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A B S T R A C T   

Electric Power Networks (EPNs) play a fundamental role in the wellbeing of modern societies and recovery of 
societal functions after an earthquake. Risk and resilience analyses may identify useful network characteristics to 
improve EPN response and recovery during and after a severe seismic event. This work computes different 
functional measures in order to: (i) estimate the actual risk and resilience of EPNs; and (ii) evaluate the predictive 
capacity of different topological measures (TMs) relative to the EPN earthquake risk performance. The analysis is 
carried out on the Chilean EPN at the national, regional and substation level, by using a detailed model of the 
network. EPN operation was modeled using the DC optimal power flow model from the time of earthquake 
occurrence until full system recovery using the Seismic Probabilistic Risk Assessment framework. Seismic risk 
and resilience estimations of Energy Not Supplied (ENS) and number of hours with ENS have been correlated 
with six network TMs. Linear correlation results show that TMs provide, in general, limited insight into the 
criticality of the Chilean EPN. In spite of that, the strongest correlation was observed for the degree TM. 
Moreover, the Damage Consequence Index confirmed the rather uniformly distributed seismic risk along the 
country.   

1. Introduction 

The aim of the generation and distribution of Electric Power Net
works (EPNs) is to meet the residential, commercial and industrial 
electric consumer demand, which may be severely affected by the 
disruption caused by natural hazards, in particular earthquakes [1–4]. 
The energy supplied by EPNs is essential in maintaining a number of 
critical societal functions as well as the normal operation of other life
lines [5], especially in the aftermath of an event [6,2]. Severe ground 
motions caused by earthquakes may damage different EPN components, 
compromising the ability of the system to respond and recover promptly 
to supply the electricity demand. Due also to the inherent interdepen
dence within the EPN system, cascading failures have also been 
observed in the past due to required load redistributions that overloaded 
other components and led them to failure, causing severe consequences 
and eventual blackouts [7–9]. Interdependencies also exist between the 
EPN and other infrastructures and industries, affecting other apparently 
independent sectors [10–13], and large populations up to complete 

nations [6,14]. Because the unsupplied energy may range from hours till 
weeks before recovering the system’s operation, the ability to under
stand, model and quantify the possible functionality loss under seismic 
hazard is an essential step in preventing and mitigating the undesired 
effects of earthquakes and finally improve resilience [15]. 

In general qualitative terms, resilience involves “the ability of the 
system to sustain or restore its basic functionality following a risk source 
or an event” [16]. Then, resilience refers to the complete process, i.e. the 
rather abrupt drop in capacity of the system as a consequence of 
earthquake damage of the system components, and its recovery to a new 
state of equilibrium between supply and demand. Such recovery process 
usually has different discrete stages, which are determined by the 
reactivation times required by the failed components. Resilience also 
encompasses the concept of vulnerability, which refers to an intrinsic 
property of the system, “the degree to which a system is able to with
stand specific loads” [16], including the system’s capacity to adaptation 
and recovery. 

Several approaches, such as topological, flow, functional and logical 
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methods, have been adopted and developed in the literature to model 
EPN vulnerability and resilience [8,17]. In the context of EPNs exposed 
to seismic hazard, extensive work has been carried out addressing 
several different issues. For instance, Cavalieri et al. [18] compared the 
performance of topological-based and flow-based models. Other authors 
[19], focused on the complex configuration of EPN substations and on 
the failure of their components that can derate the EPN performance 
after the earthquake. Seismic fragility functions (FFs) of EPN compo
nents are fundamental for this type of analyses, and efforts have been 
paid to develop accurate FFs for different components (e.g. [20,21]). 
Extensive literature can also be found on cascading failures that can be 
generated after earthquake disruptions and interdependencies between 
EPNs and other infrastructure networks, which is a topic of paramount 
importance [9,22–24]. Component criticality analyses have been carried 
out to identify critical components which retrofit or replacement can 
considerably improve the earthquake performance of the system [18,25, 
26], or to quantify the reduction in system performance given a failure 
of a component [27]. 

Along the same lines, the identification of the best mitigation stra
tegies was carried out under an optimization framework to decide on the 
retrofit of components within a substation [28], or to maximize the load 
outage recovery of EPNs [29] following seismic events. Comparison 
between optimal robustness- and resilience-based protection strategies 
of EPNs against earthquakes was also carried out [30]. Differences be
tween reliability- and resilience-driven network enhancement were 
highlighted elsewhere [31,32]. More recently, Venkateswaran et al. 
[33] proposed an optimization framework that includes both, grid-side 
and demand-side resilience enhancement strategies for power distribu
tion networks exposed to earthquakes. Mitigation and restoration stra
tegies have also been examined within a probabilistic decision support 
framework using Bayesian network for interconnected infrastructures 
affected by both seismic and tsunami hazards [34]. Recovery strategies 
for interdependent power and water networks were explored within a 
multi-objective optimization model [24]. Recovery scheduling was also 
addressed by using an optimization framework. Sharma et al. [35] 
presented a computationally efficient approach to optimize the recovery 
schedule of interconnected power and water networks, accounting for a 
multiscale recovery model, differential equations for accurate flow an
alyses, and new resilience metrics able to capture the temporal and 
spatial variations of the recovery process. Furthermore, Sharma et al. 
[36] proposed a new classification of interdependencies and developed a 
mathematical formulation to model them in the recovery of an EPN after 
the occurrence of a seismic event. 

Another metric of resilience discussed in the literature is the EPN 
recovery time after the earthquake. For example, Espinoza et al. [26] 
quantified the recovery time of the EPN components using a probabi
listic framework. Also, Bayesian networks were used for estimating the 
recovery time of interconnected power and water infrastructures [9] and 
power and telecommunication systems [12]. Furthermore, the recovery 
times of the EPN, transportation system, and the community were 
quantified by using an agent-based model within a compositional sup
ply/demand seismic-resilience quantification framework [37]. 

Regarding the analysis of critical components, which is a relevant 
topic to prioritize components for hardening and/or recovery, planning 
maintenance, and improving system reliability and resilience [38], 
several approaches and measures have been developed in the last 60 
years. Depending on the research objectives and models adopted, 
different measures are used to evaluate component criticality, grouped 
as topological measures (TMs), risk importance measures, and 
performance-based measures, among others [38]. Recently, two 
resilience-based component importance measures, i.e. optimal recovery 
time and resilience reduction worth, were adopted to identify critical 
network components of an EPN [39], and of interdependent power and 
water networks [40] within an optimization framework. Furthermore, Li 
et al. [38] presented a component importance measure based on AC 
power flow that accounts for cascading failures; Rocchetta and Patelli 

[41] analyzed the effects of uncertainty on the quantification of different 
vulnerability metrics of EPNs by using flow-based and topological 
models. Sherb et al. [42] developed a procedure to assess component 
importance of EPNs exposed to wind hazards, accounting for both, 
common cause failures and cascading failures, and using Birnbaum’s 
measure, criticality importance, and an additional measure based on 
load losses. In the context of seismic hazard, a vulnerability metric that 
combined the component probability of failure and the component 
importance measured in terms of the drop in system performance was 
adopted earlier [18,25] and applied to the IEEE 118 Bus Test Case. Liu 
et al. [43] used two importance measures, i.e. risk achievement worth 
and risk reduction worth, to identify critical substation components that 
need to be prioritized for seismic retrofit, and obtained numerical results 
for the modified CIGRE medium voltage test network. In Espinoza et al. 
[26], a component criticality analysis based on the Fussell–Vesely 
importance measure was carried out on the partially integrated EPN 
system in the north of Chile to identify components that, if invulnerable, 
would contribute more to the reduction of losses at the system level. 

Some of the above mentioned works (e.g. [39]), compared the 
adopted importance measures with TMs, and provided a ranking of 
component importance, identifying those whose failures can induce 
significant structural damage to the network [44,45]. It is still an open 
discussion whether TMs may fully capture the vulnerabilities of EPNs 
[46,41]. However, it has been shown that selective node removals based 
on a topological ranking, such as decreasing degree order, produce a 
stronger impact on system vulnerability [44,47,48]. Also, Fang and Zio 
[49] performed hierarchical clustering on the Italian EPN and found that 
most of the nodes identified as important through clustering coincided 
with those with the highest centrality values, except for a few excep
tions. Conversely, Rosato et al. [50] focused on the system functional 
vulnerability and showed that only a small number of components with 
high relevance from a functional viewpoint (flow) can be detected 
through topological centrality measures, which are in turn associated 
with the structural vulnerability of the system. Also, LaRocca et al., [51] 
compared topological-based and flow-based models to understand the 
tradeoff between simplicity and accuracy of these models and found that 
the choice of the best EPN model depends on the objective of the anal
ysis. Furthermore, Rocchetta and Patelli [41] found that the capacity of 
TMs for contingency ranking was questionable, but they highlighted the 
positive features of topological models and proposed further 
comparisons. 

However all this bulk of knowledge, little attention has been paid so 
far to the predictive capacity of TMs in terms of earthquake risk per
formance of EPNs. Buriticá-Cortés et al. [25] adopted three TMs, nodal 
degree, betweenness and traffic, in order to rank component criticality. 
Critical components were retrofitted and the EPN performance rean
alyzed under several earthquake scenarios. Results were then compared 
with a much more elaborate vulnerability metric [18,25] that is able to 
identify a set of critical components that once retrofitted considerably 
improve the system’s performance. While these results can be very 
useful in practice for an existing network, they may not be easily used in 
a preliminary assessment. Indeed, the vulnerability measure proposed 
requires simulation of a large number of scenarios to account for the 
ground motion uncertainty, and hence it cannot provide a-priori good 
blind estimations. Also, the criticality analysis carried out by Espinoza 
et al. [26] presents the same limitation, and though it is comprehensive, 
it is computationally prohibitive for large systems because it requires 
simulating all earthquake scenarios as many times as the number of EPN 
components, selecting each time a different component as invulnerable. 

Given this context, the objective of this research is twofold. First, to 
obtain the best possible estimation of seismic risk and resilience of the 
Chilean integrated EPN exposed to earthquake hazard using a Seismic 
Probabilistic Risk Assessment (SPRA) framework, which is a compre
hensive framework that accounts for the uncertainties in the recurrence 
model, epicenter, and magnitude of the earthquake event, as well as the 
fragilities of the system [52,53,26]. The model developed considers 994 
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substation nodes, while the one used for the Electric Coordinator in the 
country has 280 nodes. Therefore, risk and resilience analyses are car
ried out at the national, regional, and component levels and for each 
level, the EPN performance is determined in terms of the Energy Not 
Supplied (ENS) and the number of hours with ENS after the occurrence 
of a severe earthquake by using the DC–OPF model until full system 
recovery (resilience index). The second research objective is to evaluate 
the predictive capacity of classical and extended TMs of seismic risk of 
EPNs. The aim of this part of the research is to verify the level of cor
relation that risk results –at a component level– present with some of the 
classical TMs of the network, such as degree, betweenness centrality, 
closeness centrality, minimum distance to a source, entropy degree, and 
electrical betweenness. The Damage Consequence Index (DCI) is also 
computed from the simulation results as a proxy of the component 
criticality for a post-disaster assessment [54]. The analyses were carried 
out on the 994 node integrated Chilean EPN and the most recent seismic 
hazard model for the country [55]. 

This work introduces improvements to the work done previously in 
the Chilean EPN [26]. First, it focuses on the complete interconnected 
Chilean EPN system, not only the north segment as done earlier [26]. It 
also includes a validation of the integrated EPN model in normal oper
ation conditions, which implies that the dispatch of energy resembles 
that of the one used in the country. Third, it carries out seismic risk and 
resilience analyses at different geographical scales. And fourth, it pro
vides more detailed insights on the correlation between risk and resil
ience results and topological properties of the EPN. Herein, the recovery 
time is estimated using a probabilistic approach without entering into 
the details of the recovery process as previously done under an opti
mization framework [35,36]. The contribution of this work lies pri
marily on: (i) the high-resolution model of the integrated Chilean EPN 
used in conjunction with the SPRA framework; (ii) the detailed study of 
different TMs as predictors of risk and resilience results using a detailed 

network model; (iii) the potential identification of critical EPN compo
nents or clusters to use in a preliminary assessment to improve EPN 
earthquake resilience; and (iv) the implications on risk and resilience of 
the longitudinal EPN structure (topology), which runs from north to 
south along the country, and coincides with the typical rupture direction 
of the controlling subduction seismic source. 

Section 2 of this article shortly introduces the SPRA framework of 
EPNs and provides risk and resilience results for the 994 node Chilean 
EPN (first objective); Section 3 presents the TMs of the Chilean EPN and 
illustrates the results obtained in terms of the existing correlations with 
risk results (second objective); and, Section 4 presents the conclusions of 
this work. Finally, the notation used in the DC–OPF model, the data 
collection process, and the model validation of the Chilean EPN are 
illustrated in Appendices A, B, and C, respectively. 

2. Network modeling and probabilistic seismic risk and 
resilience assessment of EPNs 

This Section summarizes the methodology used in modeling an EPN 
and its earthquake risk quantification. Although the concepts applied 
herein are completely generic, results will be applied to the case of the 
integrated Chilean EPN system, which has distinctive features from 
other EPNs in seismic environments elsewhere in the world. In partic
ular, the longitudinal structure of the Chilean network coincides with 
the main seismic source that controls earthquake risk in the country, 
which runs north to south at the convergence of the continental plate 
riding on top of the pacific plate (subduction) at very high convergence 
rates ∼ 68 mm/year [56]. Moreover, the narrow width of the country 
implies another important feature of the seismic intensity measures used 
in computing risk for the EPN, which is quite uncommon for seismic 
settings elsewhere. Consequently, the seismic risk of the Chilean EPN 
presents features that are significantly different from similar networks in 

Fig. 1. Illustrative diagram of the SPRA framework adopted in this work.  
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other seismic environments. 

2.1. SPRA framework 

The assessment framework of seismic risk and resilience for EPNs is 
presented in Fig. 1 and is based on Monte Carlo simulation, and is similar 
to that used in previous works (e.g. [52,53]). The main steps of the 
procedure are to: (i) perform a seismic hazard analysis aimed to the 
generation of a stochastic catalog of earthquake scenarios in the region 
under analysis and sampling of ground-motion intensities at the EPN 
component locations; (ii) assign component vulnerabilities by esti
mating component damage states, functionality, and recovery time; (iii) 
evaluate the EPN system performance throughout the restoration pro
cess until service is fully restored; and (iv) compute seismic risk and 
resilience using the response of the system to all simulated scenarios. 

The procedure starts by constructing a synthetic earthquake catalog 
using a recurrence model of seismic events proposed earlier [55]. Peak 
ground accelerations (PGAs) at the location of each component of the 
EPN are sampled using the ground motion prediction model (GMPM) 
developed by Abrahamson et al. [57] and the spatial correlation model 
developed by Goda and Atkinson [58]. Using these Intensity Measures 
(IMs), the next step is to estimate earthquake damage for each scenario 
at the EPN component level and the time needed to recover each 
component. Fragility functions and downtime distributions are taken 
from previous work [59], and consider a multistate model with four 
damage states for anchored components. Damage states for substations 
and power generation units, which are the main components at risk in 
EPNs, are randomly sampled as well as their corresponding recovery 
times. Regarding component functionality, it is assumed conservatively 
a binary status, where the operation of a component stops if it has any 
level of structural damage (i.e. minor or greater). 

With all downtimes estimated for a given realization, the operation 
of the EPN is simulated over time based on component functionality. 
This implies solving the DC–OPF model presented next every hour 
throughout recovery of all EPN components. As a result of this analysis, 
the hourly ENS is estimated for the realization. Two measures of system 
performance (losses) were evaluated: (i) the total unsupplied energy due 
to earthquake damage (ENS); and (ii) the number of hours with energy- 
not-supplied (ENShr), which accounts for the duration of operation 

interruption due to damage on the EPN, which is a proxy of the recovery 
time for system functionality. EPN losses do not occur at consecutive 
times, since given a damaged configuration, energy supply also depends 
on the energy demand and the available power generation capacity from 
renewable sources, which vary in time. ENShr is a good estimate of the 
effective time without service and is used hereafter as a measure of 
system resilience. 

Seismic risk of the EPN is characterized by a mean annual frequency 
(MAF) of exceedance, λSP(sp), of a threshold value, sp, of the system 
performance variable SP. By using total probability, seismic risk of a 
spatially distributed system of n components can be stated as [53]: 

λSP(sp) = ν
∫

Ω⫅Rn

P(SP> sp|IM = im)fIM(im)dim (1)  

where ν is the mean annual rate of significant earthquake events (those 
of “engineering interest”); P(SP> sp|IM = im) is the conditional proba
bility that SP exceeds the threshold value, sp, given an intensity measure 
of ground motion, IM = im, with IM a vector of n random variables 
representing the ground-motion IMs, such as PGAs, at all n sites of 
network components; fIM(im) is the joint probability density function of 
the ground motion IMs; and the integral is over the domain Ω⫅Rn, of the 
studied intensities and adds all possible cases. Monte Carlo is used here 
to approximate the complex integral solution of Eq. (1) and the MAFs of 
exceedance of the two considered performance measures, ENS and 
ENShr, which are computed using the response of the EPN to all simu
lated earthquake realizations. Also note that the area below the MAF 
curve represents the Expected Annual Loss (EAL). In this work, three 
EALs are computed: (i) EALENS; (ii) EALhr, and (iii) EALENS, which is the 
ENS normalized by the annual energy demand. 

A schematic graphical representation of these calculations is pre
sented in Fig. 2. The first column plots in the box of the left show the 
hourly supplied energy from the time of the earthquake event until full 
system recovery for the k-th realization. The second column plots in the 
left box present the percentage of energy demand being supplied over 
time. These are typical resilience curves that show the quick drop of 
system functionality after the event and its restoration over time. Note 
that this curve is not monotonically increasing due to the variability in 
the energy demand and the renewable power generation capacity. The 

Fig. 2. Left box: Schematic illustration of the typical results obtained for each SPRA realization; Right box: expected annual losses corresponding to all realizations.  
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ENS and ENShr values obtained for each realization are used to build the 
exceedance MAF by Monte Carlo simulation. These curves represent the 
risk and the associated enclosed areas the expected annual losses, which 
are a measure of the resilience of the system. 

To minimize the computational work involved in the SPRA, impor
tance sampling was used for earthquake magnitudes in order to increase 
the sampling rate of higher magnitude earthquakes as proposed earlier 
(e.g. [52,53]). For further details on the procedure adopted in this work, 
the interested reader is referred to the literature [53,60]. 

2.2. EPN modeling 

This research uses an optimal power flow (OPF) approach that is able 
to dispatch electricity into the EPN to meet the energy demand by 
improving the overall system performance, i.e. by minimizing operating 
costs, and ensuring that the system constraints are not violated [61]. 
Specifically, the DC–OPF model is adopted here given its simplicity and 
ability to always provide a solution. Indeed, it is a linear approximation 
of the more complex AC–OPF model. The DC–OPF model consists of a 
linear relationship between power flow through the lines and power 
injection at the generation nodes, and is typically adopted in practice for 
transmission networks [62,63], which are characterized by a very low 
resistance value and by voltages similar to the nominal values. It allows 
the calculation of the amount of energy generated by each power gen
eration unit, the amount of (un)supplied energy to substations, the 
power flowing through the lines, and the voltage angles at steady state 
for a specific scenario. 

The DC–OPF problem aims to minimize the total costs of energy 
generation and unsupplied energy, as illustrated in the objective func
tion of Eq. (2) for a specific hour of interest (e.g. [26]) and subjected to 
the constraints described in Eqs. (3)–(9). The notation used in the 
formulation of the problem is given in Appendix A, Table A.1. The 
DC–OPF problem may be stated as: 

min

{
∑

g ϵ G

Pg⋅cgen
g +

∑

n ϵ N

LSn⋅cLS
n

}

(2)  

s.t. 
∑

g ϵ G (n)

Pg + τloss(LSn − Dn) +
∑

l ϵ L (n)

f in
l,n −

∑

l ϵ L (n)

f out
l,n = 0, ∀ n ϵ N (3)  

0 ≤ Pg ≤ Pmax
g ⋅uop

g , ∀ g ϵ G
T
, G

T ⊂G (4)  

0 ≤ Pg ≤ Phist
g ⋅uop

g , ∀ g ϵG R
, G

R⊂G (5)  

0 ≤ LSn ≤ Dn, ∀ n ϵ N (6)  

fl =
S0

xl
⋅(θn − θh)⋅uop

l , ∀ l ϵ L , n, h ϵ N (l) (7)  

− f max
l ≤ fl ≤ f max

l , ∀ l ϵ L (8)  

θnisl
ref

= 0, nisl
ref ϵ N , isl = 1, …, Nisland (9) 

Eq. (3) represents the power balance at node n and considers four 
terms: the total power generated by the power generation units con
nected to the node; the second term represents the power consumption 
in the node, where τloss is the power loss factor, which is assumed to be 
constant and equal to 1.078, i.e. an increase of 7.8% in energy con
sumption to account for power losses; and the last two terms represent 
the difference between incoming and outgoing power flows. Eqs. (4) and 
(5) are constraints related to the maximum power generation capacity of 
unit g, which differs by generation unit and accounts for uncertainties in 
power generation from renewable power units. If g belongs to the set of 
thermal power plants, G T, the maximum power generation capacity is 
equal to the nominal value, Pmax

g , and constant over time; instead, if g 
belongs to the set of renewable power plants, G R, the maximum power 
generation capacity is assumed equal to the historical value of power 
generation, Phist

g , which varies with the hour considered. The minimum 
power generation capacity was set to 0 and a ramp capability was not 
considered. The constraint in Eq. (6) establishes that the unsupplied 
power in a node cannot be higher than the energy demand of that node. 
Furthermore, Eq. (7) represents the flow through line l; and given the DC 
approximation, the magnitude of the voltage in all the nodes is fixed to 1 
per unit (p.u.), so the flow through line l depends only on the voltage 
angle differences. Also, Eq. (8) limits the flow through line l to its 
maximum capacity, and Eq. (9) sets the voltage angle to zero of the 
reference node(s). If the network is fully connected, isl = 1, and one 
reference node is identified; otherwise, if islands are generated, Nisland 

reference nodes should be identified and their voltage angles set to zero. 
Notice that the service interruption cost, cLS

n , in Eq. (2) is assumed 
equal for all substations n ∈ N , neglecting possible load priorities, and is 
fixed to a very large value to penalize the occurrence of load shedding in 
the optimization problem. A binary state is considered for the func
tionality of substations and power generation units, where the value 
0 means that the facilities stop working due to structural damage and 1 

Fig. 3. Schematic view of the EPN with (a) power plants; (b) substations and transmission lines; and (c) Chilean regions interconnected by the electric system and 
data associated with the regional network characteristics. 
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that are operative. The functionality of transmission lines is derived 
from the functionality of substations. Thus, transmission lines are 
considered in operation, if and only if they connect two substations in 
operation. For a reference year, the information on energy demand and 
energy generation from renewable sources is retrieved from historical 
data by considering historical hourly energy demand (load) profiles and 
historical hourly energy generation profiles from renewable sources. 
The use of historical energy demand and generation profiles leads better 
results to reflect real operation, rather than using values derived from an 
uncertain cost of water or energy demand. 

2.3. Seismic risk of the Chilean EPN 

The Chilean national electrical system (SEN) covers most of the na
tional territory and serves 98.5% of the Chilean population [64]. To 
build the Chilean EPN model, both topological and electrical data 
related to power generation units, substations, transmission lines and 
loads were retrieved from different official Chilean databases [65–67]. 
The reference year was 2017, and Fig. 3 illustrates: (a) power generation 
units; and (b) substations and transmission lines of the SEN. Shown in 
the figure are the 14 out of 16 Chilean regions electrified by the SEN 

with the relevant regional features, total installed power generation 
capacity, annual energy demand (energy withdrawal), and number of all 
components, generation units and substations. One substation is located 
in Argentine (Central Salta, Fig. 3(b)) and is assigned to the Antofagasta 
region since it is connected to a substation in this region. Appendix B 
presents more information on the data collection process and the asso
ciated limitations of the data. 

The model was validated by running the DC–OPF model every hour 
for a time window of one year in normal operation condition. The 
conditions imposed on to the model were: (i) to satisfy the supply of 
historical energy demand; and (ii) to approximately reproduce the 
normal operation of the actual system. Results of the model validation 
are presented in Appendix C. 

2.3.1. Results at country level 
The Chilean EPN model has been exposed to the occurrence of 50 

thousand stochastic realizations of earthquake events consistent with 
the Chilean seismic hazard [55]. An earthquake event can randomly 
occur within a year, in any of the 8760 hours of that year. Before the 
occurrence of the earthquake, the EPN system is assumed to be fully 
operative. In addition, component recovery is carried out simulta
neously on all components assuming unlimited resources of repairing 
teams and materials, as well as equal priority for the restoration. The 
recovery time of the entire system is controlled by the component with 
the largest recovery time. It is also assumed that undamaged power 
generation units are available for generation at any time. To account for 
cases in which recovery could not be completed within a year, an 
additional complete year was considered. Such cases tend to occur if the 
earthquake happens at the end of the year; the additional year is iden
tical to the reference year. 

Fig. 4 presents a typical example of the energy supplied (Fig. 4a) and 
percentage of energy demand satisfied (Fig. 4b) as a function of time 
after the earthquake. In this case, the total ENS is equal to 12,440 MWh 
and the hours with ENS are 39. Notice that the rapid recovery from hour 
38 to hour 39 in Fig. 4(b) is due to the recovery of a load substation that 
allows supplying its associated energy demand. In addition, in this 
example, the total time needed to recover all damaged components is 
108 h, but the EPN system is able to fully supply the energy demand 
from hour 39. 

Shown in Fig. 5 are the MAFs of exceedance for ENS (solid lines), 
bounded by the 95% confidence intervals (colored shadows); EALENS 
values and associated standard deviations are also reported for each 
case. Results are reported at country level and for the four regions with 

Fig. 4. Typical system performance over time for the k-th realization (k = 11,237): (a) energy demanded and supplied; and (b) percentage of the energy demanded 
being supplied. 

Fig. 5. MAFs of exceedance of ENS (solid lines) and 95% confidence intervals 
(light color shaded areas). EALENS values and standard deviations are given in 
the legend. 
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the highest annual energy demand. Because there is a strong positive 
Pearson correlation coefficient of 0.98, between regional energy de
mand and EALENS, the chosen regions also have the highest EALENS. 
Country level EALENS is equal to 45.18 GWh, and considering that the 
average hourly energy demand in Chile is about 7.82 GWh, this EALENS 
represents 6 h of total blackout per year in the country. The Metropol
itan Region (RM) is the most critical with EALENS = 16.02 GWh, fol
lowed by Antofagasta with 7.98 GWh. The Valparaíso and Biobío 
regions are similar in terms of average losses with EALENS = 4 GWh. 
Since the mean hourly energy demand in the RM is about 2.34 GWh, the 
EALENS is equal to almost 7 h of total blackout per year. 

Return periods are the inverse of the MAF, so a MAF of exceeding 
ENS = 10 GWh at country level is 0.51, corresponding to a return 
period of about two years. For larger return periods of 10, 100 and 1000 
years, the country’s ENS will be 81.54 GWh, 581.31 GWh and 1862.36 
GWh, respectively (Fig. 5). Please note that the values associated with a 
constant MAF of exceedance, say 10− 3, correspond to the uniform 

regional risk of ENS corresponding to a return period of 1000 years. 
Thus, Fig. 6 shows the ENS corresponding to uniform risk with return 
periods of 10, 100, and 1000 years for the country and the top 4 regions 
in ENS descending order. 

The EALENS ranking for the Chilean regions is presented in the left 
plot of the colored map of Fig. 7. The central plot shows the regions 
ranked based on normalized EAL, EALENS. It is apparent that the 
normalization changes the criticality of regions, making Arica- 
Parinacota, which is the one with lowest annual energy demand, 
83.95 GWh (denominator), the most critical one. Indeed, this region is 
the least critical in EALENS with 71 MWh. Other EALENS critical regions in 
decreasing order are Biobío, Araucanía, Metropolitan, Atacama, and 
Ñuble. 

At country level, EALhr = 395 h (~ 16.5 days) with ENS; recall that 
this measure of time is not related to the level of service lost. At regional 
level, the four regions reported in Fig. 5 also lead to the highest EALhr 
with unsupplied energy, which value is larger than 100 h with the 
highest number of units failed on average. The correlation between the 
regional energy demand and EALhr is 0.83, and the correlation between 
the average number of failed components in a region and the regional 
EALhr is 0.93. Downtime of substations and power generation units are 
assumed to be independent of the voltage level or unit size, and the 
geographical area. The complete EALhr ranking is shown in the right plot 
of Fig. 7. On average, the region with the shortest time window with 
unsupplied energy of 10 h is Arica-Parinacota; this region is also the one 
with the smallest number of installed units, 16 in total. 

Similarly, shown in Fig. 8 are the MAFs of exceedance (solid lines) of 
hours with unsupplied energy (ENS) at country level and for the four 
regions with the highest annual energy demand. The 95% confidence 
intervals are also presented as colored shadows. The EALhr values and 
their standard deviations are also reported in the box of the Figure. At 
the country level, the MAF of exceedance of 168 h (one week) is equal to 
0.43, which corresponds to a return period of 2.3 years. Fig. 9 shows the 
ENShr associated with a uniform risk with return periods of 10, 100, and 
1000 years for the top 4 regions (ranked in descending order), as well as 
for the whole country. 

The results reported at national level in these analyses are in the 
same order of magnitude as the impacts registered after the Mw8.8, 

Fig. 6. ENS corresponding to return periods of 10, 100, and 1000 years for the 
top 4 ranked regions in descending order and the whole country (“National”). 

Fig. 7. Regional EAL values: (a) EALENS; (b) EALENS; and (c) EALhr. Ranking order of the first four most critical regions is also reported.  
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2010 Maule earthquake in Chile, which resulted in an immediate 
blackout of 4522 MW [6,68]. Differences result from two main factors, 
the electricity demand was lower in 2010 than in 2017, and the affected 
EPN at the time, the Chilean Central Interconnected System, was smaller 
than the SEN. 

2.3.2. Results at component level 
Correlation plots between the three EAL measures and the energy 

demand for each load substation are presented in Fig. 10; Pearson cor
relation coefficients, R, are also reported in each plot. The highest pos
itive correlations happen between energy demand and EALENS (plot (1, 
3)), and between the EALENS and the EALhr (plot (2, 1)). The higher the 
energy demand of a load substation, the higher the EALENS (plot (1, 3)). 
It should also be expected that the higher the EALhr of a load substation, 
the higher the EALENS (plot (2, 1)). Such is the case because the larger the 
recovery time of a load substation, the larger the percentage of unsup
plied energy relative to the total energy demand. Please notice that this 
effect is not apparent between EALhr and EALENS (plot (1, 2)), since the 
total ENS may be small in magnitude, but still important relative to the 
energy demand. These results are different from those at regional level, 
where we observe high positive correlation between EALENS and EALhr. 
This is because EALhr at regional level depends on the combination of 

available components and not simply the sum of the unavailable hours 
of each component. All other scatter plots reflect no significant linear 
correlations among response quantities of the EPN, which implies that 
they provide different information and network characterizations in 
statistical terms. 

3. Analysis of topological measures 

In this Section, the risk obtained above may be correlated with 
different TMs of the network to investigate if some characteristics of the 
structure of the network may have some predictive capacity in terms of 
estimating seismic risk, at least qualitatively. Section 3.1 briefly in
troduces the TMs adopted herein; and Sections 3.2 and 3.3 present the 
results. 

3.1. Topological measures used 

Three classical network TMs, degree [69,70], betweenness [70], and 
closeness [70,71] are initially considered. We also include the minimum 
shortest path from any load substation to any generation unit, as well as 
two extended TMs, namely the entropy degree and the electrical 
betweenness, which are intended to capture electrical features of the 
network [72,73]. Except for the minimum distance to a generation unit 
and the closeness centrality that refer only to load substations n with 
n ∈ N D, where N D is the set of substations with energy demand, the 
other TMs are computed for all n substations. A brief explanation of 
these measures is provided next, and readers are referred to previous 
references and to [74,8] for further details. 

In short, the degree of substation n (node) represents the connectivity 
of the node with its neighbors, and is defined by the number of neigh
boring nodes; a node with many connections is a hub in the network. The 
betweenness centrality of substation n represents the number of shortest 
paths that pass through node n, considering the shortest paths between 
all pairs of nodes, excluding node n. Shortest paths are here computed 
considering an undirected graph, which does not differentiate between 
generation and load nodes. The minimum distance of load node n, 
n ∈ N D, to a source node m, m ∈ N G, where N G is the set of substations 
with power generation, refers to the shortest path distance from load 
node n to any generation substation m. The shortest path distance is here 
computed considering the length of each line, and it is given in km. 
Furthermore, closeness centrality of load node n represents how close is 
the node from the rest of the generation nodes m, m ∈ N G, and is defined 
as CC(n) and the expression [74,75]: 

CC(n) =
NG − 1

∑
m∈N G dmin(n,m)

(10)  

where NG is the total number of substations in N G and dmin(n,m) is the 
shortest path distance in km between load node n and generation node 
m. Entropy degree of substation n extends the concept of degree by 
considering not only the number of links connected to the node, but also 
the weights of the links and their distribution among links [73]. The 
entropy degree of substation n, Cext

D (n), is [72,73]: 

Cext
D (n) =

(

1 −
∑

h∈N

f lnh
⋅log
(

f lnh

))
∑

h∈N

f max
lnh

(11)  

where fmax
lnh 

is the maximum power flow in the line connecting sub

stations n and h; and f lnh 
is the power flow limit of linenh normalized 

relative to the sum of the power flow limits of all lines connected to n. 
Electrical betweenness of substation n represents the total trans

mission power taken by node n within the power grid. It extends the 
concept of betweenness centrality by considering: (i) specific functions 
of generation, transmission, and load nodes; (ii) the contribution of each 
transmission line when power is transmitted from generation nodes to 

Fig. 8. MAFs of exceedance of a given value of hours with ENS (solid lines) and 
95% confidence intervals (light color shaded areas). EALhr values and standard 
deviations are given in the legend. 

Fig. 9. Hours with ENS corresponding to return periods of 10, 100, and 1000 
years for the top 4 ranked regions in descending order and the whole coun
try (“National”). 
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Fig. 10. Correlation analyses between energy demand of load substations and EAL values represented by EALENS, EALENS, and EALhr. Linear regression and Pearson 
correlation coefficients, R, are also reported. 

Fig. 11. Histograms of the TMs analyzed with minimum, maximum, mean and median values.  

Fig. 12. Closeness centrality for load substations; colors represent different regions ordered southward from left to right.  
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load nodes through the Power Transfer Distribution Factor (PTDF); and 
(iii) line power flow limits [73,76]. Electrical betweenness of substation 
n, Cext

B (n), is defined as half of the sum of the power flowing through the 
lines passing through node n [73,76]: 

Cext
B (n) =

1
2

(
∑

m∈N G

∑

h∈N D

f c
m,h

∑

lij∈L (n)

⃒
⃒
⃒ρmh

lij

⃒
⃒
⃒

)

(12)  

where L (n) is the set of lines passing through node n; ρmh
lij with 

lij ∈ L (n), is the PTDF of all lines passing through node n when power is 
injected at node m, and demand is at node h; and fc

m,h is the power 
transmission capacity from nodes m to h and it is computed from the line 
power flow limit and the PTDF [73]. 

3.2. Topological measures of the Chilean EPN case study 

The histograms, minimum, maximum, mean and median values of 
the TMs just defined were computed for the Chilean EPN (Fig. 11); TMs 
were computed for the EPN considering all components without dam
age. A close-up of the tails of the histograms is also given. 

Except for the closeness centrality, all parameters decay exponen
tially in value. For closeness, the distribution shows that most of the 
substations are on average closer to the generation units (larger close
ness). This is the case because of the well distributed power generation 
units and the long and narrow shape of the country. Thus, substations 
with the lowest values of closeness are located in the northernmost and 
southernmost regions, which are farther on average from all generation 
units. This is illustrated in Fig. 12, where the closeness centrality for all 
load substations is reported. Load substations are grouped by region and 
from north (left) to south (right). Regions in the north of Chile are 
farther on average from generation units than regions in the south. This 
is due to the fact that the highest number of generation units is located in 
the Biobío region (south), with around 16% of the total installed power 
generation units. Although the region with the highest installed power 
generation capacity is the Antofagasta region (north) with more than 
26% of the total installed power generation capacity, more generation 
units are present in the Biobío region. The well distributed nature of 
power generation units can also be noticed in the histogram showing the 
minimum distance to a source (Fig. 11, plot (1,3)). Indeed, most load 
substations are very close to at least one generation unit: on average the 
minimum distance is 18 km and the median is 9 km. 

In Fig. 11, the histogram of the betweenness centrality (plot (1,2)) 
shows two clear sets of nodes in the EPN. The first one is characterized 
by betweenness centrality below 0.17 and the second one, in the tail, 
with values above 0.3. Betweenness centrality for the former set is 
smaller than for the latter. The latter represents nodes of the network 
that belong to a set of substations that are part of substantially more 
critical paths. The total number of critical substations is 52 and their 
geographical distribution is shown in Fig. 13. As it should be expected, 
these nodes are along the backbone of the EPN. Nodes in the center are 
characterized by higher betweenness than nodes in the periphery of the 
EPN. A core-periphery structure characterizes the Chilean EPN with 
nodes in the core highly interconnected among each other and periph
eral nodes weakly connected to other peripheral nodes [77]. 

Each of the topological parameters of Fig. 11 summarizes a lot of 
information on the structure of the network. A more informative inter
pretation of these values would require comparison with those of other 
EPNs. Despite this shortcoming, the degree seems to have the best cor
relation with risk metrics. An exponential distribution fits well the de
gree in plot (1,1) of Fig. 11, with 0.76 as a parameter, which is slightly 
higher but in agreement with the exponential parameters associated 
with the degree distribution of the North American power grid [44] and 
the Italian high-voltage (380 kV) electrical transmission network [50], 
which equal to 0.5 and 0.55, respectively. Therefore, the Chilean EPN 
can be classified as a single-scale network characterized by a degree with 
a fast decaying tail [78]. The separation of some nodes with larger de
grees is characteristic of the so-called “hubs” in the network. The two 
largest hubs correspond to “Charrua”, in the Biobío region, and “Car
dones”, in the Atacama region with degrees 28 and 18, respectively, 
implying a large connectivity relative to the median value of 2. 

Fig. 14 presents scatter plots between these TMs for the network. It is 
apparent that the highest correlation coefficients occur between entropy 
degree and electrical betweenness (R = 0.870), entropy degree and 
degree (R = 0.720), and degree and electrical betweenness (R = 0.622). 

Fig. 13. Geographical distribution of the 52 substations with betweenness 
centrality higher than 0.3. 
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This correlation provides an idea of consistency between network 
structural measures. The betweenness parameter also shows some 
interesting features. Plot (1,2) in Fig. 14 shows two clusters of nodes 
(green and yellow boxes) with similar degrees but very different 
betweenness. The yellow cluster presents higher betweenness values and 
includes 52 substations (Fig. 13). The two substations with the highest 
degree belong to this cluster in agreement with their higher number of 
neighbors and a higher probability that the shortest path passes through 
this node. However, other critical substations identified by betweenness 
centrality also have a low degree equal to 2, proving that for between
ness the central or peripheral location of a node is more relevant than 
the number of connections. A very similar observation is obtained by 
looking at plots (2,1) and (2,2), which correlate betweenness with en
tropy degree and electrical betweenness, respectively. Substations with 
the highest values of electrical betweenness and entropy degree are also 
identified as critical by the betweenness centrality. However, there are a 
few exceptions, given by substations “Ancoa” and “Seccionadora Lo 
Aguirre”, which are ranked as critical by the two extended TMs, but they 
do not lie on the yellow rectangular cluster of nodes with highest values 
of betweenness centrality. 

3.3. Seismic risk versus topological measures 

Previous research has shown that coupling of the grid network can be 

represented by the algebraic equation [79] YU = I, where U and I 
represent the bus voltage and injected current vectors; and Y is the 
network admittance matrix, which depends not only on the topology 
(structure) of the network but also on its electrical parameters. This 
equation implies that the criticality of electrical components identified 
by centrality measures are coupled with the electrical quantities. This 
Section evaluates such relationships by relating the earthquake affected 
power flow model results with those of the network structure. 

A summary of the correlation between network TMs and network 
performance is presented first. In Table 1, Pearson correlation co
efficients between TMs and risk analysis results, EALENS, EALENS, and 
EALhr, at the component level are shown together with the corre
sponding 95% confidence intervals. TMs consider only load substations 
since EAL values are only associated with this set of nodes. It is observed 
that most correlation coefficients are close to zero, with the highest 
absolute value being 0.25. Therefore, there is no clear linear correlation 
between TMs and EAL measures; however, a trend appears by looking at 
the sign of the coefficients. Negative signs, say, between the degree and 
the EALENS, or the degree and the EALhr, imply that the higher the de
gree, the lower the EALENS, and the lower the EALhr, as expected. Instead, 
positive signs between the minimum distance to a generation unit and 
EALENS, imply that the longest the minimum distance to a generation 
node, the larger EALENS, also as expected. Positive correlations for 
EALENS are due to its strong positive correlation with energy demand. 
Indeed, the higher the energy demand, the higher the EALENS (Fig. 10). 
Regarding closeness centrality, positive correlations, specifically the one 
with EALhr show that the closer a substation to all generation units, the 
higher the EALs. This is somewhat unexpected, but it suggests that for 
the Chilean EPN, adding new generation units may not be the most 
efficient solution to decrease EALs. The 95% confidence intervals 
confirm the lack of linear correlation between the corresponding 
relationships. 

Scatter plots between the six TMs and EALs are presented in Fig. 15. 
Pearson correlation coefficients and the median relationship for each 
parameter and EAL relationship (solid lines) are presented. The clearest 
trends are those with the node degree, and the largest the degree, the 
lower the EALENS and EALhr. Thus, a component with fewer connections 
tends to have larger EALs. Again, betweenness plots show the presence 
of the same hubs in the network with the 52 substations illustrated in 
Fig. 13. In all plots, the variability observed for a given TM is significant 
and hence, it conveys the idea that the structure of the EPN and 

Fig. 14. Relationships between four TMs for all substations; Pearson correlation coefficients and linear regression are also reported.  

Table 1 
Pearson coefficients and associated 95% confidence intervals (in brackets) be
tween the TMs and the risk analysis results. The “*” symbol denotes intervals 
that contain the zero value.   

EALENS  EALENS  EALhr  

Degree 0.188 [0.094, 
0.279] 

− 0.250 [− 0.338, 
− 0.158] 

− 0.238 [− 0.326, 
− 0.145] 

Betweenness 0.065 [− 0.031, 
0.160]* 

− 0.131 [− 0.224, 
− 0.035] 

− 0.124 [− 0.217, 
− 0.029] 

Entropy degree 0.210 [0.117, 
0.300] 

− 0.083 [− 0.178, 
0.012]* 

− 0.086 [− 0.181, 
0.010]* 

Electrical 
betweenness 

0.122 [0.027, 
0.216] 

− 0.166 [− 0.258, 
− 0.071] 

− 0.16 [− 0.252, 
− 0.065] 

Closeness 0.005 [− 0.091, 
0.101]* 

0.090 [− 0.006, 
0.184]* 

0.186 [0.092, 
0.277] 

Minimum 
distance 

− 0.023 [− 0.119, 
0.073]* 

0.195 [0.101, 
0.285] 

− 0.028 [− 0.123, 
0.068]*  

E. Ferrario et al.                                                                                                                                                                                                                                



Reliability Engineering and System Safety 217 (2022) 108040

12

centrality measures are not strongly correlated with the losses in 
network performance. This statement has several interpretations and 
some relevant exceptions, such as the negative correlation between the 
EALENS and the EALhr with the node degree and electrical betweenness. 
The shape of the scatter plots involving closeness centrality (last row of 

Fig. 15) may also suggest that generation units are well distributed and 
EALs are not strongly correlated with this measure. Trends in correlation 
are not obvious from these plots, which may imply a well distributed risk 
in the network. 

Given the larger correlation observed with the degree parameter, an 

Fig. 15. Relationships between TMs and EAL values; median values (solid lines) and Pearson correlation coefficients (R) are also reported.  

Fig. 16. Pearson correlation coefficients R, and linear regressions between the degree measure for values from 1 to 6 and the median of: (a) EALENS, (b) EALENS, and 
(c) EALhr. The 95% confidence intervals on the median EALs are also reported. 

E. Ferrario et al.                                                                                                                                                                                                                                



Reliability Engineering and System Safety 217 (2022) 108040

13

additional regression analysis was performed between the degree and 
the median values of the risk results. This was possible since degree 
values are discrete, as opposed to other TMs. Degrees higher than 6 have 
been neglected since they are associated with a small number of load 
substations (< 9) and the medians of the EAL values are not accurate. 
Fig. 16 presents the median values of the EALENS, EALENS and EALhr as a 
function of degree. Pearson correlation coefficients and linear re
gressions are also presented with their corresponding 95% confidence 
intervals. The correlation coefficients considering the median EAL 
values are considerably higher than reported earlier (Table 1). Results 
show that the higher the degree, the lower the median for the EALs. 
Then, from all the centrality parameters, the degree seems to be an 
important indicator to improve the EPN performance under severe 
earthquake actions. 

Shown in Fig. 17 are the TM rankings of 8 relevant load substations 
of the EPN according to their EALs. Four substations are the most critical 
with respect to EALENS and other 4 substations are the most important 

with respect to EALENS and EALhr. For each substation, the marker rep
resents the ranking order of a specific EAL and TM; higher values of all 
TMs are ranked first (in descending order), except for the minimum 
distance to a source which is ranked in ascending order. The plot on the 
right shows the geographical location of these substations, which belong 
mostly to the center/north of the country, and five are closer to the coast 
rather than the central valley. It is apparent that there is no strong 
consistency between the different rankings of the TMs and the EALs 
rankings. Indeed, with the exception for substation O’Higgins, which is 
within the first 28 critical load substations in terms of degree, 
betweenness, entropy degree and electrical betweenness, and substation 
Cardones, which is among the first 8 critical also in terms of the mini
mum distance, the other load substations do not seem to present high- 
ranking TMs. 

Among several factors, the lack of consistency between the different 
rankings may be the result of the integration of the network. It implies 
that the EALs do not occur only as a result of the structural properties 

Fig. 17. Comparison of TM and EAL rankings: a) ranking order of 8 relevant load substations of the EPN—markers indicate EALs and TMs; and (b) geographical 
distributions of these load substations. 

Fig. 18. Relationship between DCI and TMs considering all substations.  
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(topology) of the network, but rather depends on the characteristics of 
the energy flow model. Indeed, given the component redundancy pre
sent in the network, it is possible that the EPN can supply the required 
energy demand even when some of its components are unavailable. In 
other words, a given network structure with damaged components may, 
or may not, reach the energy supply and demand equilibrium point 
depending on the level of energy demand, not only on the current status 
of the network structure. 

EALs rank substations that are associated with energy demand. In 
order to extend this analysis to a complete ranking of substations, the 
Damage Consequence Index (DCI) [54] was also tested. The DCI is 
computed from the System Serviceability Index (SSI) that is a random 
variable that depends for each earthquake realization (scenario) k on the 
ratio between the energy supplied after the earthquake including po
tential damage, Pd

s , to that of the unperturbed system prior to the 
earthquake, Po

s , at the system level. SSI values range from 0 to 1, where 
SSI = 0 and 1 denote full loss of service and full functionality, 

respectively. SSI is computed only for the first hour after the earthquake 
and ignores the recovery process, and is defined as [54]: 

SSIk =

∑
n∈N

(
Pd

s

)

n∑
n∈N

(
Po

s

)

n

(13)  

and hence, the DCI of component n is given by: 

DCIn =
E[SSI] − E[SSI|Ln]

1 − E[SSI]
(14)  

where E[SSI] represents the expected value of SSI considering all 
earthquake realizations; and E[SSI|Ln] is the conditional expected value 
of SSI given that substation n has been damaged by the earthquake, i.e. 
considering a subset of earthquake realizations for which component n 
was damaged. DCI reflects a percentual reduction of SSI given the 
damage of component n. Thus, the larger the value of the DCI for 
component n, the higher the component criticality. 

Since DCI is computed for every substation, its relationships with the 
corresponding TMs are given in Fig. 18. The relationship between de
gree and DCI shows a positive correlation, which means that a compo
nent with higher degree has larger DCI. Such is the case because a 
component with a large number of connections usually leads to a larger 
mean impact if damaged. This is consistent with the relationship be
tween degree and EALENS (Fig. 15) for load substations. Note that this is 
not in contradiction with the relationships between the degree and the 
EALENS and EALhr (Figs. 15 and 16) that showed the importance of 
increasing the degree to reduce the EAL. Indeed, these are competing 
effects, since a substation with a high number of connections can pro
duce a strong impact on the system if damaged, but at the same time, if it 
is not damaged, still plays an important role in connecting the network 
to reduce the overall losses. Also, a positive correlation, though small, is 
observed between DCI and betweenness centrality. 

Fig. 19 shows a heat map of DCI values for the country. The color in 
each cell is computed by the average DCI of all substations within the 
cell. Lighter colors represent larger DCI values, i.e. more critical com
ponents, while darker colors less critical ones. The uniformity of colors 
for the complete map of the country reflects that all regions have certain 
critical components, while a larger density of such components is clearly 
observed in the mining region of the north, the metropolitan regions in 
central Chile, and a smaller cluster in the Concepcion and Arauco area in 
the south. Close-ups of these regions are also presented in the Figure to 
improve legibility. Maps with different cell sizes are also presented to 
better show these three clusters in the country. 

4. Conclusions 

This work sought to: (i) quantify seismic risk and resilience of the 
Chilean EPN exposed to earthquake hazard; and (ii) investigate which 
parameters of the structure of the network better correlate with earth
quake risk and identify critical nodes and network clusters of the Chilean 
EPN. Seismic risk and resilience evaluations were carried out at national, 
regional and component level by using the SPRA framework. MAFs of 
exceedance were obtained for: (i) the expected value of the annual ENS 
(EALENS); (ii) the expected value of the annual ENS normalized by the 
annual energy demand (EALENS); and (iii) the expected annual duration, 
in hours, of ENS (EALhr). Furthermore, this study sought to correlate the 
three EAL measures with the energy demand for each load substation. 

Seismic risk and resilience results at national level show that earth
quake risk of the Chilean EPN is characterized by an expected annual 
ENS (EALENS) near to 45 GWh, which is equivalent to approximately 6 h 
of blackout for the entire country at full capacity. Furthermore, the total 
expected number of hours with unsupplied energy (EALhr) in any sub
station is equal to 16.5 days. Qualitatively, these results are consistent 
with the impact after the 2010 Maule earthquake in Chile. At the 
component level, positive correlations occur between EALENS and energy 

Fig. 19. Heat maps of DCI with cell size equal to 0.07◦, on the left, and 0.15◦, 
on the right, and 0.025◦ in the close-ups. 

Table A.1 
Notation used in the formulation of the DC–OPF model.  

Notation  

Decision variables Variables 
f in
l,n: power flow through line l that enters 

node n [MWh]  
Dn: energy demand of substation n 
[MWh]  

fout
l,n : power flow through line l that leaves 

node n [MWh]  
Nisland: number of islands that may be 
generated  

LSn: load shedding (or ENS) of substation n 
[MWh]  

Phist
g : historical value of power 

generation of unit g [MW]  
Pg: power generated by unit g in one hour 

[MWh]  
uop

g : functionality of power generation 
unit g  

θn, θh : voltage angles of substations n and 
h at the end of line l  

uop
l : functionality of line l  

Parameters Sets 
cgen

g : cost of power generation [US$/MWh] 
of unit g  

G : set of power generation units  

cLS
n : service interruption cost [US$/MWh] 
of substation n  

G (n) set of power generation units 
connected to node n  

fmax
l : maximum capacity of line l [MW]  G

T: set of thermal power plants  
Pmax

g : nominal power generation capacity 
of unit g [MW]  

G
R: set of renewable power plants  

S0: base power, set to 100 MVA  N : set of substations  
xl: reactance of line l [p.u.]  N (l): set of end nodes of line l  

τloss: power loss factor  L : set of all lines  

θnisl
ref

: voltage angle of the reference node(s)  L (n): set of lines reaching node n   
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demand, showing that load substations with higher demand undergo 
higher energy losses. Positive correlation also occurs between EALENS 
and EALhr, showing that a load substation with higher percentage of ENS 
relative to its demand may also be affected by a longer period of oper
ational disruption. 

Topological centrality measures, degree, betweenness centrality, 
closeness centrality, minimum distance to a source, entropy degree and 
electrical betweenness were also computed and correlated with risk 
results at component level. In addition, DCI was obtained for all sub
stations and used as a proxy to identify substations that if damaged, lead 
to larger reductions of the system’s serviceability, and which 
geographical areas concentrate most critical components. Results sug
gest a well distributed risk in the Chilean EPN. It is concluded that 
component rankings differ depending on the EAL considered. Degree 
and betweenness identify the existence of hubs and structures present in 
the EPN. It is also shown that components identified as critical by TMs 

are not necessarily critical in terms of risk or DCI. 
It is concluded herein that TMs provide limited insight on the criti

cality of the current Chilean EPN subject to earthquake hazard. This is 
the case because the network structure does not account for important 
aspects of the hazard, energy flow model, and component fragilities. 
Among all TMs, and within a range of values, the best (linear) correla
tion is obtained between the degree and median values of the EALs. 
Thus, increasing the degree of the EPN may reduce the median of the 
EAL, which is an intuitive, but important result. It is also apparent that 
identical network structures, and hence identical TMs, located in 
different seismic settings will respond very differently. Consequently, 
network structure is not sufficient to capture risk, since it neglects 
important local aspects related to the seismic hazard and component 
fragilities. 

To the best of our knowledge, this is the first time seismic risk has 
been evaluated for the complete Chilean EPN with this level of detail. 
Moreover, the comprehensive evaluation of the correlation between 
several TMs and earthquake risk applied to the real EPNs is also novel. 
The EPN model developed can be sophisticated further by improving the 
detailed representation of the fragilities of the different network assets, 
which is a current aim of our research. Indeed, region-specific fragility 
functions and downtime functions, for EPN network assets, and the 
evaluation of the epistemic uncertainty at several stages of the seismic 
risk framework proposed should be evaluated in the future. Future work 
should also propose better metrics capable to better identify most crit
ical network assets in order to better support decision-making in pre
liminary earthquake risk assessments of the EPN, avoiding the more 
complex risk estimations. Also, aggregated EALs used in the analyses 
may also conceal relevant correlations and other risk and resilience 
metrics should be explored. We also recommend to compare these risk 
results with results from other national EPN models to possibly 

Fig. C.1. Historical hourly energy demand profile and the hourly energy generation profile obtained by simulation. Simple Moving Averages (SMAs) for a period of 
one week are also given. 

Table C.1 
Power generation aggregated for type of generation technology: comparison 
between historical data and simulation results.  

Sources of energy generation Historical data Simulation results 
GWh % GWh % 

Coal 28,340 38.36 25,296 34.24 
Water 21,768 29.46 20,755 28.09 
Natural gas 13,321 18.03 16,630 22.51 
Solar 3841 5.2 3800 5.14 
Wind 3490 4.72 3421 4.63 
Biomass 2456 3.32 3295 4.46 
Oil 614 0.83 634 0.86 
Geothermal 58 0.08 58 0.08 
Total power generation 73,888 100.00 73,890 100.00  
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generalize some of the observations presented herein. 
Finally, please note that risk and resilience values are strongly 

affected by the seismic capacity of network components, which have 
been considered homogeneous for the entire country. Indeed, fragility 
functions of substations and generation units are only differentiated by 
their voltage level and size, respectively, but no distinction was made 
based on geographical location, which seems to be a reasonable 
assumption given the enforcement of uniform seismic codes in their 
design and construction practice. 
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Fig. C.2. Historical (left) and simulated (right) hourly energy generation profiles from hydraulic-based power generation units (a and b); natural gas-based power 
generation units (c and d); and solar-based power generation units (e and f). 

Table C.2 
RMSE between the hourly generation profiles considering historical 
data and simulation results.  

Sources of energy generation RMSE [MWh] 

Natural Gas 1183 
Coal 515 
Oil 236 
Water 176 
Biomass 128 
Wind 17 
Solar 12 
Geothermal 0  
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Appendix A. Notation of the DC–OPF model 

In Table A.1, the notation used in the formulation of the DC–OPF model of Section 2.2 is reported. 

Appendix B. Chilean EPN 

In this Appendix, a synthesis of the data collection process of power generation units, substations, transmission lines and loads of the Chilean EPN is 
reported together with the associated limitations. Further details are presented elsewhere [60]. 

Data related to power generation was collected at the unit level since large power plants can be composed of several power generation units, which 
can operate with different types of fuel and costs. In total, 500 power generation units were identified in the country (2017) with an installed total 
power generation capacity of 21,900 MW, characterized by a matrix of primary energy sources: coal (18.6%), oil (15.6%), natural gas (18.5%), 
biomass (1.9%), water (30.6%), wind (5.1%), solar (9.5%), and geothermal energy (0.2%). Geographical coordinates of power plants are provided 
elsewhere [65,66]; electrical information, such as installed power generation capacity and connection substations, which are used by power plants to 
inject power into the grid, were retrieved from the Coordinator [65], whereas individual hourly energy generation profiles during 2017 and type of 
generation technology (i.e. fuel used) for each power generation unit, were taken from Energía Abierta [67], since historical power generation profiles 
were given only at a monthly resolution level in the database of the Coordinator. From the collected data, the total energy generated during 2017 
equals 73,888 GWh, which is consistent with the value reported in the Coordinator’s annual report of the EPN where the total energy generated is 74, 
222 GWh [80]. 

Information about the cost of power generation for each unit is required in the model. This cost is given by the sum of fixed and variable generation 
costs; however, since unit commitment has not been carried out, fixed generation costs were neglected in the analysis, and variable generation costs 
were calculated as indicated elsewhere [81]: 

cgen
g =

(
cvar f

g + cvar nf
g

)
(B.1)  

where cgen
g is the variable cost of generation of unit g and it is given in [US$/MWh], cvar f

g and cvar nf
g are the variable costs in (US$/MWh), associated 

with the fuel and with other materials and processes, respectively. 
A total of 994 substations have been identified for the year 2017; they include tap-offs that are small substations that allow simple connections from 

an electric line for energy withdrawal or power supply. Data collected for substations are geographical coordinates, voltage levels, and starting 
operation date. Four databases have been considered in this task since each of them was partially complete; as a result, an integrated unique and 
consistent database was built. The list of 994 substations has been determined considering the following data sources: (i) a substation database 
containing geographical coordinates and other technical information of most Chilean substations [65]; (ii) a load database providing the hourly load 
profile of substations [82]; (iii) a transmission line database illustrating the connections among substations [65]; and (iv) a power plant database 
showing the corresponding substations of connections [65]. Voltage levels of substations are detailed in the first database; however, since it has 
missing information, all substation voltage levels were obtained from the voltage levels of the connected lines. Starting operation date was required in 
the model to neglect substations that started operation after 2017. Finally, substation owners have also been identified, since different substations may 
have identical names, and hence the owner specifies uniquely these substations. 

The total 994 substations were connected by 1195 transmission lines. Each transmission line specifies substation names at both ends, their length, 
capacity, voltage, and reactance [65]; however, information was missing for some lines and a laborious process of identification of missing lines and 
their associated technical characteristics was carried out by analyzing a georeferenced map of the EPN components, and the electrical unilinear 
diagram [65]. In this diagram, technical information, such as line length, voltage, and capacity is reported. Capacity values are provided at different 
temperature conditions, which for this work uses 20 ◦C under the sun. Reactance values are given in Ohms, and they were transformed in per unit (p. 
u.) by dividing values by the line impedance. 

Substations are associated with loads that represent the total amount of energy demanded by consumers. Energy consumption is considered as a 
good proxy of the energy demand. Data of the hourly energy consumption for the year 2017 were retrieved from the Coordinator databases [82,83]. 
From the collected data, the peak in power reached 10 GW, and the total energy demand was 68,526 GWh. These values are sufficiently close to the 
ones informed by Coordinator’s annual report on the EPN performance, which are 10.4 GW and 67,396 GWh for the peak in power and total energy 
demand in 2017, respectively [80]. 

The data collection process was extensive and laborious. The main difficulties encountered were due to disperse data in many different sources, 
incomplete databases and lack of data, inconsistent databases, errors in data, and preprocessing of some data. Some assumptions were imposed 
because of missing data of geographical coordinates and technical (electrical) characteristics of components, and inconsistencies between substation 
names in different databases that made critical the identification of transmission lines. Approximations were also taken from the literature in case of 
not available information, such as the data related to the cost of power generation of each unit. 

Appendix C. Chilean EPN model validation 

In this Appendix, the validation of the Chilean EPN model is illustrated, with respect to the two conditions imposed on the model, i.e. (i) to satisfy 
the supply of historical energy demand; and (ii) to approximately reproduce the normal operation of the actual system, despite the inaccuracies in data 
and assumptions made. To verify these objectives, the DC–OPF model presented earlier was simulated every hour for a time window of one year, 
which amounts to 8760 h, in normal condition, i.e. without the occurrence of earthquakes. The model considered as input that provided by the 
collected historical data for the year 2017 and its output was the hourly energy generated from each power generation unit. 

Under normal conditions, power generation units are assumed to be always available to generate energy, except for those based on coal and 
renewable energy sources. Thermal power generation units using coal require a long (cold) startup time (up to 10 h) to enter into operation, while 
other units can switch on in minutes, or at most, half hour [84], which is shorter than the time step considered in this work. Therefore, given that unit 
commitment is not carried out, power generation units based on coal are also considered available on the basis of the historical energy generation 
profile. For the power generation units based on renewable energy sources, it is assumed that the maximum energy they can generate in a given hour is 
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equal to the energy historically produced in the same hour of the reference year (Phist
g in Eq. (5)), due to their intermittent and variable nature. Other 

assumptions involve the system’s topology and power generation costs. A fixed network structure over the entire reference year was considered, thus 
neglecting commercial operation dates of new components and planned maintenance activities. Furthermore, approximate power generation costs 
taken from available literature were employed. 

To verify that the built model does not cause ENS in normal condition, a comparison between the historical hourly energy demand profile and the 
simulated hourly energy generation profile was carried out, as illustrated in Fig. C.1; the Simple Moving Average (SMA) for a period of one week is also 
reported in the Figure. Both profiles show similar behavior, but the energy generation profile seems to be shifted up, providing higher values; this is 
due to power transmission losses accounted for by the factor τloss in Eq. (3). This result confirms that ENS does not occur in the simulation of the built 
EPN in normal operation condition, so the built model is capable to fully supply the historical energy demand in normal operation condition (condition 
(i) above). This is critical to ensure that, for an eventual earthquake scenario, the consequences on the EPN performance may only be attributed to the 
disruptive event. 

To verify that the built model can approximately reproduce the operation of the actual Chilean EPN in normal condition (condition (ii) above), the 
comparison between historical data and simulation results have been carried out with respect to the total (yearly) energy generated for each type of 
generation technology, as illustrated in Table C.1, where values are reported in descending order. Notice that the ranking of sources used for energy 
generation is the same for historical data and simulation results, and that the percentage values are quite similar. 

A comparison between historical and simulated hourly energy generation profiles by type of generation technology is presented in Fig. C.2. Strong 
similarities are found between the energy generation profiles related to renewable energy sources, but some differences appear between energy 
generation profiles for thermal energy sources. For illustration purposes, the (historical and simulated) energy generation profiles associated with 
water, natural gas, and solar sources are presented in the Figure. Table C.2 presents the Root Mean Square Error (RMSE) between the historical and 
simulated energy generation profiles by technology type, in descending order. It is apparent that the model predicts well the generation of water and 
solar power, but less accurately that of natural gas. The same conclusion is observed by looking at the results of Table C.2. 

Similarities and differences between historical and simulated energy generation profiles for the type of generation technology can be explained by 
the assumptions made in the simulation of the EPN in normal condition. In particular, power generation units based on renewable energy sources can 
generate in a given hour of the year a peak value equal to the historical energy generation; in addition, they have the lowest power generation costs. 
Therefore, the optimization problem prioritizes (maximizes) the energy generation from these sources, producing very similar energy profiles. Instead, 
thermal power generation units, except those based on coal that follow the historical energy generation, are not bounded by historical data. Also, they 
are always available and not constrained by ramp capacity and power reserves that are considered in the real EPN operation. Therefore, multiple 
solutions can be generated by the DC–OPF and each solution in a given hour is independent from the one of the previous hour, producing a cloud of 
points rather than a profile as illustrated in Fig. C.2(d). Finally, note that the DC–OPF model adopted in this work minimizes the costs of generation 
and the ENS neglecting the electricity market where different actors with different objectives can influence the energy generation and dispatch. 
Furthermore, safety criteria are not included, and hence, the power flow through lines is constrained only by line capacities. 

Although all these assumptions alter the power generation, the built model provides a good representation of the real Chilean EPN system. In the 
future, improvement in the model will be carried out by collecting more precise data and accounting for some neglected aspects, such as that of unit 
commitment and safety criteria. 
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[61] Wood AJ, Wollenberg BF, Sheblé GB. Power generation, operation, and control. 
John Wiley & Sons; 2013. 

[62] Stephen F, Rebennack S. An introduction to optimal power flow: theory, 
formulation, and examples. IIE Trans. 2016;48(12):1172–97. 

[63] Xia X, Elaiw AM. Optimal dynamic economic dispatch of generation: a review. 
Electric Power Syst. Res. 2010;80(8):975–86. 
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