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Abstract (150 — 200 words)

Accurate long-term risk and resilience assessment of bridges are of paramount importance to
aid rational decision-making under seismic hazards. There exist time-varying features within
both earthquakes and structural deterioration. It has been found that the occurrence of large
earthquakes is dependent on time due to energy accumulation, whereas the widely adopted
homogeneous Poisson process assumes the time-independent occurrence of hazards. Besides,
bridges can deteriorate over time due to environmental exposure, resulting in increased seismic
vulnerability. The time-varying characteristics associated with both earthquakes and
deterioration, which cause compound effects to structures, should be incorporated in long-term
seismic risk and resilience assessment. In this paper, an approach for assessing the long-term
resilience of bridges incorporating time-varying characteristics of earthquakes and deterioration
is proposed. The Brownian Passage Time (BPT) model capturing energy accumulation and
release is used to model time-varying characteristics of earthquakes. The bridge seismic
vulnerability is computed in a time-variant manner considering deterioration. Subsequently,
long-term bridge resilience is computed by considering earthquakes and deterioration occurring
during the entire service life of bridges. The proposed approach is illustrated on a highway

bridge under time-dependent seismic hazard and structural deterioration.
Keywords chosen from ICE Publishing list
Seismic engineering; Resilience; Corrosion; Risk & probability analysis.

List of notations

a(t) coefficient of the demand prediction model at time t

Apr(t) residual area of pit excluding uniform corrosion at time t (mm?)
b(t) coefficient of the demand prediction model at time t

BPT Brownian Passage Time

Cer critical chloride concentration (% weight of concrete)

Cs equilibrium chloride concentration at the concrete surface (% weight of
concrete)

Deio reference diffusion coefficient (cm?/year)

Dc diffusion coefficient for the deicing salt environment (cm?/year)
Di diameter of pristine reinforcing steel (mm)

erf Gaussian error function

Fe function of earthquake source

Fp function of earthquake path

Fs function of earthquake site

F(IM|t, DS)  fragility of the structure under IM and damage state DS at time t
GMPM ground motion prediction model

HPP homogeneous Poisson process
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PDF
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initial corrosion rate in current density (nA/cm?)

seismic intensity measure (g)

curing factor

environmental factor

natural logarithm of ground motion intensity

long-term resilience loss

earthquake mechanism

moment magnitude of the event

variable incorporating the densification of material
number of hazards within the investigated time horizon t.
pit depth at time t (mm)

probability density function

post-hazard time-variant functionality of the system under the earthquake

accruing at time t;

corr
Feorr(tp)
region
R

Rie
Ri(ti)
Sa(t,1M)

initial corrosion rate (mm/year)

mean corrosion rate at the time t, after initiating corrosion (mm/year)
region of the earthquake accruing

pitting factor

Joyner-Boore distance (km)

resilience loss index caused by the earthquake at time t;

median of seismic demand under given time t and IM (cm if the demand

is displacement)

STD

to
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Ti

Vs3o
Vii
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X
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Pops(t)
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A

o

&
the mean

standard deviation

concrete age at the time of conducting compliance test (years)
investigated recovery time horizon (days)

investigated time horizon of long-term resilience (years)

time of corrosion initiation for a specific scenario (years)
shear wave velocity averaged over top 30 m (m/s)
vulnerability of structures at the time of t;

width of the pit excluding uniform corrosion at time t (mm)
water-cement ratio of concrete material

inter-arrival time of the earthquake (years)

depth of cover concrete (cm)

basin depth (km)

coefficient of variation of the BPT model

coefficient of the fragility model at time t

coefficient of the fragility model at time t

annual occurrence rate of the event

standard deviation of the ground motion intensity

fractional number of standard deviations of the value of InY away from
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1. Introduction

Highway bridges represent an essential transportation infrastructure for economic and social
activities. Within the service life, bridges can suffer continuous deterioration due to corrosion
and sudden disruptions due to extreme events such as earthquakes, resulting in severe social
and economic consequences. From a long-term perspective, these consequences can be
accumulated due to multiple disruptions. To ensure the safety and functionality of bridges within
their prescribed service life, it is of vital importance to understand the long-term resilience of
bridges under both continuous deterioration and extreme events. Within the service life of
structures, earthquakes can occur with stochastic occurrence time and intensity. The
occurrence of earthquakes can be modelled using stochastic process models (Pandey and Van
Der Weide, 2017). The homogeneous Poisson process (HPP) is widely adopted for computing
long-term damage costs (Liu, Wen and Burns, 2004). In HPP, the mean occurrence rate is
assumed to be constant, and the occurrence of hazards is considered as independent from time
(Takahashi, Der Kiureghian and Ang, 2004). The simplicity of HPP may not well capture
stochastic characteristics of hazards (Pandey and Van Der Weide, 2017). Due to the
mechanism of energy accumulation and release, the occurrence of earthquakes is associated
with time-dependent features (Matthews, Ellsworth and Reasenberg, 2002). For instance, the
earthquake can occur when energy accumulation meets a critical state. The energy is released
after the earthquake, and a new cycle of rupture failure starts. Considering time-dependent
characteristics, the Brownian passage-time (BPT) renewal process can be used to model the
long-term occurrence of earthquakes (Matthews, Ellsworth and Reasenberg, 2002; Li, Dong,
Dan M Frangopol, et al., 2020). The time-dependent seismic renewal process model has not

been well incorporated in the long-term performance and resilience assessment of structures.

Bridges can be exposed to chloride environments. Chloride can penetrate concrete cover
and contact reinforcing steel initiating corrosion (Stewart and Al-Harthy, 2008). The corrosion
causes area loss of reinforcing steel and other secondary effects on structures, leading to time-
variant capacity. Deterioration is associated with time-variant characteristics, and it can
continuously increase the damage probability of bridges under earthquakes. Ghosh and Padgett

(2010) developed time-variant fragility curves considering corrosion. Then, the framework of
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seismic life-cycle cost assessment incorporating corrosion was developed (Shekhar, Ghosh and
Padgett, 2018). The deterioration process has not been well incorporated into the framework of

long-term seismic resilience assessment.

Resilience has received increasing attention in the decision-making process regarding
structural systems. Resilience is defined as the ability of systems to absorb disruptions and
recover to a satisfying functionality state (Timmerman, 1981). Frangopol and Bocchini (2011)
defined resilience index as the ratio of integration of time-variant functionality over investigated
time horizon to the total investigated time. Deco, Bocchini and Frangopol, (2013) developed a
probabilistic approach to quantify the time-variant functionality and resilience of bridges
considering uncertainties within the recovery process. Dong and Frangopol (2016) developed a
framework to assess the seismic resilience of bridges under flood effects. Minaie and Moon
(2017) developed a multistage framework to assess the resilience of bridges by incorporating
expert knowledge and lessons from previous experience. The effects of different seismic
intensity measures (IM) on probabilistic resilience have been assessed to support IM selection
(Qian and Dong, 2020). Most of the studies on seismic resilience only focus on a single hazard,
Dong and Frangopol (2015) proposed a framework to quantify seismic resilience under
mainshock and aftershock sequences. Kong and Simonovic (2019) developed an approach for
assessing the resilience of infrastructure systems considering interdependence among
infrastructure systems, multiple hazard interactions, and restoration strategies. Argyroudis et al.
(2020) proposed a framework to quantify the resilience of infrastructure under multiple hazards
incorporating vulnerability, recovery rapidity, and temporal variability. The studies on long-term
seismic resilience assessment are limited. Yang and Frangopol (2019) introduced the concept
of lifetime resilience and approaches based on the stochastic process were developed to
assess lifetime resilience. Li et al. (2020) developed a framework for assessing long-term
resilience under multiple natural hazards. The corrosion process can escalate the seismic
vulnerability of structures and affect long-term seismic resilience. The seismic resilience of
structures at different times was assessed considering deterioration (Capacci and Biondini,
2020). The seismic resilience loss can be accumulated within the service life of deteriorating

structures, due to the occurrence of multiple earthquakes and continuous corrosion.
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Overall, the long-term resilience assessment framework incorporating both deterioration
and time-dependent seismic processes has not been well developed. Specifically, the corrosion
process has not been coupled with the seismic process for assessing accumulated seismic
resilience loss within the service life of structures. Additionally, the effects of different stochastic
processes of deterioration and earthquake on statistical moments of resilience have not been
investigated. To address these issues, this study proposes a framework for long-term resilience
assessment considering seismic and deterioration processes. The seismic process is coupled
with the corrosion process to assess long-term accumulated resilience loss within the service
life of structures. The time-dependent features within deterioration and seismic processes are
considered for computing time-dependent fragility and modelling the occurrence of earthquakes,
respectively. The uncertainties associated with hazard intensity, hazard occurrence time,

structural damage, and corrosion can be incorporated in the developed framework.

The remainder of this paper is organized as follows. The deterioration process of structures
is introduced in section 2. The seismic processes are presented in section 3. The developed
long-term resilience assessment framework is illustrated in Section 4. An illustrative example is

presented in Section 5. Section 6 contains a summary and conclusions.

2. Deterioration process

To assess seismic vulnerability and resilience from a long-term perspective, understanding the
mechanism of deterioration is necessary. The deterioration is a continuous process occurring
within the service life of structures. The corrosion induced by the chloride exposure environment
can continuously affect the performance and resilience of structures (Akiyama, Frangopol and

Ishibashi, 2020).

2.1 Chloride exposure environment

The following considerations apply for boxes (1) and (2) in Figure 2. The practical chloride
exposure conditions typically include marine atmospheric environment, marine splash
environment, and deicing salt environment (Ghosh and Padgett, 2012). Corrosion initiation time

and rate of corrosion under these three exposure conditions are introduced in this study.
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Coastal bridges are exposed to the marine environment. Due to the existence of capillary
pores within concrete material, suction of chloride solution in concrete structural components
can happen. Then, the concentration of chlorides can be increased from water evaporation and
corrosion is initiated when these chlorides penetrate through cover concrete and contact with
steel (Choe et al., 2008; Shekhar, Ghosh and Padgett, 2018). A diffusion model can be adopted
to compute corrosion initiation time Timarine With respect to marine exposure as (Engelund,

Edvardsen and Mohr, 2000)

1

2 ey

2 . C (A-ng)

Ti marine = X n erf & = 1)
Y 4kekc DcI,O (tO) ¢ Cs

where x is the depth of cover concrete; Do represents reference diffusion coefficient; k. is the
curing factor; k. represents the environment factor; t; is the concrete age at the time of
conducting compliance test; ng is the variable incorporating the densification of material;, Cs
represents the equilibrium chloride concentration at the concrete surface; Ce is the critical

chloride concentration; and the erf is the Gaussian error function.

After the initiation of corrosion, the area of steel starts to reduce. The corrosion rate is
associated with uncertainties and it depends on different environments (Frangopol, Lin and
Estes, 1997). A time-variant corrosion rate model under marine exposure is expressed as (Vu

and Stewart, 2000)

37.8(1-w/c) ™%
X

[, (0) =0.0116i_,, (0) = 0.0116 @

(t,) =0.85r,, (O)t, % ®3)

rcorr

where icorr(0) is the initial corrosion rate in current density (in the unit of pA/cm?); w/c is the
water-cement ratio of concrete material; rer(0) is the initial corrosion rate (in the unit of

mm/year), and reon(tp) is the mean corrosion rate at the time t, after initiating corrosion.

In addition to marine atmospheric and marine splash environment, structures can be
exposed to deicing salt. For the transportation networks located in frozen regions, deicing salts

are spread on road networks to eliminate snow to ensure operational safety. Compared with the
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marine environment, deicing salt can normally cause severer corrosion of structures due to its
higher content of chlorides (Ghosh and Padgett, 2010). The corrosion initiation time with respect

to deicing salt environment can be expressed as (Enright and Frangopol, 1998)

-2
2
X 4,C.-C
Ti,deicing = erf ( 2 cr) (4)
4D . C,

where Dc is the diffusion coefficient for the deicing salt environment. The corrosion rate for this
environment can be obtained from experiments and observational measurements. The

probabilistic distribution of corrosion rate under deicing salt environment can be found in Enright

and Frangopol (1998).
2.2 Effects of corrosion

The following considerations apply for the box (3) in Figure 2. The effects of corrosion within
reinforced concrete structures can be summarized as area reduction of steel and secondary
effects. After the chlorides penetrate the concrete cover and contact with steel, area loss of
steel commences. Uniform corrosion and pitting corrosion are two widely adopted models to
characterize the area loss of steel. For uniform corrosion, area loss of reinforcing steel is
considered as uniform around the circumference of reinforcing steel. Under this consideration,
the residual area of rebar can be computed as (Enright and Frangopol, 1998; Shekhar, Ghosh

and Padgett, 2018)

% D’ fort<T,
/s ; i F
A®=17|D -2 [ Toorr (tp)dlt, | for 2[ 1, (t,)dt, <D 5)
T T
t
0 for D, < ZI Forr (t,)dE
Ti

where D; is the diameter of pristine reinforcing steel and T; represents the time of corrosion

initiation for a specific scenario.

In addition to uniform corrosion, deep pits along the length of corroded reinforcing steel

were reported in previous studies. The area loss due to pitting corrosion can be significantly
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larger than the area loss induced by uniform corrosion (Zandi Hanjari, Kettil and Lundgren,
2011). Thus, pitting corrosion should be appropriately modelled within the corrosion process
accompanied by uniform corrosion. The residual rebar area subjected to pitting corrosion can

be computed using a hemispherical pit model as follows (Ghosh and Sood, 2016)

w, (t)
2D,

Apa){l— H%(t)—%Df [0 ©

where wy(t) is the width of the pit excluding uniform corrosion; and Ape(t) is the residual area of
pit excluding uniform corrosion. These two parameters can be calculated using pit depth based

on geometric relationships.

The pit depth is calculated as

T

mo=Rj%”anp )

T

where p(t) is the pit depth; and R is the pitting factor. The relationship between uniform corrosion
(the depth of uniform corrosion) and pitting corrosion (the maximum pit depth) can be described
using the pitting factor. The spatial variability of pitting corrosion can be modelled through the
consideration of spatially variant pitting factors. The probabilistic distribution of pitting factors
can be determined from experiments. For instance, Extreme Value Type | Gumbel distribution
was found to be appropriate to describe the probabilistic distribution of maximum pit depth

within every 100 mm length rebar (Stewart and Al-Harthy, 2008).

In addition to area loss of steel, there exist some secondary corrosion effects on reinforced
concrete components (Shekhar, Ghosh and Padgett, 2018). For instance, the production of rust
lead to an increased volume of corroded steel, the crack of cover concrete appears due to
expansion, and loss of cover concrete strength occurs. Similarly, loss of core concrete strength
can occur as a result of the corrosion of transverse tie steel. Previous studies found that pitting
corrosion can lead to the reduction of yield and ultimate strength of steel (Du, Clark and Chan,
2005; Kashani, Crewe and Alexander, 2013). The effects of corrosion on structures including

loss of area of steel and other secondary effects can be modelled using finite element models.
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In addition to corrosion, the effects of multiple hazards on structures can also be modelled using

finite element models (Li, Dong, Dan M. Frangopol, et al., 2020; Argyroudis and Mitoulis, 2021).
3. Seismic hazard processes

In addition to the corrosion process, the seismic hazard can also affect functionality and
resilience within the service life of structures. For long-term performance assessment,
earthquakes accruing during the service life of structures should be considered. Within the
seismic hazard process, there exist uncertainties associated with both the arrival time of
earthquakes and hazard intensities. Earthquake occurrences are normally described using a
stochastic process based on historical events. In this section, two stochastic process models of

earthquakes including both stationary and nonstationary arrival processes are introduced.
3.1 Stationary arrival process: homogeneous Poisson renewal process

The following considerations apply for the box (5) in Figure 2. The homogeneous Poisson
process with stationarity is widely adopted to model the occurrence of earthquakes (Rackwitz,
2002). In this process, the mean occurrence rate is considered as a constant. The probability of

n events occurring within the time horizon ti: can be expressed as

PN (t;) = n] = i) e:f’(_ﬂt‘m) ,n=012,. (8)

where ) is the occurrence rate of the event. The homogeneous Poisson process can be
considered as a special case of the renewal process. A renewal process can be regarded as a
homogeneous Poisson process if an exponential distribution is used to describe the stochastic
inter-arrival time, namely the homogeneous Poisson renewal process. In this case, the

probability density function (PDF) of waiting time between two successive events is
f (%) = 2 eXp(=2x,,) ©)
3.2 Nonstationary arrival process: Brownian passage-time (BPT) renewal process

The following considerations apply for boxes (4), (5), and (6) in Figure 2. The homogeneous
Poisson renewal process adopts the assumption of a constant mean occurrence rate with the

time-independent occurrence of hazards. However, there can exist time-dependent features
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within the occurrence of earthquakes. For instance, a rupture can occur when the stochastic
load state process arrives at a certain failure state. The energy is released through the
earthquake, and a new cycle of energy accumulation starts. Due to the energy accumulation
and release process, the occurrence of earthquakes is associated with time-dependent
characteristics. In such a situation, the Brownian passage-time (BPT) renewal process with
nonstationary features can be used to predict the long-term occurrence of earthquakes in a
time-dependent manner (Matthews, Ellsworth and Reasenberg, 2002; Li, Dong, Dan M
Frangopol, et al., 2020). The BPT distribution is used to represent probabilistic inter-arrival time,

the PDF of BPT distribution is

2
f — H 1/2 _ (t_lu) 10
W(XW) (272'0(2t3) exp{ Z/JCZZt ( )

where x and o are the mean and coefficient of variation, respectively.

In addition to the uncertainty associated with the arrival of earthquakes, the earthquake
intensity can be uncertain for each event (Qian and Dong, 2020). For a given magnitude, the
seismic intensities are considered to follow lognormal distribution (Boore et al., 2014). The
ground motion prediction models (GMPMs) are widely adopted to predict the probabilistic
hazard intensity levels. The GMPMs provide medians and standard deviations conditioned on
earthquake scenario parameters, such as distance, magnitude, rupture mechanism, and others.

The GMPM (Boore et al., 2014) is expressed as
InY = F. (M, mech)+ F, (Ry;, M, region) + F (V,4,, Ryg, M, region, z,) + ea(M, Ry5, Vs4,) (12)

where InY is the natural logarithm of ground motion intensity; Fg, Fp, and Fs represent functions
of source, path, and site parameters respectively; M represents the moment magnitude of the
event; mech is the earthquake mechanism; Rys is the Joyner-Boore distance; the region is the
region of the earthquake accruing; Vs is the shear wave velocity averaged over top 30 m; z; is
the basin depth; ¢ is the fractional number of standard deviations of the value of InY away from

the mean; and o represents the standard deviation of the model.

4. Long-term resilience under compound earthquake and deterioration processes
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To assess long-term resilience, the threats affecting the functionality of structures within the
service life should be incorporated. Earthquakes can occur at a stochastic time within the
service-life of structures, resulting in a sudden drop in functionality. Furthermore, deterioration
due to chloride environment can escalate the damage probability of structures under
earthquakes. Thus, the seismic vulnerability should be computed in a time-variant manner
considering the deterioration process. Then, long-term resilience can be assessed based on
time-variant seismic vulnerability and earthquake processes. The detailed approach is

introduced as follows.
4.1 Time-variant seismic vulnerability

The following considerations apply for boxes (7), (8), and (9) in Figure 2. Structures can
deteriorate over time, and the demand and capacity of structures can be time-variant, leading to
time-variant seismic vulnerability. To assess seismic vulnerability, both probabilistic seismic
demand and capacity should be updated from time considering corrosion. The median of
seismic demand considering its evolution from time can be written as (Dong, Frangopol and

Saydam, 2013)
In(S, (t,IM)) =a(t)+b(t)-In(IM) (12)

where IM is the seismic intensity measure; Sq4(t,IM) is the median of seismic demand under
given time t and IM; and a(t) and b(t) are the coefficients of the demand prediction model at time

t.

For time-variant capacity, the pushover analysis can be performed to determine the
capacity of the column under corrosion. Once the probabilistic distributions of structural demand
and capacity are determined, a set of demand and capacity samples with respect to different
structural components can be generated. The structural system-level binary survive-failure
vector can be computed by comparing demand and capacity samples. By using seismic IM and
system-level binary survive-failure vector as input, logistic regression can be performed to
develop time-variant fragility model of structures (Shekhar, Ghosh and Padgett, 2018; Qian and
Dong, 2022). The time-variant fragility model is expressed as (Shekhar, Ghosh and Padgett,

2018)
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351 F(IM |t,DS) =
1l+e

(13)

352 where F(IM|t,DS) represents the fragility of the structure under IM and damage state DS at time t;
353  and Bops(t) and Bimps(t) are the coefficients of the logistic regression at time t. The procedures of

354  developing time-variant fragility are presented in Figure 1.
355 4.2 Long-term resilience assessment

356  The following considerations apply for boxes (10), (11), and (12) in Figure 2. Based on the
357 concept of resilience loss (Bocchini et al., 2014; Yang and Frangopol, 2019), the resilience loss

358 index is defined as

t, -100% LH Q(t|t,)dt

359 R (t.)= n (14)
h

360 where R.(t) is the resilience loss index caused by the earthquake at time t t, is the
361 investigated recovery time horizon; and Q(t|t)) is the post-hazard time-variant functionality of
362  the system under the earthquake accruing at time t. As indicated in Eq. 14, time-variant
363 functionality of the system is essential for computation of resilience loss. To illustrate the
364 proposed framework, this study adopts a cumulative distribution function to model the time-
365  variant functionality of bridges (ATC, 1999; HAZUS, 2010). There also exist some other time-
366  variant functionality models to describe the recovery process, such as the stepwise model
367 (Padgett and DesRoches, 2007), the six-parameter probabilistic restoration model (Deco,
368  Bocchini and Frangopol, 2013), and exponential model (Chang and Shinozuka, 2004). Given
369 different time-variant functionality models incorporating different aspects, the results of
370 resilience loss can be updated using the proposed framework. Given the occurrence time and
371 intensity of earthquakes from seismic process model, the probabilities of bridges being in each
372 damage state can be computed based on the time-variant fragility model. The expected time-
373  variant functionality is calculated as the sum of weighted functionalities associated with each

374  damage state, using the corresponding probabilities as weightings.

10
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Several earthquakes may occur during the service life of structures. The long-term
resilience loss can be computed as the accumulation of all potential resilience losses within the

investigated time horizon as (Yang and Frangopol, 2019)

Ny (t)
L= > R.(t) (15)
k=1

where Lg is the long-term resilience loss; t. is the investigated time horizon; and Nx(t.) is the

number of hazards within the investigated time horizon.

This study proposes a framework for long-term resilience assessment considering
compound earthquake and deterioration processes. The developed framework is presented in
Figure 2. As illustrated, the framework consists of four components: deterioration process
module, hazard process module, time-variant fragility module, and long-term resilience loss
module. In the deterioration process module, primary and secondary effects of corrosion on
structures (Egs. 5-7) are modelled given the environmental exposure (Egs. 1-4) and
corresponding probabilistic parameters. In the hazard process module, the occurrence of
earthquakes in a long-term perspective is modelled using stochastic process theory (Egs. 8-10),
and the probabilistic hazard intensity can be computed from the ground motion prediction model
(Eq. 11). The time-variant seismic fragility incorporating corrosion effects is developed
considering time-variant demand and capacity (Eqs. 12-13). By using the above three modules,
the computation of long-term resilience can be formulated. A set of earthquake events with
stochastic occurrence time and intensity are simulated from the hazard process module (Egs. 8-
11). Then, the time-variant functionality and resilience loss under simulated events can be
computed (Egs. 13-14). Finally, long-term resilience loss can be computed as the accumulation
of resilience losses within the investigated time horizon (Eq. 15). An illustrative example of long-

term resilience under seismic and deterioration processes is shown in Figure 3.
5. lllustrative example

To assess long-term resilience, the corrosion effects on bridges should be modelled based on
identified exposure environment. Then, time-variant fragility is computed considering time-
variant demand and capacity. A set of earthquake realizations with stochastic occurrence time

and intensity is simulated from the earthquake process model. Finally, the long-term resilience

11
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loss is computed by accumulating resilience losses induced by all potential events within the

investigated time interval.

Shekhar, Ghosh and Padgett, (2018) modelled the effects of corrosion on bridges including
pitting corrosion and other secondary effects, and both demand and capacity models were
developed in a time-variant manner. The time-variant fragility model under deicing salt exposure
conditions (Shekhar, Ghosh and Padgett, 2018) is adopted in this case study. The fragility
curves associated with slight, moderate, extensive, and complete damage states for the pristine
bridge are presented in Figure 4. By considering deterioration, the time-variant fragility curves
for the complete damage state are illustrated in Figure 5. As indicated, the pristine bridge is
associated with the lowest damage probability, and the damage probability increases
significantly over time. The deterioration process can significantly affect the seismic vulnerability

of bridges.

Multiple earthquakes can occur during the service life of structures. The stochastic
occurrence time of earthquake serves as the input of time-variant fragility. In the meanwhile, the
seismic intensity can be random for each earthquake event, and probabilistic seismic intensity
can be computed using the ground motion prediction model (Boore et al., 2014). Given the
information of occurrence time and intensity of hazard, vulnerability can be computed from the
time-variant fragility model. Then, resilience losses for all earthquakes occurring within the
investigated time horizon can be computed, and long-term resilience loss is obtained by
accumulating all the resilience losses. To incorporate the uncertainties associated with the
occurrence time of earthquakes, deterioration, and seismic intensity, the simulation method is
used in this study to compute probabilistic long-term resilience loss. The earthquake magnitude
is considered as 7.5. The corresponding parameters associated with seismic processes are
adopted from Pandey and Van Der Weide (2017). An illustrative realization of long-term
resilience simulation is shown in Figure 6. The earthquakes can occur at time t, t, ts,..., and t,
where the inter-arrival time Wi, W,, Ws,..., and Wy can be generated from probabilistic
distribution associated with the renewal process. Considering deterioration, the vulnerability of
structures at the time of different earthquake events can be determined from the time-variant

fragility model as Vu, Vi, Vg,..., and V. The resilience loss Ri(t1), Ri(t2), Ri(t3),..., and Ri(t)
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associated with all earthquakes can be computed. Finally, long-term resilience loss is computed
by the accumulation of all resilience losses. A total of 5x10° simulations are carried out to

compute probabilistic long-term resilience loss.

In this study, the effects of the corrosion process and different earthquake processes (e.g.,
HPP and BPT) on long-term resilience loss are investigated. The PDFs of inter-arrival time
associated with HPP and BPT are presented in Figure 7. Different distribution shapes are
observed, different seismic processes can significantly affect the probabilistic distribution of
inter-arrival time. The mean values and standard deviations of long-term resilience loss under
different process combinations are illustrated in Figures 8 and 9, respectively. By considering
both corrosion and earthquake processes, the mean of long-term resilience loss associated with
long period increases significantly compared with those associated with the earthquake process.
The standard deviation of long-term resilience loss under both corrosion and earthquake
processes is higher than the one under a sole earthquake process, indicating a larger level of
uncertainty. The corrosion process induces additional uncertainty for long-term resilience. Under
the same corrosion process, HPP and BPT produce different results in terms of the mean and
standard deviation of long-term resilience loss. The statistical moments of long-term resilience
loss under a time horizon of 75 years are presented in Table 1. The significant difference of
statistical moments of long-term resilience loss is observed by using different process models.
These results highlight the importance of considering the deterioration process as well as
choosing an appropriate earthquake process model for long-term resilience assessment. As
indicated previously, HPP is a stationary process with a constant mean occurrence rate, and the
occurrence of hazards is considered as time-independent. The BPT process model is a
nonstationary model which incorporates the consideration of energy accumulation and release
process. The time-variant characteristics of the occurrence of earthquakes can be modelled

using the BPT model.
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Table 1. Statistical moments of long-term resilience loss under time horizon of 75 years

Dependence model Mean STD Skewness Kurtosis
HPP 0.12 0.15 2.10 8.63
BPT 0.10 0.12 2.27 9.37
HPP; corrosion 0.30 0.32 1.43 5.30
BPT; corrosion 0.27 0.25 1.07 3.79

The workflow of long-term resilience loss assessment with respect to boxes of Figure 2 is

listed in Table 2.

Table 2. workflow of long-term resilience loss assessment

The number of boxes workflow Equations
(1) Determine exposure environment
(2) Determine exposure environment parameters (D-4)
3) Model corrosion effects (5)-(7)
4) Identify earthquake scenario
(5) Determine stochastic process of earthquakes (8)-(10)
(6) Determine ground motion prediction model (11)
7 Assess time-variant seismic demand (12)
(8) Assess time-variant seismic capacity
9) Develop time-variant seismic fragility model (13)
(10) Simulate stochastic earthquake events (8)-(11)
(12) Compute functionality and resilience loss (13)-(14)
(12) Compute long-term resilience loss (15)

This study focuses on developing a general framework for long-term resilience assessment
under seismic and deterioration processes. Resilience can be assessed periodically. For
instance, the data from periodic inspections and structural health monitoring can be used to
update the resilience timely. The resilience assessment can also be updated after each extreme

event (e.g., earthquake) by incorporating the post-event structural effects.
6. Conclusions

This study develops a framework for long-term resilience assessment of structures under time-
dependent seismic and deterioration processes. The effects of the deterioration process on
structures lead to time-variant seismic demand and capacity. The time-variant fragility model
can be developed considering the deterioration process. Two earthquake process models are
introduced, namely HPP and BPT. The occurrence time and intensity of earthquakes within the

investigated time horizon can be simulated from the stochastic process model and ground
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motion prediction model, respectively. Based on the earthquake process model and time-variant
fragility model, long-term resilience loss can be computed by accumulating the resilience losses
induced from all earthquakes within the investigated time horizon. The obtained results can
benefit decision-making and adaptation measures in real-life problems. In the design stage,
structures can be optimized based on the considered long-term resilience threshold. In the
operational stage, the decision can be made to select the optimal adaptation measure (e.g.,
retrofit) based on quantified long-term resilience. When risk aversion is considered within the
decision-making of structures, the decision-makers can consider different decision attitudes by
using high order moments of long-term resilience (e.g., variance, skewness, and kurtosis),

which can be computed from probabilistic distribution. The following conclusions are drawn:

e The deterioration process can significantly increase the seismic vulnerability and long-term
resilience loss within the service life of structures. The consideration of the deterioration

process is of vital importance for accurate long-term resilience assessment.

e By considering the deterioration process, a larger amount of uncertainty for long-term
resilience loss is observed compared with the case associated with a sole earthquake

process.

e The stationary model HPP adopts the assumption of time-independent occurrence of
hazards. However, the time-dependent features of the occurrence of earthquakes can be

modelled by the BPT process model.

e The difference between the statistical moments of long-term resilience loss is large by
using different earthquake process models, indicating the importance of appropriate
modelling of time-dependent characteristics of hazard and choice of the hazard process

model.

e The developed approach contributes to the resilience assessment in a long-term
perspective, incorporating time-varying characteristics associated with both earthquakes
and deterioration. The uncertainties associated with the occurrence time of hazard, hazard

intensity, deterioration, and structural damage are incorporated in the developed framework.
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