the network's fault rates and the failure probability functions of
network components derived from Monte Carlo Simulation (MCS), respectively. A Pareto-optimal
solution pool is obtained by solving the model using the non-dominated sorting genetic algorithm
(NSGA-II) technique. To help the network planners choose the best option from the Pareto front, a fuzzy
decision-making logic tool is then used. The suggested model is evaluated on an IEEE 33-bus system,
and the simulation results demonstrate the model's efficacy.
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NOMENCLATURE

The probability of being in, or exceeding a damage

Index and Sets P state ds.
The median value of the engineering demand
Ll Set and index distribution network lines. Saas parameter at which the asset reaches the threshold of
the damage state ds.
The standard deviation of the natural logarithm of
S.s Set and index all contingency scenarios in the network. Bas engineering demand parameter at which the asset
reaches the threshold of the damage state ds.
SRel gRes Sets of contingency scenarios for reliability and [0 Standard normal cumulative distribution function.
resilience assessment.
B.b Set and index network buses. @i Shape pgram_etelj an(_j scale pa_rameter of t_he Weibull
probability distribution function, respectively.
. Minimum (best) and maximum (worst) values of the
2.2 Setand index of network zones. a.b objective function in fuzzy logic, respectively.
J.J Set and index objective functions in fuzzy logic. v A constant greater than 1.
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d minimum degree of importance, and 1 is the
Parameters Y maximum degree of importance for the objective
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Outage cost of bus b and zone z.
The adjacency matrix of network zones.

Beginning and ending zones of line I, respectively.

A sufficiently big number.

Repair time of bus b and zone z in scenario s,
respectively.

Minimum and maximum allowable voltage for network
buses, respectively.

Active and reactive power of load point b, respectively.
Apparent power capacity of line L.

Minimum and maximum installable active power
capacity in each bus, respectively.

Minimum and maximum allowable power factor angle of
DGs, respectively.

Per unit resistance and reactance of network line [,
respectively.

T, Outage time of zone z in scenario s
Uy s Square of voltage magnitude for bus b in scenario s.

pline_gLine Active and reactive power flow of line [ in scenario
.S N .S s

P Installed DG capacity in bus b.
pDG_pe The agtive and reactive output power of line [ in
b -¥b scenario s.

Binary Variables

abf 1 when DG is installed in bus b.
2z, 1 when zone z is energized via zone z.
gsource 1 when there is any power generating source in the
b bus b.
status 1 when the DG in bus b is switched on in scenario
Ap.s s.
line 1 when line [ is closed in scenario s.

s.l

1. INTRODUCTION

1. 1. Motivation

Customers now anticipate a high-

quality and dependable energy supply due to the growing
significance of electrical energy in contemporary
cultures. This means that any interruptions in the safe
supply of electricity to end consumers cost the power
system a lot of money. Additional work has been done to
improve power systems' resilience to different types of
breakdowns and forced outages to meet this issue. By
lowering outage costs, these enhancements hope to offset
the high long-term planning and implementation
expenses (1-3).

1. 2. Literature Review  Two areas of research that
concentrate on power systems' capacity to handle fault
eventualities in two distinct scenarios are power system
resilience and reliability (4). The capacity of a system to
sustain grid operation even in the case of a malfunction

and guarantee a high-quality supply versus planned
demand is known as reliability (5, 6). In power systems,
reliability assessment is a well-known word that has been
the subject of in-depth research over the last few decades.
It addresses high likelihood, low consequence errors that
arise during normal network operation. However,
resilience is a very recent term, have been introduced by
Amin (7). Nonetheless, in recent years, it has become
increasingly popular among the power system
community. The following is how the UK Energy
Research Center defines power system resilience: An
energy system's resilience is its ability to withstand
disruptions and keep providing customers with
reasonably priced energy services. Resilient energy
systems may quickly bounce back from shocks and offer
substitute ways to meet energy service demands if
external conditions change. Resilience addresses
occurrences with a low likelihood but significant impact
(8,9).
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Reliability and resilience are two critical concepts in
the context of power system performance, but they
address different aspects of system robustness and
performance. Reliability refers to the ability of a power
system to deliver electricity consistently and without
interruption under normal operating conditions (10). It
focuses on the system's capability to maintain quality
service despite the occurrence of faults or disturbances.
Reliability is primarily concerned with high-probability,
low-impact events that can be managed through
preventive maintenance and fault management strategies.
It involves metrics such as the System Average
Interruption Duration Index (SAIDI) and System
Average Interruption Frequency Index (SAIFI), which
quantify the frequency and duration of outages
experienced by customers (9, 11, 12). Conversely,
resilience is a more recent idea that highlights the
system's capacity to tolerate and bounce back from
major, unforeseen disruptions or severe catastrophes.
Low likelihood, high-impact events that might cause
significant service interruptions are the focus of
resilience (3). It focuses on the system's capacity to adapt,
recover, and continue providing essential services even
in degraded conditions. Key aspects of resilience include
the system's ability to quickly restore operations,
maintain service during disruptions, and provide
alternative solutions when faced with major shocks or
failures (13).

In summary, while reliability aims to minimize
disruptions under normal conditions, resilience prepares
the system to handle and recover from severe and
infrequent disturbances. Understanding the distinction
between these concepts is crucial for developing
comprehensive strategies to enhance power system
performance and ensure both consistent service delivery
and effective response to extreme events (14).

The reliability and resilience evaluation of
distribution networks has drawn the attention of
several power system experts and planners since
distribution network defects account for over 80% of
customer disruptions (2). Nevertheless, the literature
lacks a paradigm that assesses and improves the
distribution network's resilience and reliability at the
same time (15).

Numerous studies have mostly focused on evaluating
the reliability of distribution networks (16-20). By
reducing the network's power outage costs, the effect of
distributed renewable generating units on distribution
system reliability has been assessed (21). This research
takes into account wind turbines, electric storage
systems, and solar units. A Markov model is used to give
a stochastic model that incorporates the unpredictable
character of renewable DGs. (22) presents a probabilistic
analytical approach to evaluate the reliability of
distribution systems with dispatchable and non-
dispatchable renewable DG units using two reliability

indices, SAIDI and SAIFI (15). Technical factors
including DG failure, load demand, and time-dependent
patterns of DG output are taken into account while
restoring the DG side. To optimize the voltage profile of
the distribution network and increase reliability, the best
location for distributed energy resources (DERsS) was
examined by Mujjuni et al. (23). Yuvaraj et al. (24)
suggested a renewable DG allocation planning algorithm
to identify the best placements and dimensions of DG
units in distribution networks for enhancing reliability
and minimizing loss. Using a genetic algorithm (GA), the
allocation problem is described as a mixed-integer
nonlinear programming model.

Recent years have seen a surge in interest in power
system research on the assessment and improvement of
distribution system resilience (25-31). Additionally, by
establishing several microgrids, DG resources can aid in
load restoration, reducing the adverse impacts of extreme
events and enhancing the resilience of distribution
systems (32-35). Ma et al. (36) presented a mixed-integer
second-order conic programming model for distributing
dispatchable DG and forming radial microgrids in the
best possible way to increase the resilience of the
distribution system. After a high-impact, low probability
(HILP) occurrence, the goal function reduces load
outages while meeting operational limitations. A robust
distribution network planning issue is put out by Panteli
et al. (37), which aims to minimize system damage by
coordinating the hardening and DG allocation. A two-
stage robust optimization model is used to formulate the
issue. This multi-stage, multi-zone uncertainty set is used
to represent the unpredictability of a natural disaster. A
DER-based feeder restoration technique was suggested
by Home-Ortiz and Mantovani (38). Through the most
efficient allocation of DERSs, this method simultaneously
maximizes the quantity of restored important loads and
improves the restoration timeframes. By assigning DERs
appropriately, this method simultaneously increases the
quantity of restored important loads and improves the
restoration times. The crucial restrictions of the grid are
taken into account while modeling the restoration issue
as a mixed-integer linear program (12, 39).

Table 1 demonstrates how our study fills a major
vacuum in the literature by offering a thorough approach
that, in contrast to the other references, simultaneously
assesses and improves the resilience and reliability of
distribution networks. Here are some highlights of this
paper's noteworthy contributions and innovations:

1. 2. 1. A new planning methodology that considers
resilience enhancement as well as reliability for the best
DG location.

1. 2. 2. Reliability, resilience, and DG installation costs
are minimized by the use of a multi-objective function
optimization.

1. 2. 3. DG islanding operation, fault-isolation, and post-
fault service restoration are all part of this innovative
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service restoration strategy that satisfies network
technological limitations.

1. 2. 4. This model uses a stochastic optimization
approach to describe the uncertainties of the system.

1. 2. 5. By solving the MILP model using NSGA-II,
distribution system planners can select from a Pareto-
optimal solution pool.

1. 2. 6. To help the decision-makers select the best
option, a fuzzy decision-making technique is being used
as a tool.

1. 3. Research Gaps and Contributions Despite
extensive research on the reliability and resilience of
power systems, significant gaps remain in integrating
these aspects into a cohesive framework and evaluating
their combined impact. Existing studies often treat
reliability —and resilience separately and lack
comprehensive methods to address their interplay in
practical scenarios. Some of the available research gaps
are as follows:

1.3.1.Lack of Integrated Frameworks  Although
substantial research has focused on reliability and
resilience individually, there is a significant gap in

frameworks that address both aspects simultaneously.
The existing studies often treat reliability and resilience
as separate entities, neglecting their interplay in practical
scenarios.

1. 3. 2. Inadequate Evaluation Methods Current
methods for evaluating reliability often do not account
for the complex interactions between DGs and fault
conditions, especially in terms of stochastic uncertainties.
Similarly, resilience studies frequently overlook the
combined impacts of fault isolation, DG islanding, and
post-fault restoration.

1. 3. 3. Optimization Approaches Existing
optimization models tend to focus on either reliability or
resilience enhancement, but few integrate both into a
unified multi-objective function. There is also a lack of
research on utilizing advanced decision-making tools,
such as fuzzy logic, to assist in selecting optimal
solutions from Pareto-optimal sets.

This paper addresses these gaps by introducing an
integrated planning model that enhances both reliability
and resilience, utilizing advanced optimization
techniques and decision-making tools. Key contributions

TABLE 1. Comparing this paper and literature

Approach

Contribution

Differences

Ref. Focus Problem
(40) Reliability Impact of Renewable DGs
Assessment on reliability
- Reliability assessment with
(22) Rfr:'(jlibcg';y dispatchable/non-
dispatchable DG units
DG Optimal placement of
(23) DERs for reliability
Placement .
improvement
DG Reliability improvement
(24) Allocation and loss reduction in
Planning distribution networks
(30)
(31) Resilience Enhancing resilience of
(29) Enhancement distribution systems
(41)
gg; Microgrid Load restoration and
Formation resilience via microgrids
(34)
Resilient Coordination of hardening
(35) . and DG allocation for
Planning -
resilience
- A comprehensive
Our Rel;tgllty framework to evaluate and
Work L enhance both reliability
Resilience

and resilience

Minimization of power
outage costs using a Markov
model

Probabilistic analytical
method; Evaluate SAIDI and
SAIFI

Improves voltage profile and
reliability through DERs

Mixed-integer nonlinear
programming; Genetic
Algorithm

Various models to improve
resilience via microgrids

Mixed-integer second-order
conic programming

Two-stage robust
optimization model with
multi-stage disaster
uncertainty

Integrates methods for
assessment and enhancement
of reliability and resilience

Evaluate reliability
considering the
uncertain nature of
renewable DGs

Considers DG failure,
load demand, and time-
dependent DG output
patterns

Optimizes DG
locations, and sizes

Optimum locations and
sizes of DG units

Focuses on mitigating
effects of extreme
events using DGs

Improves resilience
post-HILP incident

Coordinates DG
allocation and system
hardening to minimize

damage

Addresses gap by
providing a framework
that combines reliability
and resilience
enhancement

Focuses on reliability only,
and does not integrate
resilience assessment

Does not enhance resilience
or provide a framework for
both reliability and
resilience

Concentrates on DG
allocation lack resilience
enhancement

Uses GA for allocation
planning but does not
address resilience

Primarily addresses
resilience, not reliability
simultaneously

Resilience-focused, lacks
integrated reliability
assessment

Deals with resilience
planning but not combined
reliability/resilience
enhancement

Presents a unified approach,
unlike other works that
focus on either reliability or
resilience separately
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include a novel multi-objective optimization approach, a
robust stochastic model, and innovative service
restoration strategies. The main contribution of this paper
is as follows:

1. 3. 4. Integrated Planning Model The new
planning methodology for DG placement that is
presented in this research concurrently improves the
distribution network's resilience and reliability.

1. 3. 5. Multi-Objective Optimization It
introduces a multi-objective function optimization
approach to minimize reliability, resilience, and DG
installation costs, providing a balanced solution to
complex trade-offs.

1. 3. 6. Service Restoration Approach The paper
proposes an innovative service restoration strategy that
includes DG islanding operation, post-fault service
restoration, and fault isolation while adhering to network
technical constraints.

1.3.7.Stochastic Optimization Model = The model
incorporates system uncertainties using a stochastic
optimization framework, enhancing the robustness of the
proposed solutions.

1. 3. 8. Advanced Solution Techniques NSGA-
Il is employed to solve the mixed-integer linear
programming (MILP) model, allowing distribution
system planners to select from a Pareto-optimal solution
pool.

1. 3. 9. Fuzzy Decision-Making To handle the
inherent uncertainties and preferences in real-world
circumstances, a fuzzy decision-making technique is
used to assist decision-makers in choosing the ultimate
ideal answer.

2. PROBLEM MODELING

This section presents the ideal location of dispersed
energy resources in the distribution network. The
allocation of resources in the network is considered to be
a power system planning problem. Therefore, taking into
account economic factors and analyses along with
technical limitations are of high importance.

One significant element of distributed generators
(DGs) on the reliability and resilience of distribution
systems is their influence on the service restoration
procedure. Thus, an optimal service restoration
framework is presented in this paper that utilizes the
actions of remote-control switches for network
reconfiguration and considers the location and capacities

of DGs as the decision variables. This analysis examines
network reliability and resilience situations, together
with their associated contingencies and cost functions,
via a stochastic optimization model. Finally, the model is
solved using the NSGA-I11 algorithm.

The following introduces network and resource
restrictions and equations for the optimum service
restoration problem.

2. 1. Objective Function = Two perspectives should
be used to assess how DG resources affect network
resilience and reliability: first the resources' installation
costs, and second the costs associated with customer
interruptions. Calculating and contrasting these two
variables may be used to do a cost-benefit analysis and
determine whether or not to install the DG.
Consequently, this model takes into account three
objective functions:

2. 1. 1. Reducing the financial outlay for DG resource
setup and installation.

2. 1. 2. Reducing outages brought on by common
network failures that result in interruptions for consumers
(reliability costs).

2. 1. 3. Reducing the amount that consumers must pay in
full as a result of network failures brought on by natural
catastrophes and extensive network outages (resilience
costs).

Equations 1-3 are used to define these objective
functions.

. . c

CInstallation — e ‘ZIEJ)G CFix 4 P, ap Cap 1)
iabili Outage

CRUAbUY = 3 esret Xzez Tr.sDz¥sCy @)
ili Oout

CResilience — ZSESR""S Yzez T, sDzysC; urage ®3)

Equation 1 states that the cost of installing resources is
made up of two parts: a fixed installation cost and a
variable installation cost that varies with installed
capacity. The second function of the objective Equation
2 computes the total outage costs incurred by faults with
preset yearly occurrence rates and is established based on
reliability scenarios. Each scenario in the reliability
scenario collection consists of a single defect because it
is uncommon for many faults to occur simultaneously
in a reliability outage scenario. The outage costs suffered
by wvarious problems with predefined occurrence
probability are added up using Equation 3, which is
developed for resilience situations. It should be
mentioned that no one knows the resilience scenario's
yearly rate. Nonetheless, the likelihood of an event
happening is established. The most likely situations are
then determined using the fragility curves of the
network's constituent parts. To put it another way,
resilience scenarios are defined by the likelihood of each
scenario occurring as an event rather than a yearly rate. It
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is highly feasible for many faults to occur simultaneously
in resilience settings.

To optimize this model, two sets of equations—
optimal service restoration constraints and network
technical restrictions—are taken into account. These are
explained in detail in this section.

2. 2. Service Restoration Constraints Corrective
action should be taken when a network failure arises so
that the network experiences the least amount of outage
possible. Accordingly, each problem should be isolated
in a way that interrupts the least amount of network
demand feasible. As soon as the fault is fixed, the
impacted zones should be restored. For this reason, the
best possible service restoration plan is required. The
following presents the suggested restoration model as a
set of constraints.

The electrical connection between the network's
zones should be taken into account first. This restriction
is expressed as follows:

zz
YrezbBrys =1 Lpea (@™ + apd™™) 4)

Limitation According to Equation 4, each network zone
has to either host a DG or be linked to an electrified zone
to be energized. Additionally, each zone has to be
connected to a single powered zone to preserve the
network's radial layout.

@ < af® ©)

According to Equation 5, a DG can only be
operational in a given circumstance if it has already been
installed in that bus. A connection connecting the two
zones is necessary for a zone to be electrified by another,
hence the zones must be close to one another.

Bss2=0;, Vs€S.(z.2)€Z.A,,, =0 ©)

Equation 6 states that at least one switchable
connection connecting a bus in zone z to a bus in zone z’
is necessary for zone z to be powered by zone z’.

The switch between zones z and z” should be closed
once zone z has been powered. It is also important to
consider the following restriction to avoid reciprocal
energization, as only one of the two zones can be
electrified by the other:

ﬁszj',z + ﬁsz_iz’ = Slf?e; Vs€S.(z.2') €

7
ZAEL(Fp=2Tp=2orFp=2.Tp =2) ™

For lines that are not switchable inside the zones,
[ine s always 1. For lines that are switchable between

the zones, B/ might be either 0 or 1. Equation 7 states
that if a line connecting two zones is open, neither zone
can energize the other. The only zone that may be
activated by the other is the one that is closed.

If the technical limitations are not broken, any zone
with DG and the zones that are linked to it can function

in island mode throughout the service restoration process.

Therefore, one line of the network should be in "open”
condition for each islanded zone to ensure the network's
radial structure.

i
Leer B < Lpen(l — a7 — apid™);

VseS.YeL.beEB

(®)

The power flow route is determined by Equations 4-
8. The network zones' outage times are computed using
the following formulas.

The zone being supplied has a longer outage period
than the supplier zone since the supplier zone will be
activated first, followed by the supplied zone assuming
there is no issue there:

T,s2Tys—Mx(1—B% ), Vs€S.(z.2)eZ  (9)

Equation 9 states that if zone z (BZZ, = 1), energizes

zone z, then the zone z's outage time is larger than or
equal to the zone z"'s outage time. Since remote-control
switches have a very quick action time, if zone z is fault-
free when zone z” is powered, the two zones' restoration
times will be equal. If a zone has a problem, it cannot be
restored until the issue is fixed. Put differently:

T, = TFPYT, vseS.z€Z (10)

2. 3. Network Technical Constraints  This section
discusses the technological limitations that must be taken
into account to guarantee the network operates and
performs satisfactorily. For every situation, power flow
equations, bus voltage limitations, and line power
constraints must be upheld.

The following formula is taken into consideration
while calculating voltage drop:

M x (1= ) <

(Uns = Uy ~2(PE*RY™ + QJ2°xi™)) )
<M x (1-pH7°)

VseS.L€ L (b.b)EBF,=b.T, =D

Equation 11 uses a linear approximation of the voltage-
drop equation. Each bus's total power is determined by
the following formulae for power flow calculations:

YoF,=b PETE + Py = Yogmp P + PPC; 12)
Vs € §.b € B.b + substation
YoF,=b Qe + Qp = Xpgp=p QU8 + QPC;

Vs € §.b € B.b + substation

(13)

Equations 12 and 13 require that a bus's input and output
power total zero. Bus voltage limit constraints, which
establish the maximum and minimum permitted voltage
magnitudes for every network bus, are a crucial
component of distribution network functioning.
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Vim

in S Ups <Vi2,; VSES.DEB (14)

The line thermal capacity, which establishes the
maximum and lowest line capacity for electricity flow, is
another technical limitation in distribution networks.
Equation 15 linearizes this restriction using an octagonal
approximation (16):

+PLe 1 Q4 < 09239 XS, ; )
vVPeLsES

DG operational restrictions must be considered in
addition to network technical constraints. The DGs'
active and reactive output power minimum and
maximum are listed below.

aPpleP < pLeP < PGPS v pe B (16)
0<PP¢ <P, VbeBsES 17
PPS < atatsM; Vb EB.sES (18)

PP¢ tan(6™n) < QPS¢ < PP tan(6™%¥);
(19)
Vb EB.sES

The suggested framework is a mixed-integer linear
programming (MILP) model, which is composed of
Equations 1-19.

An index that is computed in each simulation is
shown to compare various case studies and to give a
better understanding of the network's resilience and
reliability level.

25z Ts.2D2)Vs
Repair

RI=1-
(Zs mzax(Ts.z ) Xz Dz)Ys

(20)

Since the problem occurs until all faults are fixed,
Equation 20 determines the ratio of energy provided as a
result of optimal service restoration to total energy that is
not supplied. In other words, Equation 20 calculates the
ratio of the energy given by modifying acts to the total
energy that would remain unsupplied if those modifying
actions were not carried out. Thus, the aforementioned
index will be 0 if modifying activities are unable to
restore any load, and it will be one if such actions restore
all loads right after the problem or faults.

3. PROPOSED ALGORITHM

3. 1. Input Data

3. 1. 1. Test System The IEEE 33-bus system is
used to test the model and confirm the suggested
framework's functionality. (42) provides a full
description of this system's features. The system must
undergo certain changes to conduct service restoration
studies. To help the current typically open lines provide

reconfiguration capabilities, remote control switches
have been included in various locations. The updated
IEEE 33-bus system diagram is shown in Figure 1.

3. 1. 2. Outage Scenarios Fault scenarios are
created to put the suggested stochastic model into
practice. As previously mentioned, N-1 and N-2
contingencies are commonly used as scenarios for
reliability assessments. In the reliability analysis of this
study, each scenario comprises only one defect since the
likelihood of two or more faults happening is very small.

The 33-bus system's reliability evaluation considers
yearly outage rates, repair durations, and outage costs.
These are randomly generated using a uniform
probability distribution function of the stated constraints
(0.001 <y, < 0.25, 70 < T, sP*" < 150 mins, 0.25 <
C*%° < 0.7 $/kwh). On the other hand, resilience
scenarios include several failures throughout the system
because severe occurrences have a significant impact on
the network. The fragility curves of the components
should be considered when estimating the effect of an
incident on network equipment. These curves, which
may range in structure depending on the component's
location, kind, and condition, display the likelihood of a
component failing based on the event's intensity. The
component's failure probability is 0 when the event's
intensity is extremely low, and it rises when the event's
intensity is beyond the threshold value.

For the resilience evaluation, the chance of network
pole failure versus wind speed o, (43) is calculated as
follows, assuming the hurricane phenomenon:

0 W = Weritical
Pr(w) = Pr_nw(®)  criticar S 0 < Weollapse (21)
1 W 2 Weollapse

Additionally, the following is the likelihood that network
lines may fail:

Substation

Load *
Normally close line
Normally open line ———
Remote control switch ‘B Z7

36
-a———

Figure 1. Modified IEEE 33-bus test system
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PL W< Weritical
PL((U) = PL—hw(w) Weritical < W < Weollapse (22)
1 W= wcallapse

Using the log-normal distribution function, the failure
probability is computed for wind speeds between critical
and collapse speeds:
1 S
P=¢[%ln( <)) (23)

Sd.ds

The following formula is used to determine the line's
failure probability when the poles are linked in series:

P[PoleFailure] = 1 — P[Pole Survival]
=1-P[(F,=0)n(F, =2)n..(Fy=0)]

The following is how the Weibull distribution function is
used to model hurricanes:

Fue) =22 exp [~ ()] 9

u

(24)

The following formula is used to determine the likelihood
of component failure concerning wind speed:

pr=Jy Pfe,(x)dx; (26)

3. 2. Decision Criterion Unlike single-objective
optimization, there are usually several Pareto optimal
solutions when dealing with a multi-objective
optimization problem. The Pareto front or Pareto set,
which is the collection of all Pareto-efficient scenarios,
provides network designers and operators with a set of
feasible optimal solutions.

Decision-makers priorities determine which solutions
are accessible, and engineering and economic judgments
are particularly crucial during this stage. The literature
offers a variety of strategies for handling these types of
decision-making processes (44). Fuzzy decision-making
method. Here, a final sample solution from the Pareto set
is obtained using the fuzzy decision-making approach
(45). Each goal function in this approach is given a
continuous and diminishing membership function.
Figure 2 shows an example declining membership
function. The decision-maker assigns a value of 1 to the
membership function, while the maximum of the
objective function is assigned a value of 0. As a result,
membership values for various objective function values
range from 0 to 1.

Figure 2 shows the ith objective function, f;, and its
membership order, ulf. Using the Pareto fronts objective
functions, the values of these parameters may be found.
By resolving the following minimization problem, the
final answer is found:

v
ML'nZ]-E]|u]Ei — u]f| (27)

The optimal value for the jth function membership

order is uj‘-”. In this case, all objective functions are

0 >
a b fi

Figure 2. A decreasing membership function

considered to have u]‘-i = 1. Consequently, Equation 28
replaces Equation 27 in the manner shown below:

(a-r)|”
a—b

Min3je, (28)

To clarify the relationship between the different tools
used in problem modeling—such as NSGA-II, Monte
Carlo simulation, stochastic optimization, and fuzzy
decision-making logic—I'll break down the key aspects
of our proposed algorithm. Here's how these tools
interact:

3. 2. 1. Monte Carlo Simulation This is used
to generate outage scenarios for reliability and resilience
assessments. Simulating various fault scenarios (e.g.,
single faults for reliability, multiple faults for resilience),
helps in estimating the probability distributions of
different outcomes, such as outage durations and repair
times. Monte Carlo simulation helps to incorporate the
inherent randomness and uncertainties in the model,
providing a robust analysis of potential scenarios.

3. 2. 2. Stochastic Optimization This approach
is integrated into our model to handle the uncertainties
generated by Monte Carlo simulation. It involves
optimizing decisions (e.g., the placement of distributed
energy resources or the configuration of the network)
under uncertain conditions. The stochastic nature of the
problem is accounted for by considering various possible
states of the system, and the optimization process aims to
find solutions that perform well across these states.

3. 2. 3. NSGA-II (Non-dominated Sorting Genetic
Algorithm II) This multi-objective optimization
algorithm is employed to solve the optimization problem
generated by the stochastic model. NSGA-II is used to
generate a Pareto front of solutions that balance
conflicting objectives, such as minimizing outage costs
while maximizing system resilience. It provides a set of
Pareto-optimal solutions, offering decision-makers a
range of trade-off options.

3. 2. 4. Fuzzy Decision-Making Logic Once the
Pareto front is obtained, fuzzy decision-making logic is
applied to select the most suitable solution. This involves
defining membership functions for each objective and
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then aggregating these to identify the solution that best
matches the decision-maker’s preferences. Fuzzy logic
helps in handling the ambiguity and imprecision
associated with human judgment, translating qualitative
preferences into a quantitative decision-making
framework.

3. 3. Effects of Forecast Errors

3. 3. 1. Forecast Errors in Objective Functions
The objective functions in our model are designed to
minimize three key costs: installation costs of Distributed
Generation (DG) resources, customer interruption costs
due to network faults, and make-whole payment costs
due to natural disasters. Forecast errors can affect these
objectives in various ways:

3.3.1. 1. Installation Costs Forecast errors in the
expected capacity and cost of DG resources can lead to
suboptimal investment decisions. If the forecast
underestimates the required capacity or overestimates the
costs, the model may either underinvest in DG resources,
leading to higher interruption costs, or overinvest, which
increases installation costs without proportional benefits
in reliability and resilience.

3. 3. 1. 2, Reliability Costs Errors in forecasting
fault occurrence rates and repair times can lead to
incorrect assessments of reliability costs. An
overestimate of fault frequencies may result in excessive
investment in DG resources, whereas an underestimate
could result in insufficient investments, leading to higher
actual interruption costs.

3. 3. 1. 3. Resilience Costs Forecast errors in the
likelihood of extreme events and their impact on network
components can affect the resilience cost calculations.
Misestimates in the severity or probability of natural
disasters can lead to either over or underestimations of
resilience costs, impacting the overall cost-benefit
analysis.

3. 3. 2. Impact on Optimization Process  Forecast
errors can also influence the optimization process,
especially in the context of service restoration and
network technical constraints. The accuracy of fault
predictions and repair times affects the formulation of
constraints and network operational limits.

3. 3. 2. 1. Service Restoration Constraints
Inaccurate forecasts of fault occurrences and repair
durations may lead to either overly conservative or
aggressive restoration strategies, impacting the efficiency
and effectiveness of the restoration process.

3. 3. 2. 2. Network Technical Constraints Errors
in forecasting power flow requirements and voltage

limits can lead to violations of technical constraints,
affecting the feasibility of the proposed solutions and the
overall performance of the network.

3.3. 3. Mitigation Strategies  To address the effects
of forecast errors, the following strategies can be
employed:

3. 3. 3. 1. Robust Optimization Incorporate
robustness into the optimization model by accounting for
uncertainties in forecast parameters. This approach
ensures that the proposed solutions perform well under a
range of forecast scenarios.

3. 3. 3. 2. Scenario Analysis Perform sensitivity
analyses and scenario planning to assess how variations
in forecast parameters impact the objective functions and
constraints. This can help in understanding the potential
range of performance outcomes and in making informed
decisions.

3. 3. 3. 3. Adaptive Mechanisms: Implement adaptive
strategies that allow for adjustments based on updated
forecasts and real-time data. This approach can help in
mitigating the impact of forecast errors by dynamically
adjusting the restoration and operational strategies.

In summary, while forecast errors can impact the
performance of the proposed method, incorporating
robust optimization techniques, scenario analysis, and
adaptive mechanisms can help mitigate these effects and
enhance the overall reliability and resilience of the
network.

3. 4. Numerical Results  Four case studies are used
to apply the suggested methodology on a 33-bus system:

3. 4. 1. Base Case the network's reaction in the
absence of DG installation.

In this scenario, the goal functions are optimized
separately to determine the network's minimal reliability
and resilience costs, and optimal service restoration is
carried out in the absence of DG resources. The following
values are achieved for reliability:

CReliability — 17812$. RI = 0.73

A fault in zone 1 results in the highest reliability cost.
Since the substation is the only source of supply for the
network, any problem in Zone 1 renders all other network
zones without power until the issue is fixed. The
following outcomes occur when minimizing resilience
costs is the goal:

CResilience — 55921¢. RI = 0.181

3.4. 2. Reliability Optimum Case DG location with
the goals of installation costs and reliability.
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In this instance, the goal is to reduce reliability for
installation costs only, rather than reliability and
resilience costs at the same time. It should be mentioned
that installation expenses are extremely expensive when
reliability costs are the only factor taken into account.
Thus, for a two-objective optimization problem, the
NSGA_Il method is used. A fuzzy solution is then
obtained by applying the fuzzy logic to the Pareto front.
In this instance, the following values are obtained:

CReliability — 12237%. RI = 0.808
(Resilience — 51298%. RI = 0.259
CInstallation _ 70450%

Reliability and resilience costs, as well as the indices that
go along with them, are greater than in the simultaneous
case, even if installation costs have decreased.

3. 4. 3. Resilience Optimum Case The goals of
DG deployment are installation costs and robustness.

In this instance, minimizing installation costs and
resilience is the main goal. In this instance, the following
values are obtained:

CReliability — 16040$. RI = 0.804
(Resilience — 47089$. RI = 0.259
CInstallation — g5750¢

It's also clear that installation costs are lower, but the
costs of resilience and reliability are greater than in the
simultaneous scenario. Table 2 gives a synopsis of the
case studies. It highlights the significance of the
optimization technique and shows the costs that each case
study produced.

In addition to providing distinct DG placement
options, taking reliability and resilience costs into
account at the same time as objectives also produces
better outcomes than standalone optimization. The clear
decrease in reliability and resilience outage costs,
particularly over the long run, justifies the installation
cost rise, despite the noticeable increase.

3. 4. 4. Simultaneous Reliability and Resilience
Enhancement Reliability, resilience, and installation
costs are the goals of DG placement.

TABLE 2. Summary of the case studies (Reliability=REL,
Resilience=RES)

The NSGA-II parameters in this instance are taken to
be those listed in Table 3. Solution number "8" is selected
as the best option by using the fuzzy decision-making
approach on the problem's Pareto solution set. This
solution yields the following values:

CReliability — 10460$. RI = 0.839
CResilience — 40830$. RI = 0.408
cInstallation — 126700$

The data from Table 4 has been used to run the
simulations.

4. SIMULATIONS AND ANALYSIS OF THE RESULTS

The simulations were conducted on an HP laptop with
Windows 7 and 4GB of RAM. While this system was
sufficient for the 33-bus network analyzed, larger
networks would likely require more advanced computing
resources due to increased execution times and memory
demands. To improve scalability, future work could
explore the use of more powerful hardware, parallel
processing techniques, or algorithmic optimizations to
handle larger networks efficiently. Figure 3 displays the
likelihood of a hurricane at various speeds by taking into
accountu = 21.8and @ = 1.77 in Equation 25. Equation
26 yields the probability p, = 0.0183 for network cables
and py = 0.00078 for poles based on the previously
indicated values. The diagrams of Equation 26 is shown

in Figure 4 assuming that 8;; = 0.21 and In (ss—d) = 4.4
d.ds

for polesand 8z, = 0.16 and In (sz_i) = 3.93 for network
cables. '

TABLE 3. Values of NSGA-II parameters

Members of the initial population 40
Iterations 40
Crossover percentage 80%
Mutation percentage 2%
Mutation impact rate 1%

Costs ($) % Cost reduction
Case Installation REL  RES REL RES
Base 0 17812 55921 0 0
REL 70450 12237 51298 31.3% 8.2%
RES 65750 16040 47089 9.9% 15.8%
Simultaneous 126700 10460 40830 41.3% 27.0%

TABLE 4. Assumed values of parameters in model simulations

Parameter Value Unit
Bus voltage limits 0/9<,< 111 pu
Voltage at slack bus =1 pu
DG capacity limits 1<,<50 MW
DG operating power factor limit 0.9 -
Customers’ outage cost limits 0.25-0.75 $/kWh
DG installation fixed cost 1000 $

DG installation variable cost 50 $kW
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The decision to exclude the return period from our
analysis was made to maintain a focused approach to
evaluating the general effectiveness of DG placement for
resilience enhancement under various scenarios. Our
study aimed to explore the immediate impact of DG
installation on reliability and resilience without delving
into region-specific probabilistic factors such as
hurricane return periods. While the return period is
indeed a critical factor in long-term resilience planning,
our objective was to provide a broader, more generalized
framework that could be applicable across different
regions, regardless of their specific natural disaster
profiles. By doing so, we aimed to offer a foundation that
can be adapted to various regional contexts by
incorporating additional factors such as return periods in
future, more targeted studies. Furthermore, the economic
optimization in our study is primarily centered on
balancing installation costs with immediate resilience
and reliability improvements. The inclusion of return
periods would require a more complex probabilistic
analysis that could potentially obscure the primary
objectives of our research. However, we acknowledge
that incorporating return periods could enhance the
economic assessment, and we suggest this as a key area
for future research. In future work, we plan to extend our
model to include region-specific probabilistic factors
such as hurricane return periods. This will allow for a
more comprehensive economic analysis that can better
inform decision-making in regions where the frequency
and intensity of hurricanes significantly impact resilience
planning. The number of poles in each line is calculated
by using the network line length data and assuming that
there is a pole every 50 meters. Based on the failure
probabilities of the network's poles and cables, the failure
probability of every bus is determined by 500 iterations
of Monte Carlo simulation as shown in Figure 5.

MCS may also be used to determine which buses have
a malfunction in each storm scenario and how long it will
take to fix it. The resilience scenarios are produced by
taking into account 20 situations with equal probabilities,
as shown in Figure 6.
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Figure 6. Faults and repair times of each resilience scenario
obtained from MCS

The two-dimensional images of the Pareto front in
each NSGA-II algorithm iteration are displayed in
Figures 7 and 8. In the last iteration, it is evident that the
fronts are convergent to the final Pareto front (black
points).

There are 29 members of the last Pareto front. It
indicates that 29 members out of the entire population are
non-dominated problem solvers. Depending on the
decision-maker's goals, any one of these methods may be
the best way to solve the issue. The base-case study's
ideal solutions are found in Figures 7 and 8 when the DG
installation cost is $0. Figure 9 shows the Pareto front in
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three dimensions. Figures 10 and 11 indicate the *10°
estimated outage duration of each bus as a result of g
resilience events and reliability faults for both the base-
case and optimum fuzzy logic solutions (solution number
8). The projected outage time of network buses is
significantly impacted by DG location. This effect is i, o S
more noticeable in the network's reliability. Additionally,

DG location has a bigger effect on the network's
terminating zones, which lose power due to any
breakdown in their upstream zones. Figure 12 shows the
33-bus system's resilience curve for various repair
techniques. It demonstrates how network resilience has :
been significantly increased by the fuzzy approach. A% kit 3
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5. DISCUSSION AND SUMMARY
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(DG) placement strategies in optimizing network
reliability and resilience. The key findings from each
scenario are summarized as follows:

1. Base Case (No DG Installed)

1. 1. Reliability Cost: $17,812

5. 1. 2. Resilience Cost: $55,921

5.1. 3. Key Observation: The absence of DG resources
leads to the highest reliability and resilience costs. This
is particularly evident when faults occur in critical zones
(e.g. zone 1), where the entire network is affected due to
the lack of alternate supply sources.

5.
5.

Reliability Optimum Case

1. Reliability Cost: $12,237 (31.3% reduction)

2. Resilience Cost: $51,298 (8.2% reduction)

3. Installation Cost: $70,450

5. 2. 4. Key Observation Focusing solely on
optimizing reliability results in a notable reduction in
reliability costs. However, resilience costs remain
relatively high, indicating that this approach is less
effective in enhancing overall network resilience.

5.2.
5.2.
5.2.
5.2.

3. Resilience Optimum Case

3. 1. Reliability Cost: $16,040 (9.9% reduction)

3. 2. Resilience Cost: $47,089 (15.8% reduction)

3. 3. Installation Cost: $65,750

5. 3. 4. Key Observation Prioritizing resilience
in DG placement reduces resilience costs more
significantly than the reliability-only approach.
However, reliability costs are higher compared to the
simultaneous optimization strategy, highlighting the
trade-off between reliability and resilience.

5.
5.
5.
5.

5. 4. Simultaneous Reliability and Resilience
Enhancement

5. 4. 1. Reliability Cost: $10,460 (41.3% reduction)

5. 4. 2. Resilience Cost: $40,830 (27.0% reduction)

5. 4. 3. Installation Cost: $126,700

5.4.4.Key Observation Simultaneous optimization
of reliability and resilience yields the best overall
performance, with the lowest reliability and resilience
costs. Although this approach involves the highest
installation cost, the long-term benefits in terms of
reduced outage costs justify the investment.

The general insight of the results is as follows:

5. 5. Impact of DG Placement The introduction of
DG significantly reduces both reliability and resilience
costs, particularly when optimized simultaneously. This
approach not only provides a balanced improvement in
both metrics but also enhances the network's ability to
withstand and recover from faults.

5. 6. Pareto Optimization = The NSGA-II algorithm
effectively identifies optimal solutions that balance

installation costs with reliability and resilience
objectives. The fuzzy decision-making approach further
refines these solutions, ensuring that the selected DG
placement strategy offers the best trade-off between
competing objectives.

5. 7. Resilience Curve Analysis The resilience
curve of the 33-bus system indicates a marked
improvement in network resilience when the fuzzy logic
solution is applied. This demonstrates the critical role of
strategic DG placement in enhancing the overall
robustness of the distribution network.

5. 8. Optimization Trade-offs The simultaneous
optimization of reliability and resilience resulted in the
best overall performance, with the highest reduction in
both reliability and resilience costs. However, it required
the highest installation investment.

5. 9. Monte Carlo Simulation The failure
probabilities of network buses, calculated via Monte
Carlo Simulation, showed that DG placement
significantly influenced the overall network resilience,
reducing outage times and enhancing fault recovery.

In summary, the simultaneous optimization of
reliability and resilience through strategic DG placement
provides the most comprehensive improvement in
network performance, justifying the higher installation
costs with long-term benefits in reduced outage durations
and enhanced resilience.

6. CONCLUSION

With the main objective of concurrently improving the
resilience and reliability of distribution networks, this
research presented a thorough and innovative method for
the optimum distribution of DG resources. In a multi-
objective stochastic optimization framework, the
suggested model incorporates the reduction of DG
installation costs, resilience, and reliability. The NSGA-
I1 method is used to solve the optimum service restoration
issue, which is defined as a Mixed-Integer Linear
Programming (MILP) problem. To choose the best
option from the Pareto set, a fuzzy decision-making logic
is used, guaranteeing a fair trade-off between conflicting
goals.

The outcomes of the simulation demonstrate how
crucial simultaneous optimization is for resilience and
reliability. When there is no DG installed in the base case,
the reliability cost was calculated at $17,812, and the
resilience cost at $55,921. However, when both
reliability and resilience were optimized together, these
costs were significantly reduced to $10,460 and $40,830,
respectively. This simultaneous optimization not only
improved the network's performance but also provided a
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more balanced approach, as evidenced by the reduction
in costs and enhanced indices (RI) for both reliability (RI
=0.839) and resilience (R1 = 0.408). Moreover, the study
demonstrated that focusing on only one objective (either
reliability or resilience) leads to suboptimal results. For
instance, in the reliability-optimal case, while the
reliability cost was reduced to $12,237, the resilience cost
remained relatively high at $51,298. Similarly, in the
resilience-optimal case, the resilience cost was reduced
to $47,089, but the reliability cost increased to $16,040.
These findings underscore the value of a simultaneous
optimization approach that considers both objectives to
achieve a more robust and cost-effective distribution
network.

Furthermore, the effectiveness of the proposed
method is evident in its ability to address the complexities
of real-world distribution networks. The model's
application to a 33-bus system showed that DG
placement has a substantial impact on reducing outage
times, particularly in areas furthest from the supply
source. The Monte Carlo Simulation results and fragility
curves further validate the model's ability to predict and
mitigate the effects of natural disasters, such as
hurricanes, on network resilience. In conclusion, the
proposed approach represents a significant advancement
in the field of distribution network optimization. By
addressing both reliability and resilience in a unified
framework, it offers a more holistic solution to the
challenges faced by modern power systems. The
reduction in both outage costs and the enhancement of
network resilience demonstrate the practical benefits of
this approach, making it a valuable tool for utilities
seeking to improve the performance and reliability of
their networks.

6. 1. Limitations And Future Works The
proposed model, while effective in optimizing DG
placement for reliability and resilience, has certain
limitations that need to be addressed. This section
discusses these limitations and explores potential future
applications and improvements for the model.

6. 1. 1. Limitations

6. 1. 1. 1. Simplified Network Modeling The
proposed model assumes a simplified representation of
the distribution network, which may not fully capture the
complexities of real-world systems. For instance, the
model might not consider the impact of diverse load
profiles, varying demand patterns, or complex fault
dynamics, which could influence the outcomes of DG
placement strategies.

6. 1. 1. 2. Static Resilience and Reliability Metrics
The resilience and reliability metrics used in the model
are based on static scenarios and predefined parameters.
This approach may overlook the dynamic nature of

network conditions, such as changing environmental
factors, load variations, or evolving grid configurations
over time.

6. 1. 1. 3. Assumption of Uniform DG Performance
The model assumes that all DG units operate under
uniform performance characteristics, which may not be
the case in practical scenarios. Variations in DG
technologies, maintenance schedules, and operational
constraints can lead to differences in actual performance,
affecting the overall network reliability and resilience.

6. 1. 1. 4. Limited Consideration of Economic
Factors While the model incorporates installation and
outage costs, it does not fully account for other economic
factors such as long-term maintenance costs, potential
market fluctuations in energy prices, or regulatory
changes. These factors could significantly influence the
cost-effectiveness of DG placement strategies.

6. 1. 2. Future Applications

6. 1. 2. 1. Dynamic Network Resilience Modeling
Future work can extend the model to incorporate
dynamic resilience metrics that adapt to changing
network conditions in real time. This could involve
integrating advanced monitoring and control systems that
allow for more responsive DG placement strategies based
on real-time data.

6. 1. 2. 2. Incorporation of Diverse Load Profiles
and Demand Response Expanding the model to
include diverse load profiles and demand response
mechanisms could provide a more accurate
representation of network behavior. This would enable
the optimization of DG placement under more realistic
operating conditions, considering fluctuations in demand
and customer participation.

6. 1. 2. 3. Integration with Smart Grid
Technologies  The proposed model can be enhanced
by integrating it with smart grid technologies, such as
advanced metering infrastructure and automated fault
detection and response systems. This integration would
allow for more efficient management of DG resources
and improve the network's ability to respond to faults and
disturbances.

6. 1. 2. 4. Application to Multi-Objective
Optimization with Uncertainty Future research
could explore the application of the model in a multi-
objective optimization framework that explicitly
considers uncertainty in network parameters, DG
performance, and external factors like weather
conditions. This approach would provide more robust
and resilient solutions for DG placement under uncertain
conditions.
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6. 1. 2. 5. Economic and Regulatory Scenario

Analysis

The model could be applied to analyze

different economic and regulatory scenarios, assessing

the

impact of various policy changes or market

developments on DG placement strategies. This would
help in understanding the long-term viability and
adaptability of the proposed solutions in a changing
regulatory landscape.

robust framework for

In summary, while the proposed model provides a
optimizing DG placement

concerning reliability and resilience, its applicability
could be further enhanced by addressing the identified
limitations and exploring new avenues for future
research.
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