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Electric power systems are critical to economic prosperity, national security, public health and safety.
However, in hurricane-prone areas, a severe storm may simultaneously cause extensive component fail-
ures in a power system and lead to cascading failures within it and across other power-dependent utility
systems. Hence, the hurricane resilience of power systems is crucial to ensure their rapid recovery and
support the needs of the population in disaster areas. This paper introduces a probabilistic modeling
approach for quantifying the hurricane resilience of contemporary electric power systems. This approach
includes a hurricane hazard model, component fragility models, a power system performance model, and
a system restoration model. These coupled four models enable quantifying hurricane resilience and
estimating economic losses. Taking as an example the power system in Harris County, Texas, USA, along
with real outage and restoration data after Hurricane Ike in 2008, the proposed resilience assessment
model is calibrated and verified. In addition, several dimensions of resilience as well as the effectiveness
of alternative strategies for resilience improvement are simulated and analyzed. Results show that among
technical, organizational and social dimensions of resilience, the organizational resilience is the highest
with a value of 99.964% (3.445 in a proposed logarithmic scale) while the social resilience is the lowest
with a value of 99.760% (2.620 in the logarithmic scale). Although these values seem high in absolute
terms due to the reliability of engineered systems, the consequences of departing from ideal resilience
are still high as economic losses can add up to $83 million per year.

� 2014 Elsevier Ltd. All rights reserved.
1. Introduction

Modern society and its economy depends on critical infrastruc-
ture services, such as electricity, water, gas and oil, and telecom-
munication networks. However, infrastructure systems are
confronted with numerous problems, such as unavoidability of
damage due to natural hazards (e.g., earthquakes, hurricanes,
floods), component aging, demand increase, and climatic change,
all of which increase their failure probabilities and risks. Hence,
the assessment of performance and recovery of these systems is re-
quired to support their rapid restoration as well as the needs of the
population in their service areas. Modeling the resilience of these
systems is necessary to understand their risks and to support
infrastructure system design or improvement decisions [1]. Among
infrastructure systems, electric power systems are particularly
critical, because most other lifeline systems need electricity for
their operation and management. This paper takes a power system
located near the Gulf Coast of the United States where hurricane
hazards are frequent (on average once in 7 years [2]), as a practical
example to illustrate a proposed resilience assessment approach.

Regarding the term ‘‘resilience’’, engineering scholars and insti-
tutes have proposed different definitions [3–6]. Broader resilience
definitions in various fields are summarized by Plodinec [7]. Con-
sidering the available literature, from an infrastructure engineer-
ing, the authors recently defined resilience as the joint ability of
distributed systems, such as electric power systems, to resist
(prevent and withstand) multiple possible hazards, absorb the
initial damage, and recover to normal operation [8]. To quantify
the resilience of engineered systems, the Multidisciplinary Center
for Earthquake Engineering Research (MCEER) introduced a
general framework to measure seismic resilience [9], which can
also be applied in infrastructure systems under other hazard types
and is then adapted in this paper to the context of power systems
in hurricane-prone areas. Resilience in the MCEER framework
includes four properties: robustness, redundancy, resourcefulness,
and rapidity, where resilience itself is quantified via four
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Fig. 1. Typical performance curve of an infrastructure system following a disruptive
event (adapted from reference [8]).
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interrelated dimensions: technical, organizational, social and
economic. In addition, the four properties of each dimension of
resilience can be quantified by different performance measures.
Taking the robustness property as an example, the technical, orga-
nizational, social, and economic dimension performance measures
might respectively be the availability of operational power supply,
availability of emergency organizations and critical functions, the
percentage of households with power, and the percentage of all
businesses with power immediately after a disruptive event. Under
this MCEER framework, several studies have emerged on the appli-
cation of resilience quantification to hospitals [10,11], communi-
ties [9,12], and some networked utility systems [13,14]. Defined
resilience metrics in the literature typically include the area be-
tween the target performance curve and the real performance
curve within the restoration period [9,10,15], the probability of
meeting predefined system-level performance standards in a
scenario event [12], a normalized area underneath the system
performance curve in a single event [11,13] (see typical system
performance curve in Section 2), a normalized and weighted sum
of the disaster consequences and the recovery effort [14], or a
function of the system performance drop immediately after an
event along with the required restoration time [16].

As the above studies are usually aimed at resilience assessment
for specific events, the authors then introduced a resilience frame-
work for infrastructure systems, which is not only adequate for
single and multiple hazards [8], but also adequate for quantifying
potential future resilience with the consideration of system evolu-
tion [17]. In such a framework, an artificial betweenness-based
flow model and a simple restoration model were used to assess
hurricane resilience of a power system for illustrative purposes.
However, this flow model departs from electrical flow models of
the power system for response or vulnerability analyses under dis-
ruptive events [48]. Hence, after detailed studies of the emergency
operation plans of utility companies for hurricane events and col-
lecting the power outage and restoration data after some hurricane
events, this paper proposes a new more elaborate yet practical
probabilistic model for the hurricane resilience assessment of
power systems, where the power flows are captured by a DC-based
model, and the event consequences are measured from multiple
dimensions while the whole resilience model is calibrated accord-
ing to historical failure data.

The proposed resilience model includes four types of interre-
lated sub-models, including a hazard scenario generation model,
component fragility models, a power system performance model,
and a system restoration model. Some sub-models have been
integrated together in the literature for different system-level
performance studies, not necessarily resilience-based, under dif-
ferent hazards. For example, scholars used the first three types of
sub-models together to investigate power grid vulnerability under
different hazard types, such as the hurricane vulnerability of
several power grids in Texas [29], seismic vulnerability of power
grids as well as their interdependent gas or water systems in Eur-
ope [18] and Shelby County, USA [19,20], the terrorism vulnerabil-
ity of power grid as well as its interdependent water supply, steam
supply and natural gas systems at the Massachusetts Institute of
Technology (MIT) campus [21], and the lightning vulnerability of
the IEEE 118-node power grid [22]. Other scholars have integrated
the four types of sub-models together to analyze infrastructure
restoration, such as the post-earthquake restoration planning and
optimization of Los Angeles power and water systems [23,24],
the weather-induced power grid response and restoration [25],
and the seismic resilience assessment and improvement of Mem-
phis water systems [12]. Based on these previous works and the
resilience definition and quantification equations proposed by
the authors [8], this paper adapts and applies the four types of
sub-models to a relevant gap problem, namely that of electric
power systems under hurricane hazards to assess their multi-
dimensional resilience, where the power system is modeled as an
open flow-based system to better approach practical constraints,
while the restoration process is modeled based on historical hurri-
cane restoration practices.

The rest of this paper is organized as follows: Section 2 intro-
duces a probabilistic model for hurricane resilience assessment.
Based on outage and restoration data from Hurricane Ike in 2008
for the power system in Harris County, Texas, USA, Section 3
describes the model calibration. Then hurricane resilience is
assessed and analyzed in Section 4. Finally, Section 5 provides
conclusions and future research directions.
2. Probabilistic resilience assessment model

In previous work [8], the authors introduced a time-dependent
expected resilience metric for networked systems that builds upon
the system performance and response process following a disrup-
tive event as shown in Fig. 1. The process can be divided into three
different stages: the disaster prevention stage (0 6 t 6 t0), the dam-
age propagation stage (t0 < t 6 t1), and the assessment and recov-
ery stage (t1 < t 6 tE). These three stages constitute a typical
response cycle, and can respectively reflect resistant, absorptive
and restorative capacities of a system. During a time period from
0 to T, there may exist many response cycles. The three capacities
reflected within T together determine infrastructure resilience over
that time horizon.

In the figure, there are two time-dependent curves. The first is
the target performance curve PT(t), which is typically modeled as
constant but could vary with time. The second is the real perfor-
mance curve PR(t), recording change under major disruptive events
and system restoration efforts. Resilience can then be quantified in
general as the ratio of the areas between the curve PT(t) and the
time axis and the curve PR(t) and the time axis within the time per-
iod from 0 to T:

RðTÞ ¼
Z T

0
PRðtÞdt=

Z T

0
PTðtÞdt ð1Þ

Note that this resilience metric is different from those measures
proposed in previous studies [9–11,13,15], which have similar
forms with Eq. (1) but their integration time interval is [t0, tE].
Hence, those metrics in previous studies quantify resilience for
specific disruptive events and not sequences of them, and could
not totally account for the resistant ability of resilience (to prevent
and withstand multiple types of events). Note that the value of R(T)
is bounded in the range [0, 1]. Hence, if the curves PR(t) and PT(t)
are measured by the same metrics, but with different aims such



Fig. 2. (a) A geographical representation of the power transmission network in
Harris County, Texas, along with the sites of critical facilities; (b) a schematic figure
to illustrate some power system components whose hurricane fragilities are mainly
considered in the paper (The component icons are extracted from reference [53]).

M. Ouyang, L. Dueñas-Osorio / Structural Safety 48 (2014) 15–24 17
as the amount of flow or services delivered, the availability of crit-
ical facilities, the number of customer served, or the support of
economic activities, then Eq. (1) corresponds to the technical, orga-
nizational, social, and economic dimensions of resilience, respec-
tively, and can be used for comparative studies.

Different periods relative to when T is achieved yield different
forms of resilience [17]: (1) previous resilience estimated based on
historical data within a time period [0, T] that has already occurred,
(2) current potential resilience with the system parameters (such as
power supply, power demand, network topology, line parameters,
etc.) fixed during the time range up to T and equal to current time
settings, and (3) future potential resilience, which is similar to (2)
but with the additional consideration of system improvement
and evolution processes (supply/demand change, topological evo-
lution, etc.). This paper mainly investigates the current potential
resilience and focuses on the introduction of multi-dimensional
(technical, organizational, and social) resilience assessment, along
with an estimation of the economic losses as an alternative to full
economic resilience assessment, which ideally needs to consider
the loss of gross regional product (GRP) [9]. The future potential
resilience is studied for power system under random failures in
Ouyang and Dueñas-Osorio [17].

For the case in which the current potential resilience, PT(t) is as-
sumed to be a constant value equal to 1.0. When a hazard of inter-
est has its occurrence governed by a Poisson process, such as the
hurricane hazards in this paper, the expected resilience E[R(T)] of
Eq. (1) is [8]:

E½RðTÞ� ¼ E

R T
0 PRðtÞdt

T

" #
¼ E

T �
PNðTÞ

n¼1 IAnðtnÞ
T

" #

¼ 1� E
1
T

XNðTÞ
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IAnðtnÞ
" #

¼ 1� 1
T

X1
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N � E½IA� ðkTÞNe�kT

N!

¼ 1� kE½IA� ð2Þ

where E[�] is the expected value; n is the event occurrence number;
N(T) is the total number of event occurrences during T; tn is the
occurrence time of the nth event, which is a random variable; IAn

(tn) is the area between the real performance curve and the targeted
performance curve, called impact area for the nth event occurrence
at time tn; E(IA) is the expected impact area under the hazard
accounting for all possible hazard intensities; and k is the occur-
rence rate of the hazards per year. Eq. (2) indicates that the current
potential resilience has an expected value not directly related with
the time period T.

2.1. Description of electric power systems

The electric power system in Harris County, Texas, United
States is a main part of the power system owned and maintained
by CenterPoint Energy, which delivers electricity to over 2.26
million customers in a 12,950 km2 service area around greater
Houston. The studied system approximately serves 1.7 million
customers, and includes high voltage (35–345 kV) transmission
networks and low voltage (0.12–35 kV) distribution networks.

The transmission network in Harris County is obtained from
Platts [26]; its geographical representation is shown in Fig. 2(a).
This system has 23 power plants and 394 substations connected
by 551 transmission lines. The power plant capacities are obtained
from the Platts’ database, and the technical parameters for lines,
such as reactance and capacity, are estimated according to conduc-
tors’ properties [27]. It is an open system, and connects with other
systems outside the studied area via transmission lines. Most of
the substations connecting with the outside area link with some
power plants via less than 2 substations. Hence, this paper models
these substations as virtual power plants, each with the capacity
equal to the sum of the capacities of their attached outgoing trans-
mission lines.

Regarding the electric distribution network, it is not available
for analysis due to security concerns. However, the ‘‘distribution
circuits are found along most secondary roads and streets’’ [28];
hence, similar to the work by Winkler et al. [29], this paper uses
an idealized distribution network synthesized from the local road
network information. Each intersection of the road network is
extracted as a proxy distribution node, which is connected to the
nearest transmission substation. The loads of these distributed
nodes in the same census tract are estimated proportionally to
the number of households in that tract. With these assumptions,
each distribution node serves an average of 40 customers [30].
The electricity from a distribution node to its served customers is
supplied via local distribution circuits. Also, the geographical sites
of critical facilities, such as hospitals, gas compressors, and water
pump stations, are shown in Fig. 2(a) for the resilience analysis that
follows. Fig. 2(b) shows a schematic plot of some of the above
components and their relationships. The labeled components and
their fragilities are used in this study for hurricane resilience
assessment.

2.2. Hurricane hazard model

Hurricane events are described by a Poisson process of constant
rate kh such that the time between each pair of consecutive hurri-
cane events has an exponential distribution with a probability
function as shown in Eq. (3) [30].

f ðtÞ ¼ khe�kht t P 0
0 t < 0

�
ð3Þ
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According to historical data from 1900 to 1999 [31], the return
periods of hurricanes with maximum category x or higher (x = 1, 2,
3, 4, 5) when they pass the Harris County area are respectively 7,
15, 25, 53, and 140 years. Hence, the annual occurrence rate of
hurricane hazards with category 1 or higher is kh = 1/7/year, and
the probability of a hurricane belonging to each category given it
occurs is respectively 0.53, 0.19, 0.15, 0.08, and 0.05. To obtain
the wind gusts at the different sites of infrastructure components
under a hurricane event, the HAZUS-MH3 software [32] is used
to generate hurricane scenarios by activating probabilistic hurri-
cane hazards (which can produce many hurricane scenarios with
different return periods) or manually defining different hurricane
tracks (a hurricane track consists of several points along the track,
and each of the points is specified by some storm parameters, such
as latitude, longitude, elapsed time, radius to maximum winds,
maximum wind speed, central pressure and so on). A generated
hurricane scenario is grouped to a category according to its maxi-
mum category over the whole county; then, 50 different scenarios
for each hurricane category are generated. Fig. 3 shows a generated
hurricane scenario grouped into category 3 by manually defining a
hurricane track. The maximum sustained wind speeds at different
sites vary from 73 to 137 mph. Note that the design wind speeds in
Harris County according to ASCE 7-05 criteria range from 90 to
120 mph, depending on the distance to the coast. A hurricane with
category 3 or higher can cause extensive damage in the county.

To simulate hurricane hazards during a time period from 0 to T,
an occurrence time is first determined by adding a random value
generated based on Eq. (3) to the last hurricane occurrence time
or zero (if no hurricane has occurred before). If the occurrence time
is less than T, select a hurricane category according to the above
hurricane category probabilities 0.53, 0.19, 0.15, 0.08, and 0.05,
and then select a pre-generated HAZUS hurricane scenario at
random from the scenarios already grouped per category. The
specific wind gust speeds at different sites are then used for the
subsequent component fragility analysis. Moving to the next
hurricane occurrence time until the time T provides a realization
of hurricane hazards during [0, T]. Note that this hurricane event
generation process enables the occurrence of more than one
hurricane within 1 year.
2.3. Component fragility model

Although power systems include many types of components, it
is practical to mainly focus on the response of the most critical and
vulnerable ones. Hence, this paper considers the following five
Fig. 3. A hurricane scenario in Harris County grouped into category 3 generated by
manually defining a track.
component types: transmission substations, transmission lines
(including transmission support structures and the conductors be-
tween structures), distribution nodes, distribution lines (including
distribution poles and the conductors between poles), and local
distribution circuits, which deliver electricity from each distribu-
tion node to its served customers. Some other hurricane-related re-
ports from other regions, such as electric utilities in Florida by
Quanta Technology [30], also considered components like the five
selected here. A schematic plot of these components and their rela-
tionships is displayed in Fig. 2(b). Since power plants are mostly
impervious to structural hurricane damage (with the exception
of hurricane-induced flooding), their fragility is not considered
here.

Regarding the failure probability pf,trans_sub,i,j of the ith transmis-
sion substation, it is represented by a lognormal fragility curve,

pf ;trans sub;i;jðD P di;jjWs ¼ xiÞ

¼
Z xi

0

1ffiffiffiffiffiffiffi
2p
p

ri;jw
exp

�ðln w� li;jÞ
2

2r2
i;j

 !
dw ð4Þ

These curves generate four probabilities, pf,trans_sub,i,low >
pf,trans_sub,i,low > pf,trans_sub,i,moderate > pf,trans_sub,i,complete, for the substa-
tion damage D exceeding a certain level di,j with j = {low, moderate,
severe, complete} for a given wind gust speed Ws ¼ xi (m/s) while
taking into account the local terrain and structural characteristics
of the substation under consideration. The values of li,j and ri,j of
the fragility curves for each damage level di,j, and each type of
modeled terrain and building type are taken from HAZUS-MH3
[32]. By comparing the four probabilities with a uniformly distrib-
uted random variable within [0, 1] one can determine the damage
level realizations per substation. Then, based on HAZUS-MH3 data
[32], for each failed substation, a repair time in hours (h) could be
assigned, which satisfies a normal distribution tr,trans_sub,i,j � N(24h,
12h), N(72h, 36h), N(168h, 84h), N(720h, 360h), while the repair
costs are respectively $0.3 million, $1.1 million, $5.5 million and
$10.0 million. In addition, if a substation acting as a virtual power
plant does not fail, its virtual capacity is set based on the states of
their attached incoming transmission lines which connect it with
real power plants outside the studied area.

Transmission lines consist of transmission support structures
(e.g., towers and poles), conductors and various pieces of hard-
ware. Due to design requirements [33], the fragility of a transmis-
sion line under wind loads (barring debris potential which could be
incorporated as a Poisson process in future work) is mainly deter-
mined by the failures of support structures. The number of trans-
mission supports along a line is computed as the line length
divided by the average span between two adjacent towers or poles,
which is set as 0.23 km based on regional utility data [34]. For each
support structure, different utilities may use different fragility
curves as the best fit according to historical data. Based on the
investigations by Quanta Technology [34], the failure probability
pf,support_struct,i of the ith transmission support structure in the stud-
ied area can be approximated by an exponential function under a
given wind speed Ws ¼ xi,

pf ;support struct;iðWs ¼ xiÞ ¼ minf2� 10�7e0:0834xi ;1g ð5Þ

The restoration time for a transmission support structure failure
i is also assumed to satisfy the normal distribution tr,support_struct,i

� N(72h, 36h), with a repair cost of $0.4 million [35].
In terms of distribution nodes, these are modeled as distribu-

tion poles. Similar to the transmission support structures, the fail-
ure rate of the ith distribution pole is modeled by an exponential
function [34],
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pf ;dist pole;iðws ¼ xiÞ ¼minf0:0001e0:0421xi ;1g ð6Þ

The restoration time for a failed distribution pole i is also as-
sumed to satisfy the normal distribution tr,dist_pole,i � N(5h, 2.5h),
with a repair cost of $2500.0 [30].

The distribution line from a substation to a distribution node
consists of distribution poles which are different from the distribu-
tion nodes that directly connect with the customers; the poles here
are just a part of the distribution lines; they also consist of conduc-
tors (a small segment of the distribution line between poles), and
other equipment types. Poles and conductors are mainly consid-
ered for the fragility estimation of entire distribution lines l, which
are modeled as series systems with each pole or conductor fragility
estimated by Eq. (6) or (7). The average span between two distribu-
tion poles is set as 0.042 km based on utility data [34]. The conduc-
tors between two distribution poles, different from the
transmission conductors, are much more prone to failures due to
distinct factors such as falling trees and flying debris. Based on
Winkler et al.’s work [29], the failure probability of the kth
distribution conductor between two poles is modeled by:

pf ;conductor;k ¼ ð1� fuÞmaxðpf ;wind;k; apf ;windthrow;kÞ ð7Þ

where pf,wind,k is the direct wind-induced damage probability of
conductor k; pf,windthrow,k is the probability of tree wind-throw (trees
uprooted or broken by wind) near the conductor k; fu is the proba-
bility of conductor k being underground (invulnerable to hurricane
events) – set as 0.32 according to utility data [34]; and a is the aver-
age tree-induced damage probability of overhead conductors in the
case of tree wind-throw near the conductor, which can reflect the
efforts of trimming trees by power companies and is assumed con-
stant as a first approximation. The parameter pf,wind,k is simply com-
puted by

pf ;wind;k ¼minfFwind;k=Fforce;k;1g ð8Þ

where Fwind,k is the wind loading on the conductor and can be
calculated according to practical design recommendations [36],
Fforce,k is the maximum perpendicular force that the line can endure
and can be estimated according to the conductor property parame-
ters [27]. Note that strictly speaking, the pf,wind,k should be a more
complicated increasing function of the ratio Fwind,k/Fforce,k, but due
to lack of sufficient data to fit the function, this paper simply models
pf,wind,k by Eq. (8) as an initial approximation. The probability of
wind-throw pf,windthrow,k can be computed by [37]:

logðpf ;windthrow;k=ð1� pf ;windthrow;kÞÞ ¼ as þ csðkzSkÞDbs
H ð9Þ

where as, bs, and cs are species specific constants, Sk the wind
intensity (0–1 scale) at the conductor, and DH the tree diameter
at breast height. The Sk parameter is generated by dividing the lo-
cal wind hazard by the maximum wind hazard in the studied re-
gion. The factor kz adjusts the hazard intensity to account for
local terrain effects, and is chosen based upon the land cover
information near the conductor [36]. Tree coverage in Harris
County is captured by terrain types, such as developed (high),
deciduous forest, evergreen forest, shrubs, crops and other 24
types [38]. Note that if the tree coverage data immediate adjacent
to power lines are available, it is better to use them instead of
the tree coverage data in the census tract including the power
lines to model the tree wind throw. Also, the restoration time
of a failed conductor k has the distribution tr,conductor,k � N(4h,
2h), with a repair cost of $1500.0 [30].

Finally, local distribution circuits supply electricity from a
distribution node to its customers. The fragilities of such local
circuits are simply modeled by the percentage of outage customers
pf,customer,i associated with a distribution node i,

pf ;customer;i ¼ bð1� fuÞpf ;windthrow;i ð10Þ
where pf,windthrow,i is the probability of tree wind-throw near distri-
bution node i, 1 � fu is the percentage of overhead lines, and b is the
average probability that customers will be out of power due to
damage on local distribution circuits in the case of tree wind-throw,
which can also reflect the efforts of trimming trees locally by power
companies and is assumed constant as well. The restoration time for
each outage customer has the distribution tr,customer,j � N(0.5h,
0.25h). The damage cost on local distribution circuits is ignored here
due to the unknown exact configurations of local distribution cir-
cuits. However, such costs can be indirectly reflected in the cus-
tomer interruption cost, which is $2.99 per customer per outage
hour [39].

2.4. Power system response model

Many models have been proposed to capture power system re-
sponses after component failures, such as the DC-based OPA mod-
els (a joint effort from the U.S. Oak Ridge National Laboratory, the
Power System Engineering Research Center at the University of
Wisconsin-Madison, and the University of Alaska) [40], AC-based
power flow models [41], hidden failure models [42], complex net-
work based models [22], and stochastic models [25]. Based on
these existing models and with the objective of including restora-
tion practices, this paper models the power system response as
follows:

Component failures first alter the power grid topology, and may
separate the power grid into many unconnected sub-grids. For
each sub-grid, the system response is modeled according to the fol-
lowing rules: (1) If it does not contain any power plant, then all the
load nodes in this sub-grid are assumed failed (in terms of service);
(2) If the sum of all power plant capacities inside the sub-grid is
larger than the sum of the demand, then cut the output of power
plants uniformly to balance the total supply and total demand,
and then check the line flow constraints after running a DC power
flow model; if there are violations, cut the load to the smallest
number of customers until the line constraints are satisfied; (3) If
the sum of all power plant capacities inside the sub-grid is smaller
than the sum of the demand, cut the load to the smallest number of
customers first to balance the total supply and total demand, and
then follow the same procedures in step (2). The DC power flow
equations provide a linear relationship between the power flow
vector F (consisting of the flow through each line) and the power
injection vector P at the nodes (if a node is a power plant, its power
injection is a positive electricity quantity; if a node is a load node,
its power injection is a negative load level; and if a node is a trans-
shipment node, its power injection is zero). It can be written as:

F ¼ AP ð11Þ

where A is a constant matrix, whose elements can be calculated in
terms of the reactance of the lines [40]. When the balance between
total supply (sum of outputs from power plants) and total demand
(sum of consumption from customers or loads) and the line flow
constraints (lines’ flow less than their capacities) are satisfied, the
system reaches the steady state and then performance metrics
can be computed.

2.5. Restoration model

There is emerging literature studying the restoration process of
power systems under hurricane events [43–45]. However, these
studies use statistical methods to predict the restoration times
and could not consider the effects of different restoration se-
quences to support resilience assessment, which requires model-
ing of restoration processes under different damage states of the
system and its many critical components. By studying the emer-
gency response plan as well as the reports from CenterPoint Energy
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after Hurricane Ike [46], this paper models a generic restoration
process by capturing two critical factors, which enable expanding
over traditional reliability analyses, while including simplifications
to allow for initial resilience studies.

The first factor is the mobilization of restoration resources.
There are different types of resources for different types of restora-
tion activities. To model resource quantities, this paper considers
all resources with the same effectiveness, and one unit of restora-
tion resources refers to a repair team, including repair crews,
vehicles, equipment and some replacement components. Each
damaged component needs one unit of restoration resources for
recovery, and the restoration times for different damages are set
according to the probability distributions introduced in Section 2.3.
Also, CenterPoint Energy and most utilities are part of electric util-
ity mutual assistance programs to access linemen and tree
trimmers from around the country. Hence, after hurricane events,
the local amount of restoration resources could increase with time.
An increasing function is thus used to characterize the dynamic
process of resource mobilization.

The second factor is the restoration sequence. According to
documents and reports from the local utility company, this pa-
per models the restoration priority according to the following
rules: First, repair transmission substations, transmission lines,
and critical facilities vital to public safety, health and welfare,
such as hospitals, water treatment plants and public service
facilities. This paper considers three types of critical facilities
in the studied area: hospitals, gas compressors, and water pump-
ing stations, with their combined geographical sites shown in
Fig. 2(a). These critical facilities are assumed to get long-term
electricity from their nearest distribution nodes. For each of all
these damaged components within the first-step repair group,
compute the minimum repair time (MRT) required to access
any one of the power plants; the smaller the MRT is, the higher
repair priority it has.

Second, repair the distribution lines from substations to distri-
bution nodes that can restore power to the greatest number of cus-
tomers in the least amount of time. However, in practice, the above
rules may not be strictly obeyed due to difficult access to the dam-
aged components or some economic concerns [47]. To capture this
feature, among all the remaining damaged distribution lines, a dis-
tribution line l is selected to be repaired with the following
probability:

prepair;l ¼ ðCl=tdist line;lÞc=
X
l2LD

ðCl=tdist line;lÞc ð12Þ

where Cl is the number of served customers by distribution line l,
tdist_line,l is the required restoration time for line l, estimated as the
maximum value of repair times tr,dist_pole,i and tr,conductor,j of all dam-
aged distribution poles (i) and distribution conductors (j) along the
line l; LD is the set for all remaining damage distribution lines, while
c is a sequence control factor. For c 2 (�1, +1), prepair,l 2 [0, 1]. Note
that the variables Cl, tdist_line,l and LD in Eq. (12) are modeled as
deterministic because restoration decisions are made after the util-
ity companies know, even if imperfectly, the damage states of their
power grid components and their repair times, while c is a tunable
variable, depending on the access to the damaged components or
economic availability concerns during the restoration process. Spe-
cifically, if c = 0, prepair,l = 1/|LD| (where |LD| is the number of remain-
ing damage distribution lines), each damaged line k has the same
associated value of prepair,l, and is then randomly selected for repair;
if c ? +1, prepair,l ? 1, the damaged line l with the largest ratio of Cl

to tdist_line,l is selected to repair first, and the above restoration se-
quences are thus strictly followed. For each of the damaged compo-
nents along the distribution line l, the closer the position it is to the
substation, the higher repair priority it has.
Third, repair the local distribution circuits delivering power
from distribution nodes to their served individual customers. The
larger number of customers a local distribution circuit serves, the
higher repair priority it has.

When the above four models from Sections 2.2–2.5 work to-
gether, a restoration curve can be simulated to quantify the real
performance curve PR(t) under a hurricane scenario (Fig. 1), which
supports the resilience estimation based on Eq. (1). In fact, the
resilience quantification here can go beyond a single hazard sce-
nario. In addition, based on the performance curves, the economic
loss consisting of the repair cost of damaged components and the
customer power interruption cost can be estimated to enrich the
multi-dimensional resilience perspectives.
3. Resilience model calibration

Hurricane Ike made landfall in Galveston, Texas, on September
13, 2008. At landfall, it was a large category 2 hurricane with hur-
ricane force winds extending 443 km from the center. The event
caused extensive failures to the electric power system in Harris
County, which happened to be relatively well documented. This
paper uses available data of the number of customers without
power and their restoration after Hurricane Ike for model calibra-
tion. Harris County land cover data is obtained from the Multi-Res-
olution Land Characteristics Consortium to support the estimation
of component fragilities, while the specific Hurricane Ike scenario
for Harris County is provided by HAZUS-MH3 [32]. Given the wind
speed at each component site, failures are evaluated according to
component fragility models by using Monte Carlo simulation,
and then the DC power flow model is used to simulate the func-
tional state of each physical component to then calculate the per-
centage of customers without power, which are further aggregated
to the postal (ZIP) code level to compare with the percentage of
customers without power per ZIP code reported by CenterPoint En-
ergy immediately following Hurricane Ike [46]. Running the simu-
lation 500 times until the average percentage of customers without
power in each ZIP converges to a deviation of less than 0.001, the
absolute error for the zth ZIP code can be calculated as the absolute
difference of the percentage of customers without power in the
simulation and in the actual record for that ZIP code. The mean er-
ror of this absolute error over all ZIP codes is taken as the objective
function to calibrate the parameters a and b, where a is average
tree-induced damage probability of overhead conductor in the case
of tree wind-throw near conductors, and b is average probability
that customers will be out of power due to damage on local distri-
bution circuits in the case of tree wind-throw. These two parame-
ters are related to trees and have influence in local-level
component damage. The minimum mean error over all ZIP codes
is found to be 14.15%, with the corresponding parameters being
a = 0.35, b = 0.54. The value of b matches well with the data
(0.53) from a survey conducted by the authors’ hurricane research
group [49].

Next, based on the above parameter settings, and taking the
repair resource mobilization curve into consideration, it is possible
to simulate the system restoration curve, i.e., the relationship
between the percentage of customers with power and time after
landfall. For the resource mobilization curve, according to the
post-Hurricane-Ike reports from CenterPoint Energy [46], it can
be approximately captured by the curve shown in Fig. 4. The
parameter RR1 indicates the number of repair resources owned
by the company itself, while the subsequent increase to RR2 is
due to the assistance from other utility companies. According to
real data, set RR1 = 720 repair teams, and RR2 = 1,995 repair teams,
corresponding to a resource increase of IR = 15 repair teams per
hour from time 25 to 109. Under various restoration sequence
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Fig. 4. Approximate shape of the relation between the amount of restoration
resource units and time immediately after Hurricane Ike in 2008.
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control factors c, different restoration sequences are simulated,
and it is found that c = 0.8 makes the simulated restoration curve
consistent with the actual curve from Hurricane Ike, as shown in
Fig. 5. The minimum/maximum error bars are also presented in
the figure, and the small error bars indicate small fluctuation and
uncertainty to input variability of the proposed model. Also, the
cases of c = 0 (random restoration sequences) and c ?1 (restora-
tion rules strictly obeyed sequences) are presented in the figure for
comparisons.

From the figure, when c = 0, after assigning the restoration re-
sources to transmission substations, transmission lines and critical
facilities, the damaged distribution lines are then randomly se-
lected for repair, which leads to an approximately uniform increase
of the percentage of restored customers. Hence, the curve at c = 0 is
almost linear. When c ?1, the damaged distribution lines are re-
paired strictly based on the rules which first repair the line with
the largest ratio of Cl to tdist_line,l. Hence, the restoration speed is
high early on, and then it increases at a decreasing rate until
around time 330, when most curves converge, as shown in Fig. 5.
After time 330, all distribution lines have been restored, and all
crews start to repair the local distribution circuits to restore power
to remaining individual customers. As the restoration time for each
outage customer has an identical distribution, the restoration
speed after time 330 is almost constant and the curves are all linear
at different c.
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Fig. 5. Comparisons between the actual restoration curve and the simulated curves.
The minimum/maximum error bars from 500 simulations are also presented. Note
that the error bars are only shown for c = 0.8 for clarity purpose.
When c = 0.8, the simulated restoration curve fits the real curve
the best, which indicates that in practice the rules of restoration
sequences are not strictly obeyed, but are followed for the most
part. Also, in the simulation, the economic loss consisting of dam-
aged component repair cost and customer power interruption cost
is computed. The average economic loss for c = 0.8 is $530.941 mil-
lion, which is close to the estimation by Quanta Technology for
CenterPoint Energy under Hurricane Ike ($700.00 million for the
whole 2.26 million customers, and as an approximation it is
$526.549 million for the 1.70 million customers in Harris County
as the focus area for this study) [34]. However, if c = 0 and
c ?1, the average economic losses are $576.523 million and
$488.558 million, respectively, which indicates the importance of
restoration sequences. Compared to the real restoration process,
the strict restoration sequences can save up to $42.383 million,
while the random restoration will lead to an additional loss of
$45.582 million.

4. Hurricane resilience assessment

During the restoration process, damaged components are re-
paired and the system performance can be measured by different
metrics, such as the percentage of energized transmission substa-
tions (including the non-damaged and repaired ones, which also
applies to the following three metrics), the percentage of distribu-
tion nodes with power, the percentage of critical facilities with
power, and the percentage of customers with power. The first
two metrics provide input to the technical resilience estimation,
the third one relates to the organizational resilience, and the forth
one to the social resilience. Also, the economic loss consisting of
damaged component repair cost and customer power interruption
cost is estimated as an alternative of the input to economic resil-
ience assessment. Different dimensions of resilience support differ-
ent angles of decision making. To provide comparisons among the
different performance metrics, their changes in terms of restora-
tion time are presented in Fig. 6 for Hurricane Ike. Similar to the
results in Fig. 5, the minimum/maximum error bars for each curve
are very small, so they are not shown for clarity.

From the figure, it can be seen that the critical facilities and the
transmission substations are repaired very quickly. After four to
five days, almost all the critical facilities and transmission substa-
tions are back to work. Particularly, after 8 h in the aftermath of the
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hurricane, 90% of critical facilities have power supply. These results
are consistent with the post-Hurricane-Ike restoration reports [46].
The transmission network is robust under the Hurricane Ike, as
only 8% of the substations suffered damage or disconnections from
the power plants. However, for the distribution nodes, 85% of them
are damaged or disconnected from the power plants. The custom-
ers are closely associated with the distribution nodes, so in the
initial stage of restoration, the two curves almost overlap until
the time 200 h. After that, some crews start repairing the local
distribution circuits to later restore power to individual customers,
around time 330 h when all distribution nodes have been repaired,
and after which the crews can focus on the repair of local distribu-
tion circuits and customer tapping points where the curve in-
creases almost linearly.

Next, simulating the hurricane hazards during a time period
according to the procedures introduced in Section 2.2, the different
dimensions of resilience can then be computed based on Eq. (1).
For different hurricane categories, different amounts of resources
may be required to reach adequate restoration times. According
to the CenterPoint Energy’s restoration objectives [46], the ex-
pected restoration time for each hurricane category 1–5 should
be 7–10 days, 2–3 weeks, 3–5 weeks, 4–6 weeks, and 6–8 weeks,
respectively, with some individual customers left for an extended
time. Using the same restoration mobilization process after Hurri-
cane Ike for other hurricane categories, it is found that the average
restoration times for hurricane categories 1–5 are respectively
8.9 days, 2.3 weeks (2.6 weeks for the Hurricane Ike case),
3.4 weeks, 4.9 weeks and 6.7 weeks, which indicates the proposed
model could realistically simulate and approximate the restoration
process under different hurricane categories. Then, set the time
period T = 100 years to capture hurricanes with categories 4–5,
and run the simulation 10,000 times (note that for the current
potential resilience considered in this paper, according to Eq. (2),
the value of T does not affect the expected resilience, it only affects
its uncertainty or probability distribution). Then, the technical
resilience for transmission substations RTT, the technical resilience
for distribution nodes RTD, the organizational resilience for critical
facilities ROC, and the social resilience for customers RSC,
respectively, have an expected value of RTT(100) = 99.962%,
RTD(100) = 99.791%, ROZ(100) = 99.964%, RSC(100) = 99.760%. The
complementary cumulative distribution function for the 10,000
resilience values in each case is presented in Fig. 7 to capture the
resilience distribution. To clearly show these curves in the same
plot, the resilience R(100) is shown in a logarithmic form
�log10(1 � R(100)). This logarithmic expression is intended to
facilitate resilience comparisons and resilience communication,
in the same spirit as the classical reliability index did for compar-
ing small failure probabilities in practice.

From the figure, the organizational resilience is the highest, fol-
lowed by the technical resilience at the transmission level. Their
average resilience values are very close because they are strongly
correlated. According to the rules of the restoration sequences,
the transmission substations and the critical facilities have the
same priority, which means that once a damaged or disconnected
substation serving some critical facilities has been repaired, then
those critical facilities can immediately get back to work. However,
there also exist the probability that all critical facilities are re-
paired, while there are still some remaining damaged substations
not serving any critical facility, so the average value of ROZ(100)
is slightly higher than that of RTT(100). Similarly, the social resil-
ience and the technical resilience at the distribution level are also
correlated because a distributed node must be repaired before the
power recovery of its served customers. Hence, the average value
of RSC(100) is smaller than that of RTD(100). Also, the economic loss,
as an alternative metric of economic resilience, is on average
$82.654 million per year among all simulation runs.
Furthermore, the resilience model introduced in Section 2 has
many input parameters, but the resilience R(100) has similar prob-
abilistic distribution curves for repetitions of the 10,000 simula-
tions several times, and the range of R(100) in the logarithmic
spaces, as shown in the horizontal axis of Fig. 7, has a narrow dis-
tribution, which indicates controlled uncertainty for the resilience
under a time interval T = 100 years mainly because more hurricane
events in general take place and the statistical analyses are more
robust to larger samples. However, many of the system and model
input parameters can be enhanced for resilience improvement and
economic loss reduction. Hence, this paper considers next the
effects of some typical parameter variations that can trigger sys-
tem-level resilience improvements. These parameters can be effec-
tively improved in practice or are considered as main improvement
strategies by utility companies, including the change of the resto-
ration sequence control factor c, the adjustment of resource mobi-
lization curves IR, and the enhancement of the rate of under-
grounding distribution lines fu. The specific adjustment parameters
and the corresponding resilience changes as well as the average
economic loss are listed in Table 1.

From the table, when the different strategies are implemented,
the average technical resilience RTT and the average organizational
resilience ROC remain almost constant, while the average values of
the other two resilience dimensions vary largely. If the restoration
sequence control factor c increases from 0 to 0.8 and from 0.8 to1,
the improvement magnitudes of the average value of RTD (or RSC) in
logarithmic spaces are 0.02 (0.06) and 0.015 (0.053), respectively,
while the average annual economic savings are $4.596 million
(from 0 to 0.8) and $5.331million (from 0.8 to1). If the hourly re-
source increase IR increases from 0 to 15 and from 15 to 30, the
improvement magnitudes of the average value of RTD (or RSC) in
logarithmic spaces are 0.317 (0.326) and 0.117 (0.129), respec-
tively, and the annual economic savings are $38.72 million and
$8.761 million. Finally, if the under-grounding rate fu increases
from 0.32 to 0.50, the improvement magnitude of average value
of RTD (or RSC) in the logarithmic space is 0.121 (0.107), with
economic savings of $14.774 million. These results show that a
small improvement on resilience can save millions of economic
loss per year because of the aggregation of the distributed effects



Table 1
Resilience variation under different improvement strategies.

Strategy Average resilience
(logarithmic value)

Average economic loss
(millions of U.S. dollars per year)

Original RTT 99.962% (3.426) $82.654
RTD 99.791% (2.681)
ROC 99.964% (3.445)
RSC 99.760% (2.620)

c = 0 RTT 99.962% (3.426) $87.985
RTD 99.782% (2.661)
ROC 99.964% (3.444)
RSC 99.724% (2.560)

c ?1 RTT 99.961% (3.408) $78.058
RTD 99.799% (2.696)
ROC 99.964% (3.443)
RSC 99.788% (2.673)

IR = 0 RTT 99.960% (3.398) $121.374
RTD 99.567% (2.364)
ROC 99.961% (3.407)
RSC 99.492% (2.294)

IR = 30 RTT 99.963% (3.433) $73.893
RTD 99.841% (2.798)
ROC 99.964% (3.446)
RSC 99.822% (2.749)

fu = 0.5 RTT 99.964% (3.439) $67.880
RTD 99.842% (2.802)
ROC 99.965% (3.452)
RSC 99.813% (2.727)
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across the system. However, to choose an optimum improvement
strategy, additional analysis would be required to quantify the cost
of these strategies, so that a full optimum multi-constrain cost-
benefit analysis can help identifying the best improvement strat-
egy or combination of strategies. This analysis is outside the scope
of this paper due to data paucity. In the future, the authors will
summarize a series of resilience improvement strategies, including
smart grid techniques, as well as their costs, and integrate other
hazard types to provide a comprehensive cost-benefit analysis to
find out the optimum retrofit strategy within a lifecycle context.
5. Conclusions

Electric grid resilience is the joint ability of power systems to
resist plausible hazards, absorb the initial damage, and rapidly re-
store to normal operation. This definition requires the resilience
assessment to account for relevant hazards, system cascading fail-
ures, and restoration processes. Each of these aspects needs differ-
ent models and abundant data to approach reality. To capture the
essential factors affecting hurricane resilience assessment of criti-
cal power systems, this work builds upon available literature and
studies of the emergency operation plans of utility companies for
hurricane events, to then introduce a probabilistic model to assess
the multi-dimensional hurricane resilience of electric power sys-
tems. This approach enhances the information provided by tradi-
tional reliability assessments and available resilience studies. The
probabilistic resilience model includes a Poisson process model
of hurricane occurrence during a time period, fragility models for
multiple components, a DC power flow model for power system
performance, and a power system restoration model with the con-
sideration of component repair priority. Also, as the need for resil-
ience communication increases, this paper presents the typically
high absolute value of resilience in a logarithmic scale to emulate
what the reliability index did in the reliability design community.
Also, based on real customer outage and restoration data of the
electric power system in Harris County, Texas in the aftermath of
Hurricane Ike in 2008, the resilience model is calibrated to show
the outputs’ consistency with real data, to then assess and compare
different resilience improvement strategies. Results show that
among the technical, organizational and social dimensions, the
organizational resilience is the highest with a value of 3.445 in
the logarithmic scale while the social resilience is the lowest with
a value of 2.620 in the same scale. To improve system resilience
and reduce economic loss, strictly obeying the restoration se-
quences, increasing the restoration resources and their mobiliza-
tion rate, and enhancing the rate of under-grounding critical
distribution lines are all effective strategies in practice.

Note that this paper defines resilience unconditionally by
accounting for a multiplicity of hazard levels and their probability
of occurrence, which leads to high resilience values. The authors
also recognize, as shown for hurricane Ike, that scenario-based
contingency analyses are also part of the best engineering prac-
tices, and the system should be checked for likely and unlikely sce-
narios and determine how well they perform; however, this type of
system assessment under specific events is better referred to as
‘‘vulnerability’’ analysis, which is aimed at specific events and
can be quantified as the system consequences (which may also in-
clude the restoration effects) under the event [4]. The proposed
unconditional resilience can complement traditional scenario-
based approaches for the ultimate goal of informing design guide-
lines that are based on resilience and multiple hazards [50,51].
Also, the resilience metric in this paper is related to power industry
standard reliability measures, such as SAIFI (System Average Inter-
ruption Frequency Index) and SAIDI (System Average Interruption
Duration Index), which are usually computed by classical reliabil-
ity assessment methods but typically excluding major event days
[52]. These reliability assessment methods usually model the res-
toration time through random variables with distribution parame-
ters estimated from historical data, whereas the resilience
assessment requires modeling the hazards, emergency responses
and restoration efforts in more detail to analyze and compare the
robustness and rapidity improvements under different response
techniques and strategies.

However, the proposed hurricane resilience model is still a
streamlined version of the real power grid response seen in prac-
tice and provides an initial framework and an initial step to quan-
tify power system resilience to support resilience-based decisions
and design for distributed lifeline systems. Applying the model to
other power systems, as utility companies may have different
emergency operation plans, mutual assistance programs and com-
ponent restoration priorities, requires adapting the restoration
model besides changing some system parameter values, such as
hazard type and return periods, component fragility curves for
the specific hazard type, power injection data, line impedance,
amount of resources and their mobilization rate, among others.
Also, when more data are available, some component fragility
models, such as the wind-throw-induced distribution line fragility,
and the modeling of distribution networks and local distribution
circuits should be improved, along with comparisons of different
resilience improvement strategies, including emerging smart grid
techniques. In addition, power systems are interdependent with
other utility systems [1,31] and need explicit consideration. Hurri-
cane events can hit many of these systems simultaneously, so inte-
grating interdependencies into resilience analysis along with
emerging frameworks for performance-based goals [54], consti-
tutes a promising avenue for resilience assessment enhancement.
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