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Abstract. Civil structures and infrastructure systems are expected to be resilient during their service
lives, i.e., they have the ability to be in readiness for, to absorb, recover from and adapt to disruptive
events. This is particularly the case when considering the potential impacts of climate change, which
may lead to non-stationary natural hazards in the future. Moreover, the presence of concurrent multi-
ple hazards may result in more severe performance reduction to structures/infrastructures, compared
with the occurrence of single hazards. In this paper, we will discuss the time-dependent resilience
assessment of structures and infrastructure systems exposed to the impacts of concurrent multiple
hazards in a changing climate. The interaction between different types of hazards is reflected through
the mutual dependency between the performance functions associated with these hazards. We will
also address the relationship between the time-dependent resilience and the performance concern in-
dex (PCI). Finally, an example is presented to demonstrate the assessment method for time-dependent
resilience.

1 INTRODUCTION
Natural hazards are among the major threatening factors for the safety and serviceability of civil

structures and infrastructure systems during their service lives [1, 2]. The “resilience” of an object
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(e.g., an individual structure, or an infrastructure system consisting of multiple facilities) quantitatively
measures the object’s ability to withstand, recover from and adapt to the effects of hazardous events.
The resilience is typically measured by the integral of performance function within a reference period
of interest [3, 4, 5]. A dimensionless measure for resilience, denoted by 𝑅𝑒, was proposed in [6] as
follows,

𝑅𝑒 =
1

𝑡2 − 𝑡1

∫ 𝑡2

𝑡1

𝑄(𝑡)𝑑𝑡 (1)

where 𝑄(𝑡) is the performance function of an object at time 𝑡, varying between 0 and 100%, 𝑡1 is the
occurrence time of a hazardous event, and 𝑡2 is the time to full recovery (or a user-defined reference
time [7]). A generalized resilience measure takes a form of the following [8],

𝑅𝑒 = 𝑓 −1
[

1
𝑡2 − 𝑡1

∫ 𝑡2

𝑡1

𝑓 (𝑄(𝑡))𝑑𝑡
]

(2)

where 𝑓 (𝑥) (𝑥 ∈ [0, 1]) is a monotonic generating function. If 𝑓 (𝑥) ≡ 𝑥, 𝑅𝑒 in Eq. (2) reduces to
that in Eq. (1). Consider the time-dependent resilience of an object (structure or infrastructure) within
a reference period of [0, 𝑡sl], denoted by 𝑅𝑒 (0, 𝑡sl) (the term “time-dependent” emphasizes that the
resilience is dependent on the time duration under consideration). Extending the model in Eq. (2)
with the generating function being 𝑓 (𝑥) = ln 𝑥, the resilience is as follows [8],

𝑅𝑒 (0, 𝑡sl) = exp
[

1
𝑡sl

∫ 𝑡sl

0
ln𝑄(𝑡)𝑑𝑡

]
(3)

Note that the performance function 𝑄(𝑡) in Eq. (3) is a stochastic process, with which 𝑅𝑒 (0, 𝑡sl) is
a random variable. To achieve a scalar measure, in this paper, we define the resilience as the mean
value of 𝑅𝑒 (0, 𝑡sl) in Eq. (3), denoted by Res(0, 𝑡sl), that is,

Res(0, 𝑡sl) = 𝜇
{
exp

[
1
𝑡sl

∫ 𝑡sl

0
ln𝑄(𝑡)𝑑𝑡

]}
(4)

where 𝜇( ) denotes the mean value of the variable in the brackets.
The performance function 𝑄(𝑡) is essentially affected by the hazardous events. Many types of nat-

ural hazards display non-stationary characteristics in terms of occurrence frequency and/or magnitude
due to the potential impacts of climate change [9]. For example, Ref. [10] projected that the future
wind hazard will decrease in Northern Australia, but will increase along the East Coast.

In-service structures and infrastructures are often exposed to the impacts of concurrent multiple
hazards [11, 12], instead of single hazard types. The interdependencies of the hazard-induced damag-
ing effects on structures and infrastructures need to be adequately addressed in resilience assessment.
Ref. [13] reviewed 17 representative approaches to climate and disaster resilience measurement, and
revealed the lack of existing resilience practices that account for the interactions of multiple hazards.

In this paper, we discuss a novel approach for time-dependent resilience assessment of structures
and infrastructure systems that are subjected to multiple hazards in a changing climate. The method
takes into account the mutual dependency of performance functions associated with different hazard
types. We will also discuss the inherent relationship between resilience and the “performance concern
index” measuring the asset owner/decision-maker’s concern arising from non-full performance (i.e.,
𝑄(𝑡) < 1). The applicability of the resilience method is illustrated through an example.

2



Cao Wang, Bilal M. Ayyub, Hao Zhang and Michael Beer

2 RESILIENCE MEASURE CONSIDERING MULTIPLE HAZARDS
In the presence of totally 𝑚 types of hazards (where 𝑚 is a positive integer), the individual per-

formance associated with the 𝑖th hazard type is denoted by 𝑄𝑖 (𝑡) for 𝑖 = 1, 2, . . . 𝑚. The integrated
performance considering the combined effects of the𝑚 types of hazards, denoted by𝑄mul(𝑡), is depen-
dent on the joint behaviour of𝑄1(𝑡), 𝑄2(𝑡), . . . 𝑄𝑚 (𝑡), and is expressed as follows based on a properly
defined function 𝜓,

𝑄mul(𝑡) = 𝜓(𝑄1(𝑡), 𝑄2(𝑡), . . . 𝑄𝑚 (𝑡)) (5)

In Eq. (5), 𝑄mul(𝑡) takes a value between 0 and 100%, and 𝑄mul(𝑡) ≤ 𝑄𝑖 (𝑡) holds for any 𝑖. In this
paper, we consider the following formulation of 𝑄mul(𝑡) (i.e., 𝜓 =

∏
),

𝑄mul(𝑡) =
𝑚∏
𝑖=1

𝑄𝑖 (𝑡) (6)

The determination of each 𝑄𝑖 (𝑡) is dependent on the specific type of hazard and post-hazard damage
state of an object, and is generally representative of the asset owner/decision-maker’s attitude towards
the hazard-induced residual performance.

One numerical example of applying Eq. (6) is presented in Fig. 1, considering two performance
functions𝑄1(𝑡) and𝑄2(𝑡) corresponding to two hazard types. A type-one hazard occurs at time 𝑡 = 1,
and a type-two hazard occurs at time 𝑡 = 2. The recovery duration in the aftermath of both events is
2 (i.e., from 𝑡 = 1 to 3 in Fig. 1(a), and from 𝑡 = 2 to 4 in Fig. 1(b)). The integrated performance
function, 𝑄mul(𝑡), is dependent on the joint behaviour of 𝑄1(𝑡) and 𝑄2(𝑡), as shown in Fig. 1(c). For
example, when 𝑡 ∈ [2, 3], 𝑄1(𝑡) = 𝑄2(𝑡) = 0.5, yielding 𝑄mul(𝑡) = 𝑄1(𝑡) · 𝑄2(𝑡) = 0.25.

In Eq. (4), replacing𝑄(𝑡) with𝑄mul(𝑡) in Eq. (6) yields the resilience considering multiple hazards,
Resmul(0, 𝑡sl), as follows,

Resmul(0, 𝑡sl) = 𝜇
{

exp

[
1
𝑡sl

𝑚∑
𝑖=1

∫ 𝑡sl

0
ln𝑄𝑖 (𝑡)𝑑𝑡

]}
(7)

In Eq. (7), if the two performance functions 𝑄1(𝑡) and 𝑄2(𝑡) are statistically independent, it follows
that,

Resmul(0, 𝑡sl) =
𝑚∏
𝑖=1

Res𝑖 (0, 𝑡sl) (8)

in which Res𝑖 is the resilience considering the 𝑖th hazard only (evaluated by substituting 𝑄𝑖 (𝑡) into
Eq. (4)), 𝑖 = 1, 2, . . . 𝑚. Eq. (8) suggests that, if not considering the mutual dependency between
different hazard types, the resilience considering multiple hazards equals the multiplication of the
resiliences associated with each hazard type. This observation is consistent with the results in [14].
Illustratively, for the three scenarios in Fig. 1(a–c), based on the three trajectories of performance
function, the resiliences for [0, 6] are 0.794, 0.794 and 0.630, respectively (note that 0.794 × 0.794 =
0.630), according to Eq. (3).

Note that Eq. (8) does not necessarily hold if considering the mutual dependency between different
performance functions. For the case in Fig. 1, at time 𝑡 = 2 when the type-two hazard occurs, if
the recovery process is postponed due to the recovery associated with the type-one hazard being in
progress, and is resumed at 𝑡 = 3, the “updated” performance function for the type-two hazard, denoted
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Fig. 1. Time-variation of performance functions. (a) 𝑄1(𝑡). (b) 𝑄2(𝑡). (c) 𝑄mul(𝑡).
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Fig. 2. Time-variation of performance functions considering dependence of𝑄2(𝑡) on𝑄1(𝑡). (a)𝑄1(𝑡).
(b) 𝑄∗

2(𝑡). (c) 𝑄∗
mul(𝑡).

by 𝑄∗
2(𝑡), is presented in Fig. 2(b). Correspondingly, the integrated performance function is affected

by𝑄∗
2(𝑡), denoted by𝑄∗

mul(𝑡) (where the asterisk symbol accounts for the consideration of dependency
of 𝑄2(𝑡) on 𝑄1(𝑡)). The graph of 𝑄∗

mul(𝑡), which equals 𝑄1(𝑡) · 𝑄∗
2(𝑡), is plotted in Fig. 2(c).

Based on the trajectory in Fig. 2(c), the resilience over [0, 6] is evaluated according to Eq. (3) as
0.561. This is smaller than that associated with Fig. 1(c), implying the impact of performance function
dependency on resilience.

Taking into account the mutual dependency between different performance functions,𝑄𝑖 (𝑡) is mod-
ified as𝑄∗

𝑖 (𝑡) for 𝑖 = 1, 2, . . . 𝑚 (𝑄∗
𝑖 (𝑡) ≡ 𝑄𝑖 (𝑡) if the 𝑖th performance function is not affected by others;

see, e.g., 𝑄1(𝑡) in Fig. 2(a)), and Eq. (7) is rewritten as follows,

Resmul(0, 𝑡sl) = 𝜇
{

exp

[
1
𝑡sl

𝑚∑
𝑖=1

∫ 𝑡sl

0
ln𝑄∗

𝑖 (𝑡)𝑑𝑡
]}

(9)

Eq. (9) presents a method for resilience assessment in the presence of multiple hazards. It has been
built on the multiplication-based definition of 𝑄mul(𝑡) in Eq. (6), and can be extended to fit other
definitions in Eq. (5). Note that in Eq. (9), the consideration of climate change impacts on hazardous
events can be reflected in the evaluation of each 𝑄∗

𝑖 (𝑡), and subsequently in the resilience measure
Resmul(0, 𝑡sl).

3 RELATIONSHIP BETWEEN RESILIENCE AND PERFORMANCE CONCERN INDEX
First, we define the “performance concern index” (PCI), which measures an asset owner/decision

maker’s concern about the performance of an object (e.g., structure or infrastructure), 𝑄(𝑡). The PCI

4
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at time 𝑡, denoted by C(𝑡), takes a form of

C(𝑡) = − ln𝑄(𝑡) = ln
1

𝑄(𝑡) (10)

The PCI in Eq. (10) satisfies the following three conditions simultaneously.

1. A state of full performance (i.e., 𝑄(𝑡) = 100%) leads to no concern.
2. A smaller value of 𝑄(𝑡) means greater concern (i.e., C(𝑡) is a decreasing function of 𝑄(𝑡)).
3. For two independent performance functions, the total amount of concern equals the sum of the

concerns associated with the individual performance functions.

One can further show that there is a unique function that satisfies all the three conditions as men-
tioned above, up to a multiplicative scaling factor.

Denote Cmul(𝑡) = − ln𝑄mul(𝑡). The average PCI over [0, 𝑡sl], Cmul, is evaluated according to

Cmul =
1
𝑡sl

∫ 𝑡sl

0
Cmul(𝑡)𝑑𝑡 (11)

Based on Eqs. (9) and (11), it follows that,

Resmul(0, 𝑡sl) = 𝜇
[
exp

(
−Cmul

)]
(12)

Motivated by Eq. (12), we can interpret the resilience problem from an asset owner/decision-
maker’s concern about the performance function of an object (structure or infrastructure) over its life
cycle. Let nResmul(0, 𝑡sl) be the time-dependent nonresilience for a reference period of [0, 𝑡sl], which
equals 1 − Resmul(0, 𝑡sl). An equivalent form of Eq. (12) is as follows,

nResmul(0, 𝑡sl) = 𝜇
[
1 − exp

(
−Cmul

)]
= 1 − 𝜇

[
exp

(
−Cmul

)]
(13)

In Eq. (13), if Cmul ≈ 0 (e.g., a well-designed and maintained structure/infrastructure system that
raises little concern), we have,

nResmul(0, 𝑡sl) ≈ 𝜇(Cmul) (14)

which implies that the nonresilience can be approximated by the mean value of the average PCI over
a service period of interest.

4 EXAMPLE
In this section, a numerical example, as adopted from [15] with modification, is used to demonstrate

the applicability of the resilience model in Eq. (9), and to quantify the impact of performance function
dependency on resilience.

Consider a structure subjected to two types of natural hazards, denoted by H1 and H2. The associ-
ated performance functions are𝑄1(𝑡) and𝑄2(𝑡), respectively. For simplicity, assume that the statistics
of the hazards and their damaging effects on the structure are identical. For each hazard type, the oc-
currence is modeled by a non-stationary Poisson process with an occurrence rate of 𝜆(𝑡) = 𝑐0 + 𝑐𝜆𝑡
(in year−1), in which 𝑐0 is the occurrence rate at the initial time, and 𝑐𝜆 is a constant representing
the changing rate of 𝜆(𝑡) (note that 𝑐𝜆 = 0 results in a stationary occurrence process of the hazards).

5



Cao Wang, Bilal M. Ayyub, Hao Zhang and Michael Beer

Conditional on the occurrence of a hazardous event (either type) at time 𝑡, the remaining functionality
(performance) becomes𝑄𝑟 times the state immediately before the hazard occurrence. Assume that𝑄𝑟
follows a Beta distribution with a mean value of 𝜇𝑄 (𝑡) (a function of time) and a coefficient of vari-
ation (COV) of 0.2. The recovery of functionality immediately after the occurrence of a hazardous
event is linear. The recovery rate, 𝐾 , is dependent on 𝑄𝑟 (i.e., the severity of performance reduction)
and resourcefulness, and is expressed as 𝐾 = 𝜉 · (0.2 + 2𝑄𝑟) (in year−1), in which 𝜉 is a constant that
reflects the resourcefulness for the recovery process. A reference period of 50 years is considered in
this example.

In order to reflect the dependency between the two performance functions, 𝑄1(𝑡) and 𝑄2(𝑡), the
following three types of dependency are considered.

• Type 0, 𝑄1(𝑡) and 𝑄2(𝑡) are mutually independent.
• Type 1,𝑄2(𝑡) is affected by𝑄1(𝑡) only. Immediately after the occurrence of an H2 event causing

reduced𝑄2(𝑡), the remaining functionality is further reduced by a factor of 𝜂𝑞, and the recovery
process for 𝑄2(𝑡) is postponed if another recovery associated with H1 is in progress.

• Type 2, 𝑄1(𝑡) and 𝑄2(𝑡) affect each other. Immediately after the occurrence of an H𝑖 event
causing reduced 𝑄𝑖 (𝑡) (𝑖 = 1, 2), the remaining functionality is further reduced by a factor of
𝜂𝑞, and the recovery process for 𝑄𝑖 (𝑡) is postponed if another recovery associated with 𝑄 𝑗 (𝑡)
( 𝑗 = 3 − 𝑖) is in progress.

Fig. 3 shows the time-dependent nonresilience (evaluated according to Eq. (9)) for reference periods
up to 50 years, considering Types 0, 1 and 2 interaction of 𝑄1(𝑡) and 𝑄2(𝑡). The occurrence rate for
both hazard types is modeled as 𝜆(𝑡) = 0.1(1 + 0.01𝑡), with which the occurrence rate increases
by 50% over 50 years. Further, 𝜂𝑞 = 0.7 and 𝜉 = 1 (i.e., it needs 5 months to fully restore a 50%
functionality). The mean value of𝑄𝑟 decreases linearly from 0.8 at the initial time to 0.3 by the end of
50 years, with which 𝜇𝑄 (𝑡) = 0.8− 0.01𝑡, where 𝑡 is in years. It is observed from Fig. 3 that, ignoring
the performance function dependency will overestimate the resilience of an object, thus yielding a
nonconservative evaluation. The nonresilience associated with Type 1 is smaller than that of Type 2,
because Type 1 has partially considered the interaction between 𝑄1(𝑡) and 𝑄2(𝑡).

Recall that according to Eq. (14), if the nonresilience is close to zero, it can be approximated by
the mean value of average PCI. This can be verified by examining the case in Fig. 3. For a reference
period of 50 years, the mean value of PCI equals 0.048 and 0.050 for Type 1 and 2, respectively (not
shown in the figure), with a difference of only 2.86% and 3.04% compared with the corresponding
nonresilience.

In order to investigate the impact of hazard non-stationarity in a changing climate on resilience,
the dependence of nonresilience on 𝜆(𝑡) and 𝜇𝑄 (𝑡) (reflecting the time-variation of hazard magnitude
conditional on occurrence) for reference periods up to 50 years is presented in Fig. 4, considering the
Type 2 interaction of𝑄1(𝑡) and𝑄2(𝑡). The configuration is the same as that in Fig. 3 unless otherwise
stated. In Fig. 4(a), 𝑐0 = 0.1, and the variation of 𝑐𝜆 represents different changing scenarios of the
hazard occurrence rate. A greater value of 𝑐𝜆 results in larger nonresilience due to the greater accu-
mulative risks for the structure, and this effect is amplified with a longer reference period. Fig. 4(b)
examines four changing patterns for the time-variant mean value of 𝑄𝑟 , that is, 𝜇𝑄 (𝑡) decreases lin-
early from 0.8 at the initial time to 0.5, 0.4, 0.3 and 0.2, respectively over 50 years. A more severe
deterioration of the mean value of 𝑄𝑟 , which is representative of amplified hazard intensity over time
due to climate change, leads to greater nonresilience. For example, for a reference period of 50 years,
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Fig. 3. Time-dependent nonresilience associated with Types 0, 1 and 2 interaction.
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Fig. 4. Impact of hazard non-stationarity on time-dependent nonresilience.

the nonresilience equals 0.022, 0.033, 0.048, and 0.074, respectively, corresponding to the four dete-
rioration scenarios of 𝜇𝑄 (𝑡). The observations from Fig. 4 suggest the importance of incorporating
the hazard non-stationarity in resilience assessment.

5 CONCLUDING REMARKS
In this paper, we have discussed the evaluation of time-dependent resilience, taking into account

the interaction between the performances in response to different types of hazards. The discussed
resilience model is applicable to both discrete and continuous hazard processes, and can incorporate
the hazard non-stationarity in terms of the hazard intensity and/or occurrence rate due to the potential
impacts of climate change.

The performance concern index (PCI), taking a similar form of the Shannon information content,
measures an asset owner/decision maker’s concern about the performance of an object (structure or
infrastructure). The nonresilience, if small enough, can be approximated by the mean value of the
average PCI over a considered reference period.
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The interaction between the performance functions associated with different types of hazards plays
an essential role in resilience assessment. Ignoring such interaction underestimates the nonresilience,
thus yielding a nonconservative estimate of an object’s performance. Further, resilience assessment
needs to incorporate the time-variant characteristics of the hazard intensity and/or occurrence rate in
a changing climate.
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