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change, a greater focus is required to design power systems with high resilience and low cost through assessing
and quantifying power system resilience. In this way, we propose a transparent methodology and a set of metrics
to quantify the resilience of distribution systems subjected to hurricanes. This methodology includes a proba-
bilistic and detailed approach to modelling the failure probability of overhead lines and the restoration time of
damaged lines. Moreover, the fragility analysis of the power system infrastructure is considered age-dependent,
and the system’s resilience by considering different lifetimes is assessed. The time-dependent resilience assess-
ment constitutes an essential component in risk-informed decision-making for resilience enhancement strategies
in the future. Specifically, this paper provides two resilience curve-based metrics: vulnerability rate and resto-
ration rate. The first metric indicates the power system’s ability to resist extreme events, and the second indicates
its ability to bounce back to normal performance. Simulations are performed on the IEEE 69-bus distribution test
system to validate the suggested methodologies. The results indicate the capability of the proposed methodology
and metrics to precisely assess and quantify the power system resilience. A significant correlation between the
age of power distribution systems and the system’s resilience can be seen. These findings can support decision-
making concerning system management and plans such as expansion planning and resource allocation.

However, few of them focused on the failure probability of overhead
lines, restoration time of damaged lines, and the fragility curve of
vulnerable components in detail. So, it is necessary to consider a prob-
abilistic and detailed approach to modelling the mentioned items. Thus,
this paper focuses in detail on fragility modelling and restoration time.
So that the lifetime and the correlation of distribution network compo-
nents are also considered in the mentioned modelling.

On the other hand, providing correct resilience quantification met-
rics and using suitable resilience strategies to enhance the power system
resilience will lead to systems with high resilience and low cost (HRLC)
from system design perspectives. Accordingly, the present study aims to
propose comprehensive metrics for resilience quantification. Hence, two
comprehensive quantification metrics for the distribution power systems
will be defined based on the vulnerability rate (R,) and restoration rate
(Rp).

1. Introduction
1.1. Background and motivation

Extreme weather events, as low-probability and high-impact events,
have led to significant social, economic, physical disruptions, and even
human casualties worldwide [1]. Power systems as critical in-
frastructures (CIs) are vulnerable to extreme weather events due to their
spread across geographical areas and the increasing intensity of natural
hazards. Thus, resiliency assessment is a crucial tool for assessing risks
brought by extreme weather events in the power systems and providing
prior knowledge for preventing programs. Hence, this study focuses on
two main aims, including i) assessment and ii) quantification of resil-
iency in power systems.

On the one hand, many studies on the resiliency of distribution
systems have focused on resilience enhancement [2]. In addition,
several papers refer to the resilience assessment of distribution systems.
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Nomenclature

A. Sets and Indices

l Overhead distribution line index

c Overhead distribution lines conductor index

pl Power distribution poles index

t Time index

Py Failure probability index

B. Parameters and Constants

G(x) Performance function of a structural member

Scom Strength of structural members

So Initial strength of poles

Leom Load demand caused by wind speed

Xs Random strength parameters

X, Random load demand parameters

ds Deterministic strength parameters

d Deterministic load demand parameters

F(v) Structural fragility

v Wind speed

my Median of the fragility function

& Logarithmic standard deviation of intensity measure

¢[0] Standard normal probability integral

P;pl Failure probability of a central pole in three poles system

PJ‘}P ! Failure probability of adjacent poles in three poles system

P}"’l Failure probability of a three-pole system

PJ’, ol Failure probability of overhead line due to breakdown
poles

P}_M Failure probability of overhead line due to breakdown
sections

P Failure probability of individual section due to failure of
conductor

PJ‘ZI Failure probability of pole

P Failure probability of conductor

N, Number of poles of line 1

Ny, Number of damaged poles of line 1

N, Number of sections of line [

N4, Number of damaged sections of line 1

Ng* Number of spans of section

N, Number of running times of the MCS

Ny Number of failure events in MCS

tn';l Time to repair damaged poles under normal conditions

try,. Time to repair damaged sections under normal conditions
due to failure of conductor

ttrac Required time to repair damaged components

ttry Time to repair overhead line

ttrs Time to return the system to a resilient state

tw Waiting time for the end of extreme event

ty Required time to arrive at the fault location

t Operator response times to contingencies and coordination
with the repair crews

t, Occurrence time of the extreme event

tq Time of disturbance occurrence

tys Time to a disrupted state

t, End time of the extreme event

trs Time to restoration state

g Status of overhead distribution line [

F Functional states of the conductor related to line I

F;l Functional states of the poles related to line [

R(i) Change/growth rate of the system performance level

R, Average change rate

R, Restoration rate

R, Vulnerability rate

P(t) Performance level of the system over time

P; Impact of the extreme event on the system performance
level

a The binary variables indicate an overhead line outage due
to damaged poles (Equal 1 for damaged overhead lines due
to failure of poles; otherwise, it would be 0.)

p The binary variables indicate an overhead line outage due
to damaged conductors (Equal 1 for damaged overhead
lines due to failure of conductors; otherwise, it would be
0.)

1.2. Brief literature review

In order to assess the resilience of a power system, the impact of
extreme events on its components and infrastructure should be investi-
gated. It is, therefore, necessary to calculate the failure probability of
components in different weather states. Hence, it can be observed that
the failure probability of individual towers and lines under a range of
wind loading presented in [3,4] is different from the failure probability
of towers due to ice disasters presented by [5]. Five methods are
generally utilized to derive failure models of vulnerable components
that provide input data for resilience metrics development and assess-
ment. These are the analytical, experimental, empirical, judgmental,
and hybrid methods [6]. In [7], a framework for evaluating and
improving network resilience is presented. In this regard, the fragility
curves were obtained using historical and experimental data related to
the poles’ failure according to the intensity of the incident. However,
such data may be particular to the source situation or location and
contain only data on occurrences recorded during the monitoring
period. The component vulnerability model for snow events was pro-
posed by [8], which developed a detailed physical-based method to
account for the fault probability of overhead lines in MV and HV grids
due to contact with trees. Particularly, the vertical contact due to the
decreasing line sag and the lateral contact due to falling trees is modeled

in this paper. Recently, researchers have shown an increased interest in
using analytical and simulation-based methods to model the fragility of
components. These methods, which often combine with Monte Carlo
simulation (MCS) and structural analysis, capture the impact of essential
design variables such as wind speed, class, age, tower and pole height,
etc. [9-12]. On the other hand, major studies related to resilience in
distribution systems have focused on resilience enhancement [13-16].
Therefore, the failure probability of vulnerable components has not been
investigated in these studies.

The fragility model is used to calculate the failure probability of
overhead lines. In [4], transmission towers are assumed to fail inde-
pendently of one another, and corridor outage occurs due to a conductor
failure or a tower collapse. However, the authors in [17] use the con-
ditional failure probability of the conductor and tower to model the
transmission corridor outage. The fragility of overhead lines in the dis-
tribution system is modelled by [7] and [18] as a series system,
including conductors and poles. Also, falling trees have been considered
in these studies. It is assumed that the fragility of different components
of overhead lines is independent. Although the equipment and infra-
structure used in the transmission network differ from the distribution
system, in [19], the failure probability related to the distribution sys-
tem’s overhead line is modelled similarly to overhead lines in the
transmission network. In [20], the authors presented the failure rate of
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overhead distribution lines using negative binomial regression without
investigating the failure rate of vulnerable components such as poles.

Similar to the fragility analysis of overhead lines, determining the
weather-affected restoration time of damaged lines is crucial to increase
the accuracy of the resilience assessment. In many studies, restoration
time models based on the severity of hurricanes have been obtained. In
this way, the authors have attempted to reflect the intensity and impact
of extreme events on restoration time using weight factors [4,21,22] and
distribution functions [13,20,23]. Some authors also assume that the
time required to repair damaged overhead lines is fixed [5,18,24]. In
[25], a broader perspective is adopted that other parameters, such as the
impact of fault location and size of repair crew on time restoration, have
been considered in addition to the intensity of the extreme event.
Similarly, the authors mentioned that extreme events and human re-
sponses could affect restoration time [26].

One of the significant challenges in resilience assessment is the
development of system modelling techniques so that the complexity and
interdependencies of a power system can be modelled, and the system’s
performance undergoing a disruption can be simulated and assessed.
Analytical and MCS are the two main techniques used in power system
reliability evaluation. The analytical techniques are preferable for small-
scale power system configurations due to their simplicity and lower
computational burden. However, simulation techniques are more suit-
able for modelling complex systems and operational conditions. In order
to assess the effect of weather-associated on the power systems opera-
tion, the Markov process as an analytical technique is used [27-30]. This
model divides the weather conditions into two states: normal and
adverse. Accordingly, failure and restoration rates for each weather
condition are considered different but constant.

On the one hand, due to the stochastic behaviour and space- and
time-dependent nature of the extreme weather events, and on the other
hand, the size and complexity of real power systems, the simulation
techniques are appropriate for studies on weather-related resilience of
the power system. Following this approach, the resilience of the distri-
bution network components has been evaluated in [7] through the
fragility models of poles and conductors and MCS. The Sequential Monte
Carlo simulation (SMCS) is used to assess resilience in [3-5,31,32].
Using this approach can capture the multi-temporal and multi-spatial
impact of the weather front as it moves across the power system.

A considerable amount of literature has been published on intro-
ducing a metric for the quantification of resilience. There are strengths
and weaknesses in every available resilience quantification metric,
depending on the purpose of the study and application of interest. In
[22], the resilience of power systems is assessed and quantified based on
the resilience achievement worth (RAW) index. The authors in [17]
provided a new index as a resilience index, considering the duration of
extreme events (RICD) to evaluate the resilience of the power trans-
mission system. This index measured the system’s performance level and
considered the disruption characteristics. In addition, the concept of
trapezoid resilience is introduced in [21], which can be considered
different phases that a power system might experience during extreme
events. Then, a resilience quantification metric is proposed for each
phase. Furthermore, this study presented the power system’s opera-
tional and infrastructure resilience concept.

In [33], a quantitative method was investigated that quantified
resilience in four phases (initial steady phase, disruptive phase, recovery
phase, and a new steady phase) integrated into a resilience metric. Au-
thors in [24] proposed a quantitative framework for the resilience
assessment of microgrids in response to low-probability and high-impact
events. The resilience of microgrids is quantified in different phases
using the vulnerability index, degradation index, restoration efficiency
index, and microgrid resilience index.

The main contributions of this paper are summarised as follows:

e First, using the limit state function, the fragility curve of vulnerable
elements in power distribution systems is obtained under a range of
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wind loads. Given that power system infrastructures are prone to
deterioration over time because of decay, corrosion, etc., an age-
dependent fragility curve of vulnerable components is provided. In
this way, the resilience of distribution systems with different life-
spans under extreme weather events was assessed.

The failure probability of overhead lines is modelled by considering
the characteristics of power distribution systems. Accordingly, a
pole’s failure increases mechanical forces on adjacent poles due to
the short distance between poles. Consequently, the failure of poles is
considered dependent on one another. Also, the overhead lines are
divided into sections consisting of several spans. The conductor’s
failure in one span leads to a reduced failure probability in the other
spans. However, the possibility of the conductor failing in other
sections remains. These characteristics are used to model the failure
probability of overhead lines. Besides, the restoration time is pre-
sented by considering the factors affecting the duration of overhead
line restoration.

Resilience can be defined as the ability to withstand extreme events
and bounce back to a pre-disturbance state. Accordingly, two resil-
ience curve-based metrics are introduced: vulnerability rate (R,) and
restoration rate (R,). The vulnerability rate is an indicator of the
ability of the power system to withstand extreme events. Likewise,
the restoration rate indicates the ability of the system to bounce back
to a normal state.

The remaining part of the paper proceeds as follows. Section two
begins by introducing the vulnerable components of the distribution
system under extreme weather events, and then the fragility of these
components is modelled. In the following, the failure probability of the
overhead lines is described in detail. In addition to modelling the impact
of extreme events on the failure probability of overhead lines, the effect
of these events on the restoration time of damaged overhead lines is also
investigated. The third section concerns the method used for assessing
resilience in power systems. The fourth section presents new resilience
quantification metrics, focusing on system performance during and after
the extreme event. Section five provides the simulation results and
analysis to validate the proposed models and assessment framework.
Finally, the conclusion is given in section six.

2. Failure probability of overhead distribution lines and
restoration time

The first question in this study is to determine the vulnerable com-
ponents of power distribution infrastructure under extreme events.
Vulnerable component types can also vary depending on the type of
disruptive event (flood, earthquake, hurricane, etc.). The present study
considers the assessment of distribution system resilience under extreme
weather conditions. Hence, the distribution poles and conductors are
considered vulnerable components during hurricanes because they are
not designed to withstand high wind speeds. Next, to appropriately
assess the resilience of the distribution system, the failure probability of
the components mentioned above must be calculated, followed by the
failure probability of the overhead distribution lines under extreme
weather events. Due to a lack of data and large uncertainties involved,
other failure modes, such as failure due to falling trees and flying debris
that may impact poles and conductors during strong winds and
contribute to their failure, are not considered in this paper. Another
crucial parameter in the assessment of resilience that should be evalu-
ated is the restoration time of the damaged equipment. In the following,
the mentioned topics will be examined in more detail.

2.1. Fragility analysis
The failure probability of power system components depends on

weather conditions. A fragility analysis is required in order to calculate
the failure probability. For fragility analysis, the limit state or perfor-
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mance function of a structural member is defined as [12,34]:
G(X) = Seom(xs,ds) — Leom(x1,d1) (€))

The failure probability or non-performance of the structural mem-
bers is defined as (G < 0), which means the load demand is greater than
the strength (Scom < Lcom). The MCS is utilized to calculate the failure
probabilities. As discussed above, the failure occurs if the G(x) value is
less than 0. As a result, failure events are identified by checking the sign
of G(x) for different values of random variables. Hence, the failure
probability (P;™) is calculated by counting the number of times the
applied load on the structure is greater than its strength.

N

Pl‘{)m —
f N,

()

The fragility curve demonstrates the failure probability of vulnerable
components in the power distribution system for a specific load. This
curve can be provided by the lognormal cumulative distribution func-
tion [11].

Fat) = gL ®

The fragility of the timber poles and conductors under wind loading
can be evaluated using the method suggested in [10,35]. This approach
can be used to calculate the failure probability of vulnerable components
made with different material types, such as timber or steel poles.

The timber poles are made of organic materials, and due to fungal
attacks, insects and other living organisms are susceptible to decay.
Typically, the decay of timber poles occurs in areas where they come
into contact with the ground. The decay rate of timber poles depends on
many factors, such as timber species, climatic conditions (rainfall, hu-
midity, and temperature), the nature of fungal and insect attacks, and
soil factors. Therefore, as the age of the poles increases, their strength
decreases. The strength remaining of the poles as a function of time,
considering the probability of decay, is modelled by:

Spote () = So [l — min(max(a,t — ay,0), 1 )‘min(max(blthz,O), 1 ) } (€))

The values of constant coefficients az, as, by, and b, were evaluated
as 0.014418, 0.10683, 1.3 x 10 ¢, and 1.846, respectively, from the
regression analysis [9].

Another vulnerable component of the distribution system under

Wing Force
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extreme weather events is conductors. Overhead distribution lines
consist of several spans, and they are very long. Therefore, modelling the
entire distribution line is practically impossible. To resolve this problem,
assumed that all spans are the same. So, the failure probability of only
one span is calculated and extended to the entire distribution line. A full
discussion of the fragility analysis of vulnerable components lies beyond
the scope of this study. For further details, the interested reader may
refer to [9]-[12,35]. Although electric utility companies have inspection
and maintenance schedules to ensure that the poles’ strength does not
fall below a certain value, the methods used by these utilities have many
uncertainties. Therefore, in this study, timber maintenance is not
considered. Therefore, the fragility analysis determines the individual
failure probability of two vulnerable components, namely the poles and
conductors in overhead distribution lines (see Fig. 1).

2.2. Failure probability of overhead distribution lines

The collapse of poles and the breakdown of the conductor along an
overhead line cause the entire line to be disconnected. Hence, the failure
probability of overhead lines is calculated using the failure probability
of poles and conductors as vulnerable components under extreme
weather events, which will be explained as follows.

2.2.1. Failure probability of overhead line due to failure of poles

The failure probability of the overhead line is different from the
failure probability of the transmission line. Failure occurs if the con-
ductors are broken or dropped to the ground. Therefore, the failure of a
single pole may not necessarily lead to the failure of the overhead line.
However, the failure of a single pole due to load sharing increases the
mechanical forces on adjacent poles. If the central pole fails, the adja-
cent poles may also fail. In this respect, the failure probability of the
overhead distribution lines is calculated using the failure probability of
the three consecutive poles system (interested readers can refer to [34]
for more information). The failure probability of a three-pole system
that is applied to each pole along the overhead distribution line can be
written as follows:

stpl cpl apl apl 2
me =P {2}) (i (Ffp) } ®)

The poles in the distribution lines are connected in series. Assuming

Pt 3 - T
gt -
¥ b

Fig. 1. Typical distribution pole for three-phase main feeder.
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that the failure probability of the overhead lines is caused by the failure
of poles, considering the three-pole system, all failure modes can be fully
independent or fully dependent, given by (6) and (7), respectively.

Pa=1-(1-pr)" ©

Pl

! o = max| P} @)

These equations represent the upper and lower bounds of the failure
probability of overhead lines due to the failure of poles. Determination
of the exact failure probability requires knowledge of the correlation
coefficient between poles in a line, which can vary depending on the
location of each pole relative to a failed pole. In this paper, instead of the
failure probability of single poles, the failure probability of three-
consecutive pole systems is applied to each pole along a line. Hence,
failure modes in the overhead distribution line due to the failure of poles
are considered dependent. However, this dependence is limited to three
poles (the central pole and two adjacent poles) because the failure of a
central pole(i) can cause the failure of either of its adjacent poles (i —1 or
i + 1). If information about load sharing after the failure of the central
pole to adjacent poles is available, this model can be expanded to a five-
consecutive pole system and more. The exact failure probability of
overhead lines lies somewhere between the provided bounds. However,
(6) as an upper bound of failure probability is used for conservatism in
this paper.

2.2.2. Failure probability of overhead line due to failure of conductors.
Besides the poles, failure of the conductors leads to the outage of the
overhead lines. It is impossible to model the overall system to calculate
the failure probability of overhead lines because they are very long and
include many sections and spans. This problem can be solved by
modelling the failure probability of a part of the overhead line and
generalising it to the remainder of the lines. The sections are connected
in series and contain some spans and continuous conductors. The failure
probability of the overhead lines due to conductors’ breakdown is ob-
tained using the failure probability of sections. The failure of conductors
in one span decreases the failure probability of conductors in other spans
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for each section. In addition, a failure in one or more spans of a section
has the same result and will lead to an outage of the overhead lines.
According to these assumptions, the failure probability of sections using
the binomial distribution can be calculated as follows:

Nige—1

o _ (Mo pe AT e pe AN
Pre=17 'Pf'(lfpf) =N, ‘Pf'(lfpf) ®)

The sections in the overhead distribution lines are connected in se-
ries. Therefore, the failure probability of an overhead line due to the
failure of sections is given as follows:

M,
Pho=1-(1-Px) ©

Fig. 2 presents the summary of failure probability related to different
parts of the overhead distribution line. The restoration time of damaged
overhead lines will be argued in the following.

2.3. Restoration time

Under extreme weather events, the overhead lines will be subjected
to a new failure rate, so a new restoration time must be calculated. When
the power distribution system components experience an outage, data
on damaged lines are collected. Then crews are allocated to repair the
damaged components, and after repairing the damaged lines, the dis-
tribution system returns to its normal state.

Following a weather event, the repair process depends on several
factors, such as weather intensity, the location of the affected lines, the
size of the repair crew, and the repair or replacement of a damaged
component. An accurate model of restoration time should be considered
to increase the accuracy of the resilience assessment of the power sys-
tems. For the safety of repair personnel and to determine the worst
impact of an extreme weather event on the distribution system, it is
believed that damaged components cannot be fixed during a severe
event. As a result, after the extreme event is over, repair crews are dis-
patched to the affected lines.

Concerning the discussion above, the proposed model of restoration
time is as follows:

" i1 i i+l J
NN Adjacent pole Central pole  Adjacent pole 7 ’
. \\\ /, -
\ P ! ,/
\
fc
r \
sec ) sec sec
P/ K3 F f e P /e

psrl_ psr_
P A AR Uit Appyey / )
P’
f.pl
i Section 1 | Section 2 | | Section Nsec |
| Span 1 : Span 2 : i Span Nsp | | !
Pole 1 Pole 2 Pole Np/

Fig. 2. Failure probabilities of different parts of the overhead distribution line.
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e Waiting time

As discussed earlier, it is assumed that damaged components cannot
be fixed during an extreme weather event, and these components must
wait for the severe event to end. Note that the occurrence time of the
extreme event may not be the same as the time of the disturbance in the
power systems. Hence, the time interval between the time of disturbance
occurrence and when the extreme event ends is defined as” waiting time”
and calculated as follows:

te =1, —1; (10)

e Arrival time

According to the distance between the fault location and the repair
crew’s departure location and considering the average speed of vehicles,
the time it takes for the repair crew to arrive at the fault location must be
considered. Hence, the time it takes for the repair crew to arrive at the
fault location is defined as” arrival time” and calculated as follows:

11

Due to the lack of data on the repair crew’s departure location in this
study, the required time to arrive at the fault location is modelled as a
probability distribution using the Poisson random variable.

o Repair time

In order to estimate the time to repair damaged overhead lines,
broken components must be identified and counted. The number of
potentially damaged components in each line is obtained using the
failure probability of overhead lines due to poles or conductors and their
total number in overhead lines.

Nz[ipl = N;l X Pf]‘pl 12)
N(’lxr:c = Nie(r X Pj",xec (13)

By multiplying the number of damaged components by the required
time to repair one of them under normal conditions, the required time to
repair damaged components is calculated as follows:

=N

1
dplttr,,[a + N

1trge tsecTsech 14

e Response time

Lack of individual situation awareness leads to the incorrect actions
of system operators and inadequate response times to contingencies.
Furthermore, the ineffective coordination of the crew repairers and
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system operators leads to delays in restoring damaged overhead lines.
So, the human response delay in restoration must be considered.

Taking into account the mentioned topics time to restore the
damaged overhead line (ttr;) can be calculated as follows:

iry =ty +t, +ttrge + 1, (15)

The overall timeline of power system resilience and the status of an
overhead line are illustrated in Fig. 3. In the period from t; to t, the
vulnerable overhead lines that are subjected to extreme weather events
go out of service. Then, between t. and tir, after the repairs are
completed, these lines are returned to an operational state that increases
the system’s performance and, as a result, its resilience. It is worth
noting that overhead lines can be classified as operational or damaged
during extreme events. Once an overhead line outage occurs, all cus-
tomers downstream will lose power, and the overhead line is in a
damaged state. After the extreme event is over, repair crews are dis-
patched to the affected lines. Then, by repairing the damaged compo-
nents, the damaged overhead lines will return to their operational state.
The following will further discuss the power system performance under
extreme events and resilience curves.

3. Resiliency assessment framework

Extreme weather events such as hurricanes move across a power
distribution system. The modelling of the weather impact on the oper-
ation of a large-scale power system would require a simulation approach
to capture the stochastic behaviour of the weather, both space- and time-
wise. Hence, SMCS is utilized to evaluate the weather’s effect on the
power distribution system. Under extreme weather events, the distri-
bution system’s performance level should be evaluated to determine
resilience by considering supply, infrastructure, and demand changes.
This paper focuses on changing infrastructure policies, such as the status
of overhead lines determined by the functional states. The input of the
functional states is the failure probability of overhead lines due to
vulnerable components, and the output of that is overhead line status.
Overhead lines can be considered in two states: operational and
damaged. Hence, the outputs of the functional states are 0 and 1, which
signify the damaged and operational states.

The related vulnerable component failure probability of the over-
head lines in every step of the SMCS procedure is continuously updated
according to the prevailing weather conditions. This update provides a
realistic model of the weather event as a continuously fluctuating phe-
nomenon. The failure probability of overhead lines will also be updated
by updating the weather conditions. After that, the failure probability is
compared with a uniformly distributed random number (r U(0,1)) to
determine the overhead line functional states in the form of:

Restoration time of the damaged overhead line

!

ur, ‘
Waiting time for the Time required to arrive Time required to repair ~ Operator response times to contingencies
end of extreme event at the fault location damaged components and coordination with the crew repairers
! ! ! J
1
s
Z, z, ir
-
@ @ W Q .
to td 1/1 tvs te t!‘ [o;l) t"
Occurrence time of ~ Time to disturbance Time to End time of Time to starting Time to return the power
the extreme event occurrence degraded state  the extreme event the restoration state system to a resilient state

Time to failure of i overhead line ()

Time to return the overhead line ( / ;) to operational state

Fig. 3. The overall timeline of a power system’s resilience and the status of an overhead line under extreme events.
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) 1 if P.<r

Fl (p' " (16)
e\ e 0 if Pl.>r
1 if P <r
Foy(Plr) = o a7
k if Pfip, >r
Finally, the status overhead lines can be obtained as:
S'=F.xF, (18)

While the functional states of the pole and conductor or both equal
zero, the overhead line is in the damaged state (S' = 0). Thus, the
overhead line is in the operational state when the results of both func-
tional states equal one (S! = 1). The overhead line’s status can be
determined using the probabilistic framework provided for each simu-
lation step. Following determining the state of overhead lines, the time
to restoration for damaged ones should be generated as described
previously.
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It should be noted that most distribution systems are radial systems.
In such systems, there is a unique path from the power source to each
customer. Hence, if there is a fault at any point in an overhead line, all
customers downstream of the point will lose power. When multiple
overhead lines are outage, the power distribution system is divided into
several subsystems. There are two possible situations for each subsystem
in this condition: (i) it does not have distributed generation resources,
and (ii) it has one or more distributed generation resources. In the first
situation, a lack of distributed generation resources leads to a loss of load
at buses. The second situation is divided into two parts. The distributed
generating resources in the subsystem supply the customer’s demands in
the first portion. In the second part, these resources cannot supply all
consumer demands, resulting in load shedding until supply and demand
are balanced. Afterwards, the load-flow analysis is performed using the
backward/forward sweep method in every simulation step to model the
distribution system’s behaviour under real-time operating conditions.
These steps are repeated, and the results are stored until the end of the
simulation. Finally, the distribution system’s resilience can be assessed
using the recorded data of the distribution system’s performance level
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before, during, and after extreme weather events.

In summary, the main execution steps for resilience assessment of the
power system can be illustrated as a flowchart in Fig. 4. In general,
resilience assessment can be divided into three sections. In the first
section, the failure probability of vulnerable components as a function of
the extreme weather parameter is calculated, and then the failure
probability of overhead lines is modelled. The following section evalu-
ates the system’s performance under extreme weather events. Different
performance measures, such as the percentage of total or critical loads,
number of supplied customers, number of survived components, etc.,
can represent power system performance. In this paper, the system
performance is assessed by the supplied load. In the third section, the
power system’s resilience is assessed and quantified using the recorded
information about system performance under extreme weather events.

4. Resilience quantification metrics

According to the resilience definition, a resilient system has two
main features. The first feature of an engineered system is its ability to
withstand or survive disruptive events, and the second one is its ability
to bounce back to a pre-disrupted state. Hence, the vulnerability and
restoration rates are proposed as resilience indicators in this respect,
which will be discussed in the following.

The resilience of engineering systems is typically represented and
assessed using a resilience curve with the horizontal axis of time and the
vertical axis of distribution system performance. This curve is created
with the same time resolution as the weather model. The time resolution
of the weather model depends on weather data availability. Although
higher time resolution leads to accuracy in the assessment, the hourly
time resolution is considered in this study (t"). The change rate can be
obtained in systems that have changes in performance levels. The
change rate of the system performance level at each interval time be-
tween t; and t; —t" can be calculated as follows. In this regard, we sub-
tract one unit from the value of the growth rate. If the growth rate is
positive, it indicates an increase in system performance; if it is negative,
it means the system’s performance is declining.

. P(i;)
R(i) = m —1 19

The above relation calculates the system’s performance level change
rates over a specific time duration. At this time, the average of these
values should be obtained. There are three means to calculate the
average of numbers in the data set: harmonic mean, arithmetic mean,
and geometric mean. Usually, the geometric mean is used to calculate
the average change rate of a variable over a particular time period. Also,
unlike the arithmetic mean, the skewed data effect on the geometric
mean is very small [36]. Hence, the average change rate of the system
performance level is achieved using the following geometric mean. In
this case, the growth rate is increased by the same unit that was previ-
ously deducted from it.

Ro= /R + 1) x = ®RN)+ 1) —1="{/T["
(20)
Rewriting (20) by (19), the average change rate is described as:

) Wp(ﬁvl)f)) o) G ) e

Ift = 1h—t; = t;,; —t*, average change rate calculated as follows:

&

_ o Plw)
Ro= {5 @2)

The resilience curve can be used to calculate the average change rate
of the power distribution system’s performance level during extreme
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weather events. Fig. 5 shows an overview of the change in the perfor-
mance of a typical power system under extreme events over time.
Generally, there are three phases in the distribution system resilience
concept; these states are described as the unreliability state, the
degraded state, and the restoration state. In the unreliable state, the
system performance level decreases. Then, the system is in a degraded
state until the restoration process begins. The system’s performance
level increases in the restoration state until it operates normally. The
performance of newly established power distribution systems may not
change during the first hours of the occurrence of extreme events due to
the withstand of their infrastructure. However, as the lifespan of these
systems increases, their withstand duration under extreme events de-
creases. The process of reducing system performance stops at the end of
extreme events. However, this process may be stopped when the power
system is under extreme weather conditions. According to the concept of
resilience and the discussions mentioned above, two new indexes have
been proposed to assess the power system’s resilience:

_wew|P(1)

R, = L) -1 (23)
e [P(1t7y)

R, = L) 1 24)

The vulnerability rate (R,) means how much the system performance
level changes under extreme weather events per hour and is related to
the unreliability state. Likewise, the restoration rate (R,) indicates the
average system performance increase after the extreme event’s end per
hour. This index is also related to the degraded state and restoration
state. Therefore, according to the concept of resilience, the two main
features of withstanding and quick recovery can be quantified using
these indicators. Besides, these indexes can be used to compare two
separate systems under one type of extreme event regardless of their
duration.

The impact of the extreme event on system performance is equal to
the difference between the initial and final performance levels in the
unreliability state, which is calculated as follows:

P =P(t,)—P(t,) =1—(1+R,)" (25)

As a result, the maximum quantity of system performance level
degradation is predictable by forecasting the duration of future extreme
weather events and considering the vulnerability rate of the distribution
system based on past extreme events. Also, depending on the vulnera-
bility and restoration rate, the time required to return the system to a
resilient state is given by:

1
log (W )

log(1+R,) (26)

ttry =

Proposed resilience indicators can support decision-making con-
cerning system management and plans such as expansion planning and
resource allocation to enhance systems. In this context, strengthening
infrastructure assets through hardening measures must be considered to
reduce the vulnerability rate of the power system against disruptive
events. On the other hand, optimal equipment placement, network
reconfiguration, and utilization of smart grid technologies can improve
the restoration rate. It should be noted here that power systems’
vulnerability and restoration rates under different extreme weather
events can be compared. Therefore, the power system performance
under different extreme weather events that a power system may be
exposed to during its lifetime will be compared using the proposed in-
dicators. It is also possible to examine the impact of resilience
enhancement measures, such as reinforcing strategies, optimal equip-
ment placement, etc., on power systems by the proposed indicators.
Also, using the restoration and vulnerability rates of power systems,
their behaviour can be predicted in the face of future extreme weather
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Fig. 5. The novel concept of notional engineering resilience behaviour following a disruptive event.

events. Accordingly, by predicting the duration of future extreme
weather events and knowing the vulnerability and restoration rate, it
can be determined how much the system performance level may
decrease and how long it takes to return to its normal state.

5. Test network and simulation

The resilience assessment process is performed using a case study on
the IEEE 69-bus test radial distribution system. Total system loads are
3802.19 kW and 2694.06 kVAr labelled from 1 to 69. This test system
contains 69 buses, 68 distribution corridors, and 68 sectionalizing
switches. The initial states of all the sectionalizing switches are closed.
Also, this test system has seven lateral lines. The parameters and load
data are given in [37]. Ideally, to accurately assess the resilience of the
distribution systems, the number of poles, span lengths, and geograph-
ical data such as the location of the poles should be included in distri-
bution system modelling. Due to the lack of data, we have assumed that
the number of sections in each distribution corridor exposed to the
hurricane is random (NP ~ U (3,20)). It is also assumed that any
section includes ten spans, and the span length for all spans is the same
and equals 45 m.

First, the fragility analysis of the conductor and poles, taking into
account their lifespan by the limit state function at various wind speeds,
is calculated. Accordingly, the MCS method was used. In this method,
one million random numbers for the variables involved in the formu-
lation for different wind speeds were generated and then this function
was assessed. Failure occurs when the structure’s strength is insufficient
to withstand the applied load (G(x) < 0).

Note that the failure probability at a specific wind speed equals the
ratio of failures to the total number of simulations. Following this
approach, the fragility curve of the conductor and timber poles, taking
into account their lifespan, was obtained. Most electric utilities use 30 to
40 years as the estimated service life of timber poles [38]. Therefore, to
assess the age-dependent resilience of power distribution systems, 40-
year-old timber poles were considered. Also, given that the aim here is
the age-dependent resilience assessment of the distribution systems,
another period over which minimum system performance is assessed is
taken as 60 years old to allow comparison. As shown in Fig. 6a., the
decay of timber poles causes them to become more vulnerable. Hence,
their failure probability at lower wind speeds increases. The results
obtained from the analysis of fragility poles and conductors’ parameters
are summarized in Table.1.

As explained earlier, the restoration time of the overhead distribu-
tion lines depends on several factors, such as weather intensity, location
of the affected area, etc. When a vulnerable component’s fault or
collapse occurs, the restoration time of the damaged line is generated
randomly. The uncertain parameters in the calculation of the restoration
time are summarised in Table 2.

Millions of consumers in Florida experienced power outages due to
the Irma hurricane in September 2017 [39]. In this study, to create a
time-series wind profile, the historical weather observations of this
hurricane for one week related to areas of Orlando were obtained from
[40]. This wind profile is used as input in the simulation, as shown in
Fig. 7. Note that in weather-related studies, weather conditions are
considered homogeneous within the entire region of the distribution
system. Hence, the distribution system is exposed to the same weather
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Table 1

Lognormal parameters for fragility curve of the poles and conductors.
Age In(m,) &
Timber pole
New poles 3.81 0.135
20-year-old 3.80 0.134
40-year-old 3.78 0.136
60-year-old 3.70 0.135
80-year-old 3.53 0.137
Conductors

0 to 20 years old 3.63 0.0946

Table 2
Restoration time parameters of overhead distribution lines based the timber
poles and conductors.

‘Parameter  Distribution Vulnerable components
function
Conductor Timber pole
ttr Normal u =4h,oc =1h u =5h,6 =2.5h
ta Poisson A =3h A =3h
tr Normal u =15min,c =5min  u = 15min,c =
Smin

*

" Depending on the time of damage occurrence.

conditions everywhere. Furthermore, the SMCS captures the extreme
weather event’s space-and time-dependent nature.

The distribution system’s resilience could be affected by various
features. This study assessed the distribution system’s resilience by
considering different ages under the same weather conditions. The
resilience curve was obtained based on the distribution system’s per-
formance, or, in other words, the amount of power required by con-
sumers. As indicated in Fig. 8, the performance of distribution systems
40 and 60 years old was reduced at the start of the hurricane. In contrast,
the new distribution system has withstood the storm for several hours.
As aresult, it can be argued that timber poles become more vulnerable as
their lifespan increases. Hence, they are more susceptible to failure
during extreme weather events, reducing the resilience of distribution
systems.

Although the new distribution system is subjected to extreme
weather events, its declining performance has stopped. However, this
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process continues in distribution networks that are 40 and 60 years old
until the end of the extreme weather event. From Table.3, we can see
that the vulnerability rate for the new power distribution system (R,

—2.396) is lower than for the 40-year-old distribution system (R, =

—4.144). It can be observed that the 60-year-old power distribution
system has the most reduction in performance level compared to other
distribution networks with a shorter lifespan. Also, the vulnerability rate
for the 40-year-old distribution system is lower than for the 60-year-old
distribution system (R, = —6.413).

Depending on the emergency plans and intensity of extreme weather
events, the time it takes for the power systems to return to a normal state
will be different. In other words, a distribution system that is 40 or 60
years old can be planned so that, relative to the new distribution system,
it returns to a normal state faster. Assuming that the planning for the
restoration of the distribution system at different ages is the same, it can
be observed that the growth rate of restoration of new distribution
systems is higher than that of distribution systems aged 40 and 60 years
old. After the extreme weather event, the power distribution system is in
a degraded state. In contrast to the 40- and 60-year-old distribution
systems, the infrastructure of the new distribution system is less
affected. Hence, the vulnerable points have been identified earlier, and
adequate repair crews will be sent to repair them. Therefore, the new
distribution system remains in a degraded state for a shorter period of
time.

The results of this study indicate a significant correlation between
the age of power distribution systems and the resilience of the systems.
This feature is demonstrated through the proposed indicators for
assessing resilience. With the ageing distribution network, the vulner-
ability rate increases and the restoration rate decreases. Also, according
to the obtained data, with the age of power distribution systems, the
impact of extreme weather events on the performance of this system will
increase. To assess resilience, the ratio of area under the curve P(t) to the
total area between t, and t, has been calculated that indicates energy
supplied. The area under the resilience curve depends on the vulnera-
bility rate, the restoration rate, and the duration of the extreme event. As
a result, decreasing the vulnerability rate or increasing the restoration
rate increases the area under the resilience curve to the total area ratio.
Following this approach, the ratio of area under the curve P(t) to the
total area is expected to reduce with the increasing age of distribution
systems.
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metrics, the vulnerability and restoration rate, can be used to compare
Tab.lfe 3 oo . o several independent power systems. Also, using these metrics, the
Resilience indicators for different ages of the distribution system. . . .
behaviour of power systems can be predicted in the face of future
Resilience Description New At 40 At 60 extreme weather events. Most studies on power distribution system
indexes years years resilience have been focused on resilience enhancement. Depending on
Ry[%/h] Vulnerability rate —-2.396 4144  -6.413 the age of distribution systems, the proposed solutions to enhance
R:[%/Hh] Restoration rate 3.07 2.37 2.04 resilience can differ. Therefore, it is suggested that the resilience
P;[%)] Extreme event impact on 30.50 47.00 63.40 h £ distributi b ideri h £
system performance enhancement o power istri .utlon systems. y considering the age o
ES[%) The ratio of area under the 9207  80.17 59.60 these systems be investigated in future studies.

curve P(t) to the total area
between ttrg and t,

6. Conclusion

This paper provides a probabilistic and detailed methodology to
assess the resilience of power distribution systems subjected to hurri-
canes. In this regard, the fragility curve of the pole and conductor was
calculated, and then the failure probability of the poles, having regard to
their dependence on one another, was modelled. Since the power system
infrastructure is prone to failure over time due to decay, corrosion, etc.,
an age-dependent fragility analysis of poles was considered. Likewise,
the resilience assessment of the system has been presented according to
the different lifetimes. Due to the continuous nature of the conductors,
failing a conductor in a single span reduced its failure probability in
other spans. Hence, the failure probability of the overhead lines caused
by failing conductors has been formulated, taking this feature into ac-
count. The restoration time of overhead lines was also modelled as a
function of the possible number of damaged components and experi-
mental parameters. The second significant finding of this paper was to
provide a novel resilience quantification framework. Consequently,
vulnerability and restoration rates were proposed as indicators for
assessing resilience.

The numerical results indicated a significant correlation between the
age of power distribution systems and the system’s resilience. According
to the obtained data, with the age of power distribution systems, the
impact of extreme weather events on the performance of these systems
will increase. So, with the ageing distribution network, the vulnerability
rate increases and the restoration rate decreases. Besides, the proposed
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