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Foreword
Managers of infrastructure networks are responsible for ensuring that infrastructure
stakeholders obtain the maximum net‐benefit from their infrastructure, i.e., the maximum
difference between the benefits and costs of the infrastructure. If the demand for
infrastructure services is not expected to change, this means that they have to plan
interventions to ensure that there is an optimal trade‐off between the costs of executing,
and the costs of not executing, interventions. As the costs of providing infrastructure
services in the future are uncertain, estimating the risks related to, and the resilience of, the
infrastructure is an important task in the decision making process. Mr. Lam has
concentrated his efforts on improving this part of infrastructure management.
In his thesis, Mr. Lam has proposed the first quantitative resilience assessment
methodology based on stress tests for infrastructure systems affected by natural hazards
that spans from the occurrence of source events, such as heavy rainfall events, to societal
events, such as additional travel time, with special emphasis on the assessment of the loss
of functionality due to the hazard events. He has shown with his methodology how
researchers and practitioners can go beyond their concentration on the behavior of specific
components of infrastructure networks to take into consideration entire networks, how
they change over time and how their functionality may be lost and restored following
natural hazard events. He has also shown how stress tests, analogous to those conducted
in the banking sector, can be conducted for infrastructure systems with the help of
simulation software.
Although Mr. Lam uses roads for his examples, the basic concepts behind his work are also
relevant for the assessment of the resilience of other infrastructure systems. As society, and
therefore an increasing number of infrastructure managers, are concerned with how well
they are prepared for natural hazards, they are becoming increasingly interested in
simulating how their infrastructure systems will behave when subjected to these events.
The information generated from the simulations as proposed by Mr. Lam will enable
infrastructure managers and society to make better decisions about where and when to
invest to increase resilience. It is my belief that the resilience assessment methodology
proposed will form the foundation for others, e.g., regulators, infrastructure managers and
researchers, to use simulations to quantify the resilience of infrastructure systems in
increasing levels of detail.

xvi

Through his work, Mr. Lam has demonstrated that he has the ability to conduct work
rigorously at a high academic level, to use advanced mathematical tools to model the
behavior of complex systems, and to make solid contributions to the state‐of‐the‐art in the
field of risk and resilience assessment of spatially distributed infrastructure systems. On
behalf of the Institute for Construction and Infrastructure Management at ETH Zurich, I
thank him for his thorough and constant investment to his thesis, his personal drive and
motivation, his attention to detail, and his help over the years with the supervision of
Bachelor and Master students.
Zürich, 11.05.2019

Professor Dr. Bryan T. Adey
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Abstract
The management of transport, water, power and other (infrastructure) systems has
required the estimation of the risk associated with the occurrence of (natural) hazard
events, and the consideration of these estimates in the planning of interventions. With
increasing emphasis, the management of systems nowadays demands the consideration of
resilience in intervention planning. The literature indicates, however, that there is no
widely accepted definition of resilience that can be used in the management of systems,
which makes its estimation and its consideration in the planning of interventions
challenging tasks. Moreover, the literature shows that there is a shortage of quantitative
methodologies to estimate metrics that qualify resilience and support (a) the consideration
of multiple hazard events, (b) the propagation of uncertainties, (c) the modeling of
dynamic system performance as defined by the time‐dependent level of service loss and
restoration due to the occurrence of hazard events, and (d) the comparison between such
performance and target levels. Furthermore, there are no methodologies that support the
testing of different modeling assumptions in the assessment of resilience, a critical function
since actual events rarely occur in expected ways.
To support (infrastructure) managers obtaining improved information to make their
systems resilient, this dissertation makes three contributions.


The first contribution is a definition of a resilient system that can be used in the
management of systems.



The second contribution is the first integrated quantitative methodology to
support managers determining if their systems are resilient while considering
multiple hazard events, uncertainties, dynamic system performance, and
performance target levels. This methodology uses stress tests to integrate different
modeling assumptions into the assessment of resilience.



The third contribution is a demonstration of how this methodology can be used to
determine the state of resilience (i.e., resilient or non‐resilient) of a road system.

The road system used in the example to demonstrate the methodology is that located in
the area around Chur, which includes approximately 121 bridges and 605 km of roads,

xviii

including 51 km of national roads. This road system is subject to rainfall‐triggered flood
and mudflow hazard events. The example was conducted using a modeling environment
built to support the combination of heterogeneous models from different disciplines,
which can be used to determine the state of resilience of various types of systems subjected
to various types of hazards. The modeling environment is designed to support conducting
stress tests. The example considered the integration of modeling assumptions associated
with (a) the uncertain relationship between hazard loads and assigned return periods, (b)
the uncertain behavior of objects when these are subjected to hazard loads, and (c) alternate
demand levels for road service.
After introducing a definition of a resilient system and the first quantitative methodology
to determine the state of resilience of systems using stress tests to integrate different
modeling assumptions, this dissertation concludes the following.
1.

Resilient systems can be defined quantitatively in terms of their performance and
performance target levels.

2.

This performance is dynamic, and as a result, can be quantified during and after
the occurrence of multiple types of hazard events.

3.

Uncertainties, including those associated with these hazard events, can be
considered in the quantitative assessment of system performance, and therefore,
in the resilience assessment of systems.

4.

Similarly, the testing of various modeling assumptions can be integrated into the
quantitative assessment of system performance using stress tests, and hence, into
the resilience assessment of systems.
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Zusammenfassung

Das Management von Verkehrs‐, Wasser‐, Energie‐ und anderen Infrastruktursystemen
erfordert die Abschätzung des Risikos, welches mit dem Auftreten des von (Natur‐
)Gefahrenereignissen verbunden ist, sowie die Berücksichtigung dieser Abschätzung bei
der Planung von Interventionen. Mit zunehmender Bedeutung erfordert das heutige
Infrastrukturmanagement
die
Berücksichtigung
von
Resilienzen
bei
der
Interventionsplanung. Die Literatur zeigt jedoch, dass es keine allgemein akzeptierte
Definition von Resilienz gibt, die im Infrastrukturmanagement verwendet werden kann,
was ihre Abschätzung und ihre Berücksichtigung bei der Planung von Interventionen zu
einer Herausforderung macht. Darüber hinaus zeigt die Literatur, dass es einen Mangel an
quantitativen Methoden zur Abschätzung von Metriken gibt, die die Resilienz beschreiben
und folgendes unterstützen: (a) die Berücksichtigung mehrerer Gefahrenereignisse, (b) die
Unsicherheitsfortpflanzung, (c) die Modellierung der dynamischen Leistungsfähigkeit des
Infrastruktursystems, definiert durch den zeitabhängigen Verlust und die
Wiederherstellung des Serviceniveaus, verursacht durch das Auftreten von
Gefahrenereignissen, und (d) den Vergleich zwischen der Leistungsfähigkeit des
Infrastruktursystems und dessen Zielleistungsfähigkeit. Darüber hinaus gibt es keine
Methoden, die das Testen verschiedener Modellierungsannahmen im Rahmen der
Resilienzbewertung unterstützen. Dabei erfüllt dieses Testen eine wichtige Aufgabe, da
tatsächliche Ereignisse selten in der erwarteten Art und Weise auftreten.
Um Infrastrukturmanager dabei zu unterstützen, verbesserte Informationen zu erhalten,
um ihre Infrastruktursysteme resilient zu machen, erbringt diese Dissertation die
folgenden drei Beiträge.


Der erste Beitrag ist eine Definition eines resilienten Infrastruktursystems, die
beim Management von Infrastruktursystemen verwendet werden kann.



Der zweite Beitrag ist die erste ganzheitliche quantitative Methodik zur
Unterstützung von Infrastrukturmanagern, um zu bestimmen, ob ihre
Infrastruktursysteme resilient sind. Dies geschieht unter der Berücksichtigung
von: mehreren Gefahrenereignissen, Unsicherheiten, der dynamischen
Leistungsfähigkeit des Infrastruktursystems und der Zielleistungsfähigkeit. Diese
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Methodik verwendet Stresstests, um verschiedene Modellierungsannahmen in die
Bewertung der Resilienz zu integrieren.


Der dritte Beitrag ist eine Demonstration, wie diese Methodik verwendet werden
kann, um die Resilienz eines Strasseninfrastruktursystems zu bestimmen (d.h.
resilient oder nicht resilient).

Das Strasseninfrastruktursystem, welches in dem Beispiel zur Veranschaulichung der
Methodik verwendet wird, befindet sich in der Region um Chur und umfasst in etwa 121
Brücken und 605 km Strassen, einschliesslich 51 km Nationalstrassen. Dieses
Strasseninfrastruktursystem ist Hochwasser‐ und Murganggefahrenereignissen
ausgesetzt, welche durch intensive Regenfälle verursacht werden. Das Beispiel wurde
mittels einer Modellierungsumgebung umgesetzt, welche die Kombination heterogener
Modelle aus verschiedenen Disziplinen unterstützt. Sie kann genutzt werden, um die
Resilienz
für
unterschiedliche
Infrastruktursysteme,
die
verschiedenen
Gefahrenereignissen ausgesetzt sind, zu bestimmen. Die Modellierungsumgebung ist so
konzipiert, dass sie die Durchführung von Stresstests unterstützt. Das Beispiel betrachtete
die Integration von Modellierungsannahmen, unter Berücksichtigung (a) der ungewissen
Beziehung zwischen den Intensitäten von Gefahrenereignissen und deren
Wiederholungsperioden, (b) des ungewissen Verhaltens von Infrastrukturobjekten, wenn
diese Gefahrenereignissen ausgesetzt sind, und (c) der schwankenden Nachfrage des
Strassenverkehrs.
Nach der Einführung einer Definition für ein resilientes Infrastruktursystem und der
ersten
quantitativen
Methodik
zur
Bestimmung
der
Resilienzen
von
Infrastruktursystemen mittels Stresstests, unter Berücksichtigung verschiedener
Modellierungsannahmen, kommt diese Dissertation zu folgendem Fazit.
1.

Resiliente Infrastruktursysteme können quantitativ in Bezug auf ihre Leistungs‐
und Zielleistungsfähigkeit definiert werden.

2.

Diese Leistungsfähigkeit ist dynamisch und kann während und nach dem
Auftreten mehrerer Gefahrenereignisse quantifiziert werden.

3.

Unsicherheiten, einschliesslich derjenigen, die mit diesen Gefahrenereignissen
verbunden sind, können bei der quantitativen Bewertung der Leistungsfähigkeit
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und folglich bei der Bewertung der Resilienz des Infrastruktursystems
berücksichtigt werden.
4.

Ebenso kann das Testen verschiedener Modellierungsannahmen in die
quantitative Bewertung der Leistungsfähigkeit mittels Stresstests einbezogen und
folglich bei der Bewertung der Resilienz des Infrastruktursystems berücksichtigt
werden.
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Chapter 1
Introduction

This chapter starts by introducing the concept of resilience as related to the field
of infrastructure management (Sections 1.1 and 1.2). The literature reviewed
exhibits a number of challenges. The first challenge is the absence of a widely
accepted definition of resilience for the management of infrastructure systems
(identified in Section 1.2). To address this challenge, this chapter introduces a
definition of a resilient system that can be used by infrastructure managers
(Section 1.3). The second and third challenges are the lack of methodologies that
support the testing of different modeling assumptions in the assessment of
resilience (identified in Section 1.3), and the shortage of integrated quantitative
methodologies to estimate metrics that qualify resilience while considering
multiple hazard events, uncertainties, levels of service loss and restoration over
time, and target levels of infrastructure system performance (identified in Section
1.4). After summarizing these gaps (Section 1.5), this chapter states the
contributions of the dissertation with respect to the discussed challenges (Section
1.6), including the development and demonstration of a quantitative methodology
to determine the state of resilience of infrastructure systems to multiple hazard
events using stress tests to consider different modeling assumptions. This chapter
concludes with a description of the organization of the dissertation (Section 1.7).

1.1

Management of infrastructure systems

Transport, water, power, telecommunications, hospitals, schools1 and other infrastructure
are important for the socio‐economic development of society. This emphasizes the

Buildings in the same sector and in a confined spatial area are part of the same infrastructure due
to logical interdependencies (e.g., system of hospitals, system of schools). Examples of such
interdependencies were documented in Adalja et al. (2014) and Ham, Cathro, Winter, and Winter
(2012). Please refer to the work of Rinaldi, Peerenboom, and Kelly (2001) for a classification of
infrastructure interdependencies.
1

2

importance of the role played by infrastructure managers. Managers are tasked to maintain
and improve the levels of service provided by objects (e.g., bridges, tunnels, and pavement
sections in road infrastructure) to meet the demands imposed by present and forecasted
socio‐economic development. To support the planning of interventions, managers
periodically monitor, evaluate and forecast levels of utilization, the quality of the service,
the structural condition of objects, and the state of the technology used, among other
metrics that can vary not only over time, but also over space (e.g., throughout the service
area). Therefore, in the field of infrastructure management, an infrastructure is a complex
system2, encompassing the changing physical network interacting with an evolving
surrounding socio‐economic, natural and built environment (e.g., demand for service,
investment decisions, hydro‐meteorological and geological conditions, and other
interdependent infrastructure). Unless noted, the term system will be hereon used to refer
to infrastructure.
In regions where (natural) hazard events occur, managers are additionally confronted with
the need to assess the probable consequences of such events, here referred to as risk3, and
consider these estimations into their intervention planning. Example consequences are:
 those associated with the replacement and repair of objects that are unable to
provide the same level of service4 [e.g., Luna, Hoffman, and Lawrence (2008),
Padgett, DesRoches, and Nilsson (2010), Velásquez et al. (2014), and Kellermann,
Schöbel, Kundela, and Thieken (2015)], and
 those associated with the reduction of the level of service at given points in time
[e.g., Selçuk and Yücemen (2000), A. Kiremidjian et al. (2007), Shiraki et al. (2007),
and Javanbarg and Takada (2010)] and overtime [e.g., Stephanie E Chang (2003),
Kiremidjian, Stergiou, and Lee (2007), H. Liu, Davidson, and Apanasovich (2007),
Enke, Tirasirichai, and Luna (2008), and Medda and Wang (2016)].

Kröger and Zio (2011) described the properties of a complex system.
The term risk is here only associated with probable natural hazard events such as earthquakes,
floods, and landslides. Outside of this publication, this term is also used to describe the probable
consequences of other undesired events (e.g., traffic accidents in road infrastructure).
4 Level of service can be defined as a measure of how managers, users and other stakeholders in
society are directly or indirectly affected by an object or infrastructure [e.g., Adey, Lethanh, and
Lepert (2012)]. Thoughts on how of levels of service can change over time may be found in Adey,
Herrmann, et al. (2012).
2
3

3

Figure 1‐1. Changes in the aggregate level of service due to a probable hazard event and their
associated cumulative consequences

Figure 1‐1 shows how the level of service (aggregated over an entire bounded region; e.g.,
average daily traffic in a road system, daily number of nodes expected to have adequate
pressure in a drinking water system) can be affected by a hazard event (i.e., level of service
loss over time).5 After a hazard event, managers execute interventions to restore service
(i.e., level of service restoration over time) in a way that the demand for service is best met.
In this simplified illustration, the interventions restore service back to its original level
because of an assumed unchanged demand for service. Alternatively, a new level of service
may be desired at the end of the restoration period.
Risk may be then defined as the cumulative consequences of the probable hazard event
(i.e., the area shaded in red in Figure 1‐1, or the monetized amount representing the area
shaded in red) times the probability of the hazard event. Equation (1‐1) presents this
definition. The risk associated with a system X given a probable hazard event h can be
defined in terms of (1) the aggregate difference over time between the original level of
service 𝒮 and the level of service estimated using the time‐dependent function 𝒮 h, t ,

The level of service loss and restoration over time is illustrative, and in reality, such loss and
restoration will not be smooth. Loss and restoration of service can occur in multiple ways, and
depend on a large number of factors that are spatially‐distributed and time‐dependent, many of
which are explored in this dissertation.
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and (2) the probability of the hazard event h6. The time‐dependent function 𝒮 h, t
considers the hazard event h, and is used to estimate the level of service between the start
time of the hazard event t , and the completion time of the restoration events t , .
Estimating risk is challenging due to the uncertainties associated with the time‐dependent
level of service loss and restoration (e.g., different ways systems can fail to provide an
adequate level of service over time, different ways managers can restore the level of service
over time).
,

Risk |h

,

𝒮

𝒮 h, t ∙ dt ∙ ℙ h

(1‐1)

To reduce risk (i.e., to decrease the area shaded in red), several types of interventions can
be conducted, ranging from building code updates and mitigation measures to
contingency and recovery plans.

1.2

Resilience in infrastructure management

Resilience7 is an emerging concept related to risk, and therefore, is also used in
infrastructure management nowadays. The National Academies (2012) defined resilience
as the ability to prepare and plan for, absorb (i.e., level of service loss over time), recover
from (i.e., level of service restoration over time), or more successfully adapt8 to actual or
potential adverse events. This definition built on that of Bruneau et al. (2003), whose
pioneering work on defining resilience for the management of systems influenced much of
the research to date. Patriarca, Bergström, Di Gravio, and Costantino (2018), who
investigated the state of research on resilience in various engineering fields, stated that

Differences in level of service may be monetized to facilitate their aggregation. A cost function
𝒮 h, t can be introduced in Equation (1‐1) for this purpose.
C𝒮 𝒮
7 As in the case of the term risk, unless noted, the term resilience is here only associated with probable
natural hazard events such as earthquakes, floods, and landslides.
8 Systems need to adapt to changing in and post‐hazard conditions (e.g., a changing demand for
service). This need is discussed and illustrated later in the dissertation. At present, however, the
scientific community [e.g., Koliou et al. (2018), Grinberger and Felsenstein (2014), Davoudi et al.
(2012)] is engaged in a broader discussion on the conceptual definition of system adaptation, slowly
moving away from the concept of systems “bouncing back” (e.g., restoring service to its original
level) to the concept of systems “bouncing forward” [e.g., restoring service to one possible new and
improved level as in the case of New Orleans after Hurricane Katrina, as documented in Cutter, Ash,
and Emrich (2014)].
6
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Figure 1‐2. System performance defined by changes in the aggregate level of service due to a
probable hazard event

there is consensus in defining resilience in terms of system performance (i.e., what the
system does) and not properties (i.e., what a system has).
Figure 1‐1 is modified to contrast the definition of resilience with that of risk in
infrastructure management. In a simplified way, Figure 1‐2 highlights the focus on system
performance (i.e., the time‐dependent level of service loss and restoration) when
considering the occurrence of a probable hazard event. This is reflected in Equation (1‐2),
which states that the resilience of a system X given a probable hazard event h is defined in
terms of the time‐dependent function 𝒮 h, t .

Resilience |h: 𝒮 h, t

(1‐2)

Due to its relation to risk, resilience is subject to the same uncertainties related to the time‐
dependent level of service loss and restoration, not to mention the challenges to specify
system boundaries (Pendall, Foster, & Cowell, 2010), including spatial boundaries (e.g.,
defining the geographic area that needs to be considered in the hazard model) and time
boundaries (e.g., setting the number of consecutive hazard events that need to be
considered in the analysis period).
Despite the existing relationship between risk and resilience, resilience remains a concept
that is not easy to implement [e.g., Spaans and Waterhout (2017)]. Resilience needs to
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evolve into a concept that can be implemented, with clear metrics and methodologies to
estimate these metrics [Linkov et al. (2014), Reggiani, Nijkamp, and Lanzi (2015), and
Patriarca et al. (2018)]. This transition may help converge existing divided views on
resilience (Meerow & Stults, 2016).
Making resilience a concept that is easy to integrate into the management of systems
requires considering how the results of resilience assessments would be used by managers
in their planning and preparation against hazard events. The goal of a resilience
assessment is to determine the state of resilience of a system to that event (binary state):
the system is resilient (i.e., the system performs as a resilient system) or the system is not
resilient (i.e., the system does not perform as a resilient system). If the latter is concluded,
the resilience assessment is followed by the evaluation and implementation of solutions to
make the system resilient to the event used in the assessment. With such goal in mind, it is
necessary to propose a more precise definition of a resilient system.

1.3

Definition of a resilient system

A system can be said to be resilient to a hazard event when the time‐dependent level of
service loss and restoration is within a target level of system performance that is set by
the manager.
The integration of performance target levels helps managers determine the state of
resilience of their systems, and avoid over planning and preparing, which unnecessarily
increase costs, and under planning and preparing, which limit the scope of much needed
interventions. The need for performance target levels has been highlighted by experts [e.g.,
Ayyub (2014b) and Ellingwood et al. (2016)].
An illustration is presented in Figure 1‐3, which shows two probable performances of a
road system, when such performances are measured in terms of average daily traffic. In
this illustration, the time‐dependent level of service loss and restoration of each scenario is
compared with a defined performance target level. The estimated performance can be
adequate (i.e., the performance target level is not exceeded, and therefore, the system is
resilient) or inadequate (i.e., the performance target level is exceeded, and therefore, the
system is not resilient).
Equation (1‐3) defines a system X as a resilient system 𝕊

to a hazard event h when

the performance of such system 𝒮 h, t is within a certain performance target level 𝒮

𝒯,

t
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Figure 1‐3. Determining the state of resilience of a road system based on a performance target level

throughout the period beginning at the start time of the hazard event t
completion time of the restoration events t , .

X≔𝕊

|h ↔ 𝒮

h, t

𝒮

𝒯,

t , ∀t ∈ t

,

,t

,

,

Equation (1‐3) may be modified to make the performance target level 𝒮

and ending at the

(1‐3)
𝒯,

t dependent on

𝒯,

h, t (e.g., the performance target level associated with an
the hazard event as well 𝒮
earthquake event of 250‐year return period may be different from that associated with a
975‐year return period).
Performance target levels used to determine the state of resilience of systems are network‐
specific, and may be set by managers in consultation with experts in different domains and
society while considering all relevant in and post‐hazard needs. One approach that may
be used to identify suitable performance target levels is that of Murphy and Gardoni (2008),
who proposed evaluating acceptable and tolerable levels of probable consequences by
examining the impact of consequences on the capabilities of individuals [as described by
Sen (1999)9]. Such an approach may be combined with considerations of sustainability,

Sen (1999) describes the capabilities of a person as the set of functionings the person values doing
or being and that are feasible for the person to achieve. These functionings include the functionings
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Figure 1‐4. Performance target level set based on level of service‐time relationships

specifically the pursuit of environmental justice, global justice and intergenerational justice
(Gardoni & Murphy, 2018). The literature review indicates that no in or post‐hazard system
performance standards exist, posing an opportunity for further research and an important
contribution to society.
While setting performance target levels is rather challenging, such target levels may be
derived using points that represent the required level of service at different points in time.
This is illustrated in Figure 1‐4, where the points represent:
 the minimum level of service immediately after a hazard event occurs10, and
 the maximum times to restore (b) the first 10% of the lost service, (c) 50% of the
lost service, (d) the last 10% of the lost service, and (e) all service.
Some assumptions can be made to represent the level of service‐time relationship that is
between points.
Another illustration is presented in Figure 1‐5, where only two thresholds are specified: (a)
the minimum level of service, and (b) the maximum time to restore all service. While

the person actually does and the functionings the person is substantively free to do. Therefore, a
capability is a freedom.
10 This point represents the level of service that has traditionally been used by managers as criterion
in their decisions to conduct interventions.
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Figure 1‐5. Performance target level set based on level of service and time thresholds

establishing such a performance target level is practical, it may be conducive to consider
systems that have an undesired level of service restoration as resilient.
To consider the aleatory uncertainty associated with the occurrence of hazard events,
multiple hazard events should be considered in a resilience assessment. To draw a
collective conclusion from these assessments, the hazard events should share common
characteristics such as magnitude and return period (e.g., a set of earthquake hazard events
of 475‐year return period). Determining the state of resilience of a system when considering
multiple hazard events requires setting an acceptable non‐exceedance probability of the
performance target level. Setting this probability is responsibility of the manager.
Figure 1‐6 illustrates the probable performance of a road system that is subjected to a
number of probable hazard events (i.e., 100; e.g., earthquake hazard events of 475‐year
return period). The performance is adequate in 84 cases of the 100 hazard events simulated
(i.e., 0.84 probability that the performance target level is not exceeded). This specific non‐
exceedance probability may not be sufficient for a manager to conclude that the system is
resilient to the set of hazard events, however (i.e., in cases where the acceptable non‐
exceedance probability is set to a value greater than 0.84).
Equation (1‐4) defines a system X as a resilient system 𝕊
to a set of hazard events 𝐡
when the non‐exceedance probability of performance target level is greater than or equal
to the acceptable non‐exceedance probability 1 𝕖ℙ 𝒯 . The non‐exceedance probability
of performance target level is defined by two terms. The first term |𝐡| 𝟏 is the inverse of
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Figure 1‐6. Determining the state of resilience of a road system using multiple hazard events

the number of hazard events in the set 𝐡. The second term is the sum of instances of
adequate system performance [i.e., the right‐hand condition of Equation (1‐3) is met] when
considering all the hazard events h in the set 𝐡.

X≔𝕊

|𝐡 ↔ |𝐡|

𝟏

∙

𝟙𝒮

,

𝒮

𝒯,

,

,∀ ∈

,

1

,

𝕖ℙ

𝒯

∈𝐡

(1‐4)

It is worth noting that when multiple services, whether aggregate or disaggregate11, are
used to determine the state of resilience of systems, all performance target levels (i.e., one
for each service) should be met for the system to be resilient. In such situations, Equation
(1‐4) is modified to consider all services n ∈ 𝐧 in the resilience assessment, where 𝐧
represents the set of services used in the resilience assessment [Equation (1‐5)].

X≔𝕊

|𝐡 ↔ |𝐡|

𝟏

∙

𝟙𝒮
∈𝐡

,

,

𝒮

,𝒯,

,∀ ∈

,

,

,

1

𝕖ℙ 𝒯 , ∀n ∈ 𝐧

(1‐5)

11 In addition to aggregate services (e.g., average travel time through the network), disaggregate
services (e.g., average travel time from firefighting stations to any point in the network) can be
appropriate when determining the state of resilience of systems.
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Many experts [e.g., Pendall et al. (2010) in the broader context of urban resilience12] call
these hazard events acute (or sudden) stressors13 to distinguish them from chronic (or long‐
developing) stressors, such as climate change14. Considering both types of stressors in
resilience assessments is important (Mostafavi, Ganapati, Nazarnia, Pradhananga, &
Khanal, 2018). Since hazard events and other stressors cannot be easily predicted,
managers cannot plan and prepare against them with the methods and tools that have been
traditionally used to estimate consequences because of the increasing complexity of
systems and associated uncertainties (Linkov et al., 2014), which make the management of
these system a challenge, and can lead to inaction to make systems resilient (Franchin,
2018). The consideration of these uncertainties is critical to making systems resilient as
events may not occur in expected ways (Heinimann & Hatfield, 2017).
Therefore, methods and tools shall support the assessment of system performance when
considering diverse modeling assumptions. This is illustrated in Equation (1‐6), where a
set of modeling assumptions 𝐚 is introduced. The system performance is assessed for each
modeling assumption a ∈ 𝐚.

X≔𝕊

|𝐡, 𝐚 ↔ |𝐡|

𝟏

∙

𝟙𝒮

,

, ,

𝒮

,𝒯,

,∀ ∈

,

,

,

1

𝕖ℙ 𝒯 , ∀n ∈ 𝐧 ∩ ∀a ∈ 𝐚

∈𝐡

1.4

(1‐6)

Methodologies to qualify the resilience or to determine the state of
resilience of systems

Several definitions of resilience can be found in the literature along with different
representative metrics to qualify resilience and methods to estimate these metrics. Much
of the research to date that is relevant to infrastructure management has been focused on
proposing and estimating metrics to qualify the resilience of various systems, including:

12 Please refer to the work of Meerow, Newell, and Stults (2016) for an in‐depth discussion on the
definition of urban resilience.
13 The term shock may also be used to refer to an acute stressor. A stressor can be defined as an event
that causes stress (e.g., pressure, tension).
14 Others categorizations exist, including that of Desouza and Flanery (2013), who regarded hazard
events as natural stressors, and other events as either economic, human or technological stressors.
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systems of buildings [e.g., Cimellaro, Reinhorn, and Bruneau (2010), and
Broccardo, Esposito, Galanis, and Stojadinovic (2016)15],
water systems [e.g., Chmielewski, Guidotti, McAllister, and Gardoni (2016)],
power systems [e.g., Sun, Didier, Delé, and Stojadinovic (2015), and Sun, Didier,
and Stojadinovic (2015)],
road systems [e.g., Henry and Ramirez‐Marquez (2012), and Aydin, Duzgun, and
Heinimann (2017)],
systems of bridges [e.g., Kurtz, Song, and Gardoni (2016), and Sharma, Tabandeh,
and Gardoni (2018)16],
intermodal transport systems [e.g., Miller‐Hooks, Zhang, and Faturechi (2012)],
and
interdependent systems [e.g., Guidotti et al. (2016)].

Readers interested in a wider research selection should refer to the work of Hosseini,
Barker, and Ramirez‐Marquez (2016), who conducted a review of methods to estimate
metrics to qualify resilience in different domains, including infrastructure sectors.
There is an increasing interest in using performance target levels as part of the qualification
of the resilience of systems. This is a recent trend, and therefore, the number of works is
limited, and the specification and use of target levels among these works are not standard.


Bruneau et al. (2003) suggested a number of illustrative qualitative performance
target levels17 as part of a conceptual framework to help determine if a system is
resilient to earthquake hazard events.



Mieler, Stojadinovic, Budnitz, Comerio, and Mahin (2015) demonstrated how
specific building seismic design targets could be linked to performance target

Broccardo et al. (2016) built on previous work focused on performance‐based earthquake
engineering [e.g., Cornell and Krawinkler (2000)] to qualify the resilience of two independent
buildings. Baker (2018) gave insights on how the work of Broccardo et al. (2016) may be extended to
a system of buildings.
16 The example presented focused on assessing the resilience of a reinforced concrete bridge subjected
to seismic loads. Nonetheless, this method could be conceptually extended to the assessment of
systems of bridges or other types of systems.
17 Qualitative targets other than those associated with the level of service were recommended. These
targets included those associated with the design of the system, the infrastructure management
organization, society and the economy. No relationship was specified among the different targets.
15
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levels (e.g., less than five percent probability of a building being unsafe to occupy
after ground shaking associated with an earthquake of 500‐year return period) and
then to broader societal targets (e.g., less than one percent probability of significant
outmigration of residents after the 500‐year earthquake), where a resilient system
is thought to be one whose design supports meeting these societal targets. The
proposed framework, which used event trees, was illustrated using a single
earthquake hazard event and synthetic data for buildings that were treated as
independent objects.


Lin, Wang, and Ellingwood (2016) proposed an approach to consider performance
target levels to determine the state of resilience of entire building portfolios [e.g.,
a probability that a number of buildings (or less) are unsafe to occupy after a
hazard event], where buildings are treated as independent objects with correlated
probable damages. The approach was illustrated on a small community subjected
to an earthquake hazard event.



Aydin, Duzgun, Wenzel, and Heinimann (2018) proposed a method to qualify the
resilience of road systems at the onset of an earthquake hazard event in terms of
network robustness (associated with connectivity) and efficiency (associated with
distances) using graph theory techniques. The authors recommended determining
the state of resilience of these systems by comparing the estimated network
robustness and efficiency of a road system, with those of networks whose
topologies are known in the domain of graph theory to exhibit high degrees of
network robustness and efficiency (i.e., performance target levels).



Didier, Broccardo, Esposito, and Stojadinovic (2017) conceptually combined
different patterns of supply, demand and consumption of service following a
hazard event to determine the state of resilience of systems18. The authors
concluded that a system whose design supported the increase of level of service
after a hazard event to meet potential increasing demand and consumption (i.e.,
performance target level; e.g., the increasing use of healthcare services after a

Please refer to the work of Didier, Broccardo, Esposito, and Stojadinovic (2018) for a description of
the supply, demand and consumption method for resilience assessment, illustrated on a synthetic
power system subjected to an earthquake hazard event.
18

14

hazard event) is a resilient system, and hence, its design should be the design
target for such systems.
After considering their contributions, these works (at least one of the following applies):
 are qualitative and conceptual (or heavily use synthetic data) rather than
quantitative and applied on actual examples,
 consider a single type of hazard (most of the time, the focus is on earthquake
hazard events) rather than multiple types of hazards (e.g., earthquake or flood
hazard events followed by landslide hazard events),
 estimate the state of resilience of an individual object or a system to one or a small
number of hazard events rather than larger sets of events,
 analyze the effects of hazard events on individual objects rather than on systems,
 describe performance as static (e.g., graph metrics) rather than dynamic
considering that the service is spatially and temporally distributed (e.g., traffic,
water flow, and power flow), or
 exclude the post‐hazard restoration of the physical network.

1.5

Research gap

The literature review in Section 1.4 shows that managers can benefit from integrated
quantitative methodologies that support (a) the consideration of multiple hazard events,
(b) the propagation of uncertainties, (c) the modeling of dynamic system performance (i.e.,
time‐dependent level of service loss and restoration), and (d) the comparison between
system performance and target levels. More importantly, in accordance to Section 1.3, these
methodologies should support managers in their testing of system performance when
considering different modeling assumptions (e.g., an increased probability of failure of
objects, variations in required post‐hazard levels of service) to determine the state of
resilience of their systems. No work in the literature supports this type of testing.

1.6

Research objective and contributions

The aims of this dissertation are to:
 provide a definition of a resilient system that can be used in the management of
systems (Section 1.3),
 develop a quantitative methodology to support managers determining if their
systems are resilient to multiple hazard events when considering different
modeling assumptions, and
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demonstrate how this methodology can be used to determine the state of resilience
of a road system.

The scientific contribution of this dissertation is the first quantitative methodology to
enable the determination of the state of resilience of a system using stress tests19 to integrate
different modeling assumptions, based on (a) the modeling of multiple hazard events, (b)
the propagation of uncertainties, (c) the estimation of the impact of hazard events on levels
of service, from the time of hazard occurrence through the moment when services are fully
restored, and (d) the comparison between such time‐dependent levels of service loss and
restoration and target levels.
The societal contribution of this dissertation is the improved information that managers
may benefit from when using this methodology, leading to better management decisions
and an increased likelihood that systems would be able to perform adequately when actual
hazard events similar to those tested occur.

1.7

Structure of the dissertation

To meet the aims of this dissertation, the following chapters are included as part of this
manuscript. Please note that Chapter 2 through Chapter 6 are published or submitted
articles, and were written to estimate the system‐related risk due to hazard events as
described in Section 1.1. Due to the relationship between risk and resilience documented
in Section 1.2, the content of these chapters is also relevant to the assessment of resilience.


To conduct the required modeling to determine the state of resilience of systems
as indicated in Section 1.3, Chapter 2 introduces a conceptual model of level of
service loss and restoration over time when considering single types of hazards
that are modeled as time‐independent events (e.g., earthquake hazard events that
are simulated in a single time unit). The model supports the quantitative
estimation of probable level of service losses for individual objects along with their

Stress tests are defined in Chapter 5 (please refer to Section 5.2.1). There, a stress test is defined as
a quantitative assessment designed to evaluate the ability of a system to perform adequately during
and after the occurrence of hazard events, where the assessment is conducted using a model that is
conditioned on representing at least one uncertainty in the model with values that are considerably
worse than the corresponding median or mean values. The term “to be conditioned” is used to state
that the aforementioned representation of an uncertainty or uncertainties is required in the model.
19
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corresponding probable restoration time when subjected to hazard events, and the
integration of these estimated values to quantify their effect on the level of service
at the infrastructure scale over time. The model can support the assessment of large
systems. The usefulness of the conceptual model is illustrated using an example
road system located in the City of Basel, Switzerland, which is subjected to a
historical earthquake hazard event. Chapter 2 is published as Lam and Adey
(2016).



To further support the determination of the state of resilience of systems as
indicated in Section 1.3, Chapter 3 extends the conceptual model of Chapter 2. In
Chapter 3, the level of service loss and restoration over time is estimated
considering multiple types of hazards that are modeled as time‐dependent events
(e.g., combined flood and landslide hazard events that are simulated in a time
series). This extension supports the estimation of level of service loss during the
occurrence of a hazard event when the loss is not caused by physical damages (e.g.,
objects inundated temporarily). Furthermore, the extension gives consideration to
possible preventive interventions that may be executed during the restoration
period. The utility of the extended conceptual model is demonstrated using an
example road system located in the area around Chur, Switzerland, which is
subjected to rainfall‐triggered flood and mudflow hazard events of 1000‐year
return period20. Chapter 3 is published as Lam, Heitzler, Hackl, Adey, and Hurni
(2018).



The conceptual models of Chapter 2 and Chapter 3 to estimate the time‐dependent
level of service loss and restoration are implemented in a modeling environment,
which is described in Chapter 4. This modeling environment allows for the
inclusion of the aleatory uncertainty related to the occurrence of a large set of
hazard events (i.e., over one thousand simulations of different return periods) and
the propagation of this uncertainty throughout the modeling. Moreover, the
modeling environment was built to support the combination of heterogeneous
models from different disciplines, including their update and replacement, and
hence, can be used to determine the state of resilience of various types of systems

This example is used in Chapter 3 through Chapter 6 and then in Chapter 8. General information
is provided in this section (Section 1.7) to understand the relationship among the different versions
of the example. For detailed information, please refer to Section 8.1.1.
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subjected to various types of hazards. Section 1.5 highlighted the importance of
integrated and quantitative methodologies comparable to that used to build the
modeling environment. The example presented in Chapter 4 is an enhanced
version of the example presented in Chapter 3, and therefore, is also focused on
estimating the time‐dependent level of service loss and restoration of the road
system located in the area around Chur, when subjected to rainfall‐triggered flood
and mudflow hazard events. Chapter 4 is published as Hackl, Lam, Heitzler, Adey,
and Hurni (2018). A statement of author contributions is included at the beginning
of Chapter 4.


To determine the state of resilience of systems using different modeling
assumptions as indicated in Section 1.3 and urged in Section 1.5, Chapter 5
presents a quantitative method for conducting stress tests. A stress test is a
quantitative assessment designed to evaluate the ability of a system to perform
adequately during and after the occurrence of hazard events, where the
assessment is conducted using a model that is conditioned on representing at least
one uncertainty in the model with values that are considerably worse than the
corresponding median or mean values. Therefore, a stress test requires setting
evaluation criteria to determine the adequacy of system performance. A specific
type of stress test considers the modeling assumptions associated with the
uncertain behavior of objects when these are subjected to hazard loads21. The
application of this type of stress test is illustrated on the road system in the area
around Chur using a previous version of the modeling environment documented
in Chapter 4. Chapter 5 is published as Lam, Adey, et al. (2018).



As indicated in Chapter 5, a specific type of stress test considers the uncertain
behavior of objects when these are subjected to hazard loads. Other types of stress
test, and hence other modeling assumptions, may be conducted in determining the
state of resilience of systems as indicated in Section 1.3. Chapter 6 explores the

21 This type of stress test is discussed in Section 5.2.2, and uses fragility functions (and service loss
functions derived from fragility functions) to describe the uncertain behavior of objects when these
are subjected to hazard loads. For a given object, this uncertainty can be attributed to the estimation
of object behavior when subjected to a hazard load, the modeling of uncertain parameters required
to simulate the response of the object, the definition of the damage states, and the fitting of the
resulting damage state exceedance probabilities and loss of level of service values.
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consideration of the uncertain relationship between hazard loads and assigned
return periods to determine the impact of extreme hydrometeorological hazard
events on the road system in the area around Chur. While the work presented in
Chapter 6 is mainly focused on quantifying this impact using computational
resources efficiently, this work suggests that the assessment results can be part of
stress tests, and therefore, can be evaluated according to criteria set following the
guidance presented in Chapter 5. The application in Chapter 6 uses the road
system in the area around Chur and the modeling environment documented in
Chapter 4. Chapter 6 is under review as Lam, Hackl, Heitzler, Adey, and Hurni (in
review).


Chapter 7 proposes a methodology to determine the state of resilience of systems
to multiple hazard events that integrates the method of Chapter 5 for conducting
stress tests to consider diverse modeling assumptions, addressing the gap
identified in Section 1.5. The presented methodology can be applied to different
types of systems and hazards, and can be supported by the modeling environment
described in Chapter 4.



Chapter 8 demonstrates how the methodology of Chapter 7 can be used to
determine the state of resilience of the road system located in the area around Chur
that is subjected to rainfall‐triggered flood and mudflow hazard events. The
modeling environment used is an updated version of that presented in Chapter 4
that additionally considers alternate demand levels for road service in addition to
modeling assumptions related to the uncertain relationship between hazard loads
and assigned return periods and the uncertain behavior of objects when these are
subjected to hazard loads. The last section in Chapter 8 provides some insights on
how managers may use the resilience assessment results to identify possible types
of solutions. A discussion on the assumptions made in this demonstration is
included in Chapter 9.



Chapter 9 includes a summary of accomplishments associated with the
dissertation work, specifically outcomes and key findings, along with a discussion
on the main limitations of this work, including those that relate to the example
presented in Chapter 8. Moreover, this chapter includes a discussion of future
research, including those of broader character to outline much needed work to
support managers making their systems resilient. Chapter 9 ends with a set of
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reflections on the importance of this work and the conditions needed to implement
it in practice.
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Chapter 2
Functional loss assessment and
restoration analysis to quantify
indirect consequences of hazards

To conduct the required modeling to determine the state of resilience of systems
as indicated in Section 1.3, this chapter introduces a conceptual model of level of
service loss and restoration over time when considering single types of hazards
that are modeled as time‐independent events (e.g., earthquake hazard events that
are simulated in a single time unit). The model supports the quantitative
estimation of probable level of service losses for individual objects along with their
corresponding probable restoration time when subjected to hazard events, and the
integration of these estimated values to quantify their effect on the level of service
at the infrastructure scale over time. The model can support the assessment of large
systems. The usefulness of the conceptual model is illustrated using an example
road system located in the City of Basel, Switzerland, which is subjected to a
historical earthquake hazard event.

The key assumptions used in the conceptual model presented in this chapter are as
follows22:
 managers use fragility functions to describe the impact of hazard events on objects,
 the level of service loss assigned to an object can be represented by the expected
value of the level of service loss values associated with each damage limit state,
 the decision to restore an object is based on a comparison between the expected
level of service loss and an acceptable loss threshold,

Presented key assumptions do not include those associated with the example in Section 2.6. Instead,
the key assumptions are focused on the conceptual model.
22

22




when a decision to restore an object is made (i.e., the acceptable loss threshold is
exceeded), managers would do so to their original level of service, and
in addition to observing level of service loss at the time of hazard impact, such a
loss can also be observed during the execution of inspection activities and
restoration interventions.

This chapter is an author‐generated, post‐print version of the article23: Lam, J. C., & Adey,
B. T. (2016). Functional loss assessment and restoration analysis to quantify indirect
consequences of hazards. ASCE‐ASME Journal of Risk and Uncertainty in Engineering
Systems, Part A: Civil Engineering, 2(4), 04016008. doi: 10.1061/AJRUA6.0000877,
reproduced with permission from the American Society of Civil Engineers. Note that some
differences may be observed as a result of the copy‐editing and typesetting process24. This
material may be downloaded for personal use only. Any other use requires prior
permission of the American Society of Civil Engineers. This material may be found at
https://ascelibrary.org/doi/10.1061/AJRUA6.0000877. When citing this chapter, cite the
final manuscript.

Abstract
The estimation of cascading indirect consequences of natural hazard events is possible if
infrastructure managers quantify functional capacity losses (i.e., inability to provide
adequate level of service) and downtimes of networks. This work presents a methodology
to estimate probable functional capacity losses of individual objects comprising a network
as well as their corresponding probable restoration times, relating them to various hazard
intensities. Furthermore, the methodology quantitatively relates object functional capacity
losses, object restoration time, network restoration sequence, network functional capacity
loss, and network downtime to support the generation of network states leading to the
estimation of indirect consequences. This work also shows how the proposed functional
loss assessment and restoration analysis processes may be integrated into disaster risk
assessment processes designed to solely estimate direct consequences. While this
methodology supports the evaluation of infrastructure networks of no particular sector,

23 In this chapter, the following terms are also used to refer to level of service loss: indirect
consequences, functional losses, functional capacity losses, and loss of functionality. Also, the term
network is used interchangeably to refer to a physical network and an infrastructure system. In such
cases, the context of the sentence clarifies its meaning.
24 The style of this chapter matches that of the dissertation.
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illustrations are drawn mainly from the transport sector, including an example to
demonstrate the application of this methodology.

2.1

Introduction

The occurrence of natural hazards can cause direct and indirect consequences related to
infrastructure networks. The assessment of probable consequences (commonly referred to
as disaster risk assessment) is essential, so infrastructure managers can make informed
decisions as to which risk‐reducing interventions should be executed and prioritized given
that some interventions can lead to larger reductions in risk than others. In the estimation
of probable consequences, understanding the cascade of events that can occur from a
source event and quantifying them are necessary. For example, an earthquake event may
cause physical damages to a road network, which may be regarded as infrastructure
events. Assuming that these damages are addressed, then the costs of these restoration
works (e.g., repair, rehabilitation, reconstruction) can be assigned to infrastructure events.
These costs are herein referred to as direct consequences. In turn, these damages may result
in a reduction of the volume of vehicles that can travel over the infrastructure or the speed
at which they can travel (i.e., a reduction in the level of service). These changes in traffic
patterns can be regarded as user events, and quantifying them is possible with additional
modeling (e.g., once additional travel time is estimated). These changes are herein seen as
indirect consequences because these are not directly connected to the state of the
infrastructure. Further cascading events, such as the amount of additional CO2 emissions
that are produced from the deviated vehicles, are also herein considered indirect
consequences.
In particular, indirect consequences are a function of (a) the ability of the network to
provide an adequate level of service (in order to contrast structural capacity, herein
referred to as functional capacity), and (b) the downtime of the network (i.e., time period
in which the functional capacity of the network is below a desired threshold). At the same
time, the network functional capacity and downtime depend on the interrelated (a)
functional capacity losses of individual objects, (b) restoration times (i.e., estimated repair,
rehabilitation or reconstruction times) of damaged objects, and (c) the designated
restoration sequence. While the first is estimated through functional loss assessment, the
latter two are determined through restoration analysis. As discussed by Agarwal, Liu, and
Galvan (2014), the ability of a network to go back to a fully functional state depends on the
events that follow the hazard event. As indicated by Deco, Bocchini, and Frangopol (2013),
this includes the restoration process adopted by infrastructure managers.
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Next, this article elaborates on the significance of integrating functional loss assessment
and restoration analysis to estimate indirect consequences. This is followed by descriptions
of the methodology to estimate probable functional capacity losses of objects and their
probable restoration times, and how these quantitatively relate to network restoration
sequence, network functional capacity loss, and network downtime. Then, the article
proposes a way to integrate the methodology into risk assessment processes aimed at
estimating direct consequences only. An example is presented in the subsequent section to
illustrate the application of the methodology and the relationships between objects and
network. At the end, the article draws conclusions and outlines future research steps.

2.2

Significance of integrating functional loss assessment and restoration
analysis

Based on a literature review, previous work in the domain of functional loss assessment
and restoration analysis has focused primarily on answering the following questions.


How long does restoring a single object (e.g., bridge, highway section, water tank,
pipeline section) take? (FEMA, 2003a; Tabucchi, Davidson, & Brink, 2009; Zhao,
Cousins, Lukovic, & Smith, 2008)



How does the level of service of a single object change as restoration is performed?
(FEMA, 2003a; Mackie & Stojadinovic, 2005; Padgett & DesRoches, 2007; Pitilakis,
Crowley, & Kaynia, 2014; Tabucchi et al., 2009)



How long does restoring multiple connected objects (e.g., road network, drinking
water system, power grid) take? (Sagai & Terano, 2014; Zhao et al., 2008)



How does the level of service of my overall network change as restoration
interventions are performed? (Stephanie E. Chang & Nojima, 2001; H. Liu et al.,
2007; Stergiou & Kiremidjian, 2010; Tabucchi et al., 2009)



How should restoration interventions be prioritized to meet functional capacity
objectives? (Aksu & Ozdamar, 2014; Alvarez et al., 2014; Feng & Wang, 2003;
Fiondella, 2013; Liberatore, Ortuño, Tirado, Vitoriano, & Scaparra, 2014; B. Liu,
Saito, Masuya, & Tamura, 2003)
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These questions are in fact interrelated and equally important in the assessment of indirect
consequences, but each alone is insufficient. First, estimating the restoration time of each
object needs to be complemented with how infrastructure managers prioritize restoration
interventions to determine network downtime. Individual objects remain damaged and
functionally‐deficient until a restoration intervention is actually executed. This is why
using object or network downtime information from previous events to estimate probable
downtimes for other networks requires examining carefully the actual context in which
decisions were made, the sequence followed during the restoration process, and the
network itself. The restoration time of each object and the restoration sequence also
determine the time when the functional capacities of objects change. These changes along
with the restoration sequence influence the behavior of the network. The actual flow
through an object is not determined solely by the functional capacity of such object, but by
the network itself. For example, an adjacent object to one of interest that has a lower
functional capacity would limit the flow through the object of original interest. Also, the
restoration sequence could depend on the functional capacity and physical condition of
individual objects (i.e., when the level of service degradation or damages are
decision/prioritization criteria). By properly capturing these interrelationships, an
infrastructure manager can expect an improved estimation of indirect consequences.

2.3

Estimation of functional capacity losses and restoration times for single
objects

To represent the functional capacity loss and restoration time of individual objects, this
work proposes the development of probabilistic functional capacity loss and restoration
time functions. Functional capacity loss functions establish a relationship between
expected loss of level of service of an object with respect to a target level of service (ratio),
and hazard intensities. Restoration time functions relate the expected restoration time of a
single object and hazard intensities. The hazard intensity metric in the development of both
functions is the same metric used in the hazard assessment.
The metric for object functional capacity is defined according to the type of service
provision. For example, while Mackie and Stojadinovic (2005) represented the functional
capacity of a bridge object in terms of traffic load carrying capacity, allowed axle loads,
number of lanes open and speed limit, Lee, Song, Gardoni, and Lim (2010) represented
functional capacity as the maximum number of vehicles that can pass per unit time. This
metric is related to the metric used in the measurement of functional capacity at the
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network level, but these do not necessarily need to be the same. An additional
consideration for metric selection is discussed later in this section.
In this work, two types of functional capacity loss are emphasized. The first type is the
functional capacity loss due to the physical damage directly related to the occurrence of
the hazard event (here defined as initial functional capacity loss). The second type is the
functional capacity loss as a result of the restoration intervention required to address the
physical damage (here referred to as functional capacity loss during restoration). A third
type of functional capacity loss may occur as a result of post‐hazard site inspections
(namely functional capacity loss during inspection). This type of loss is briefly discussed
in this work. A fourth type not considered here is the functional capacity loss after the
performed restoration intervention (here labeled as functional capacity loss after
restoration). Since the aim of this work is to estimate indirect consequences, all restoration
interventions considered are to restore objects to their original capacity.
The process for deriving the functional capacity loss and restoration time functions for each
object follows the same process for deriving vulnerability functions from fragility
functions. To the authors’ knowledge, this process has not been used before to derive
functional capacity loss and restoration time functions. The derivation of vulnerability
functions from fragility functions has been documented extensively by several authors,
including D’Ayala et al. (2014), Mander (1999), Ordaz (2008), K. A. Porter (2002), and
Rossetto, Ioannou, Grant, and Maqsood (2014). In this derivation, the costs of restoration
interventions are used as inputs to the physical vulnerability analysis to determine mean
damage ratios, which lead to the estimation of direct consequences. Note that vulnerability
functions are here defined as those directly associated with the physical, structural
condition of objects to distinguish the use of this term from other definitions. It is here
acknowledged that the term vulnerability function may also be used in a wider context to
represent various types of loss as a function of environmental excitation as indicated by K.
Porter (2014).
In Equations (2‐1) through (2‐3), the expected initial functional capacity loss (FCL ), the
functional capacity loss during restoration (FCL ), and the restoration time (RT ) for an
object x given a specific intensity measure experienced by the object during hazard event
H (im ) are found by the sum product of the corresponding expected values of these
variables given a damage limit state i (ds ) and the probability that the damage limit state
is reached given the intensity measure, for all damage limit states i, where n is the number
of damage limit states, and damage limit state 0 corresponds to “no damage”. Among
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various authors, Rossetto et al. (2014) and D’Ayala et al. (2014) discussed the method for
estimating the probability of reaching a damage limit state given an intensity measure
using fragility functions.

E FCL im

E FCL ds

P ds |im

(2‐1)

E FCL im

E FCL ds

P ds |im

(2‐2)

E RT |im

E RT ds

P ds |im

(2‐3)

The expected values of the initial functional capacity loss, the functional capacity loss
during restoration and restoration time given a damage limit state may be obtained
through empirical, analytical or heuristic methods. An example of the latter is the work of
Padgett and DesRoches (2007), who designed and conducted a survey to solicit post‐
earthquake bridge traffic carrying capacity information from experts with the intent to
anticipate functionality and closure decisions. Another example is that of the ATC (1985),
who also designed and conducted an expert survey to obtain estimations for post‐
earthquake loss of functionality and restoration times for various types of objects, where
loss of functionality was defined as loss of usability.
The estimation of times (and costs) for each restoration intervention shall consider (a) all
relevant restoration activities, which include additional on‐site testing, lag time between
activities, and removal of debris, depending on the damage extent and hazard (Brunsdon
& Mowll, 2012), (b) expected site conditions according to the damage descriptions, such as
permanent ground deformation when relevant (Brunsdon & Mowll, 2012), and (c)
probable post‐hazard work conditions. In many cases, determining the plausible latter
conditions, including readiness of workforce, material availability (Tabucchi et al., 2009),
and cost variability of materials (Amaratunga & Haigh, 2011), may not be possible given
the limited amount of existing information from previous studies and its relevance to
future studies.
Depending on the definition of the damage limit states, more than one restoration
intervention could be recommended for each state, and in the same way, more than one
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functional capacity loss during restoration, time and cost estimates for each restoration
intervention may be possible. In this case, Equations (2‐4) and (2‐5) are used to support the
derivation of Equations (2‐2) and (2‐3). Their expected values given a damage limit state i
are found by the sum product of the corresponding expected values of these variables
given a restoration intervention j (R ) and the probability that the restoration intervention
is executed given a damage limit state i for all restoration interventions j, where m is the
number of restoration interventions under consideration.

E FCL ds

E FCL R

E RT |ds

E RT R

P R |ds

(2‐4)

P R |ds

(2‐5)

In addition to expected values, the variance of functional capacity loss and restoration time
estimates should be calculated. Total variances are found using Equations (2‐6) through
(2‐8), which are consistent with those used for deriving the total variance of physical
vulnerability functions from fragility functions, as described by D’Ayala et al. (2014) and
Rossetto et al. (2014).

var FCL im

var FCL ds

E FCL ds

P ds im

E FCL im

(2‐6)

var FCL im

var FCL ds

E FCL ds

P ds im

E FCL im

(2‐7)

var RT ds

E RT ds

var RT |im

P ds im

E RT im

(2‐8)

If Equations (2‐4) and (2‐5) are used to help derive the functional capacity loss during
restoration and restoration time, then their corresponding variances are found using
Equations (2‐9) and (2‐10).
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var FCL ds

var RT |ds

var FCL R

E FCL R

var RT R

E RT R

P R ds

P R ds

E FCL ds

E RT ds

(2‐9)

(2‐10)

Functional capacity loss and restoration time functions are calculated using fragility
functions for a finite number of damage limit states and object typologies, which represent
a collection of objects that share similar characteristics, but are rarely exactly the same. As
in the case of the uncertainty of aggregated direct consequences, which is reduced as the
number of objects included in the analysis and the number of hazard events used in
modeling increases, the uncertainty of the indirect consequences with respect to object
functional capacity loss and restoration time may also be expected to be reduced as the
number of analyzed hazard events and interconnected objects increase. Further analysis is
needed to characterize these relationships.

2.4

Estimation of functional capacity losses and downtimes for networks

2.4.1

Restoration periods and their qualitative relation to network functional
capacity

Figure 2‐1 illustrates how the functional capacity of a transport network, here measured in
terms of traffic load carrying capacity, may change over time after an earthquake. These
changes are next described during and after three events: hazard event, first inspection and
first restoration intervention. The approximate duration of these periods depends on the
network configuration and the restoration sequence, which in turn depends on the goals
and constraints of the infrastructure manager.
1.

During and after a hazard event, before inspections or restoration interventions
are performed. The general form of the loss of service curve may vary depending
on hazard type and situation. For example, whereas an earthquake results in
immediate loss of level of service (seconds, minutes), a flood may result in a
gradual loss (hours). These forms are aligned with forms exhibited by brittle,
ductile or graceful failures as defined by Ayyub (2014a). After the hazard event,
but before inspection crews are deployed, the functional capacity may remain the
same or continue to decrease at various different rates due to a number of factors
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Figure 2‐1. Functional capacity over time for transport network after earthquake event

including aftershocks, capacity overloading and provisional precautionary
closures (e.g., the inability to immediately conduct detailed inspections may lead
to temporary closures). In this period, the full or partial closure of the
infrastructure until there is time to inspect the network plays a predominant role.
In the case of transport networks, B. Liu et al. (2003) indicated that traffic
regulation may also appear as a complementary solution to closures. Similarly, in
the case of drinking water networks, infrastructure managers could operate valves
to control pressure and segment parts of the network.
2.

During and after first inspection, before restoration interventions are performed.
In this period, as inspections are performed, there may be changes to the level of
service. For example, if the inspection team finds that an object is not damaged,
the object is reopened and provides the required level of service. If, however, an
object that is in full service is inspected and found damaged, the object may be
partially or fully closed. This variation is captured in the figure through the
behavior boundaries.

3.

During and after first restoration intervention. Once restoration interventions
begin, functional capacity is on average gained at a logarithmic rate. Fluctuations
are, however, expected as some objects that were perhaps partly in service
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following the hazard event are now closed for restoration interventions. The
general shape of the curve during this period is consistent with curves derived
from observed data (Stephanie E. Chang & Nojima, 2001; H. Liu et al., 2007). There
may be variations as infrastructure managers do not necessarily try to restore
exactly the same level of service following a hazard event. These variations also
affect direct consequences. Sometimes they choose to increase the level of service
(e.g., building a wider and stronger bridge, changing the type of service offered to
convert an existing bridge from a road bridge to a rail bridge), or to decrease the
level of service (e.g., using a former highway bridge for the local road network).
The restoration process adopted also affects the shape of the curve, which in
practice may not be logarithmic.

2.4.2

Process to estimate network functional capacity and downtime

Considering the use of functional capacity loss and restoration time functions, the process
to estimate the network functional capacity and downtime is shown in Figure 2‐2.
Individual steps are described next.

2.4.2.1

(S1) Run hazard event on network

The first step is modeling a hazard event. The event shall be presented as hazard intensities
distributed over the network (i.e., intensities experienced by each object with assigned
fragility function). The metric of the hazard intensity is then the same metric used by the
fragility analysis. While specifying methods for modeling and selecting hazard events is
beyond the scope of this article, several free and open applications exist today that can
produce compatible‐in‐form events, some of which have been described by the GFDRR
(2014). For some hazards, whose intensities vary in time (e.g., floods), a hazard event
would be presented as a series of hazard intensities over the network at various pre‐
determined time steps (e.g., hours for floods).

2.4.2.2

(S2 and S3) Derive object initial functional capacity loss and
restoration time

Initial functional capacity loss and restoration time functions are developed in accordance
with the “Estimation of functional capacity losses and restoration times for single objects”
section [Section 2.3]. These functions are then used to determine the expected initial
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functional capacity loss and expected restoration time, along with their variance, for all
objects given their individual site intensities.

2.4.2.3

(S4) Select/develop restoration sequence algorithm

Several models for restoration analysis are found in today’s literature, which vary on
objectives, constraints and data requirements. Cagnan and Davidson (2004) described
several of these models. While the objective of this work is not to define a particular
restoration model (or evaluate the structure, benefits, challenges and areas of
improvements of existing ones), understanding the assumptions and limitations behind
each model prior to their use by an infrastructure manager is important in order to avoid
using a model that is misaligned to the institutional context and priorities of the
infrastructure management organization. Important considerations in the design or
selection of a restoration model are (a) the infrastructure network and exhibited damages
following a hazard event, (b) the desired infrastructure network at the end of the
restoration process, (c) the constraint(s) of the restoration process, (d) the restoration
activities, which include inspections and interventions, and (e) the sequence of restoration
activities, which require an interaction with other models.

2.4.2.4

(S5) Schedule restoration interventions and determine objects’
downtimes

To support the estimation of indirect consequences, if a restoration intervention is needed
[i.e., the initial functional capacity loss of a given object is greater that some designated
threshold (FCL )], the restoration model needs to specify the start time of the restoration
activity (t ), as well as the completion time of the restoration activity (t ). The
relationships presented in Equations (2‐11) and (2‐12) are valid for all individual objects x
in need of a restoration intervention after the time of hazard manifestation at object x site
(t ). The time of the hazard event may be the same or different for the objects. This depends
on the type of hazard (i.e., an earthquake event could cause widespread damages to the
network likely in the same time unit, while a flood event may cause damages as the flood
water reaches new areas at various time units). A time unit is subtracted in Equation (2‐12)
as restoration works are assumed to start at the beginning of time unit t and finish at the
end of time unit t . If this assumption is not desired, then the subtraction of the time unit
is no longer needed and should be removed. Equation (2‐13) indicates that objects x that
do not need a restoration intervention do not have time records associated with restoration
activities.
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Figure 2‐2. Process to estimate network functional capacity and downtime
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Some restoration algorithms may include inspections prior to the execution of restoration
works. In these cases, the start time of the inspection (t ) and the completion time of the
inspection (t ) for all individual objects x also needs to be specified. Equations (2‐14) and
(2‐15) are valid for all individual objects x independent of damage (i.e., inspections are
conducted before damages can be determined). A time unit is subtracted in Equation (2‐15)
given an assumption similar to that of Equation (2‐12). Inspections may occur as early as
the day of the hazard event. As in the case of restoration time, the estimated duration time
of inspection for object x (IT ) given that a set of inspection methods (𝐈𝐱 ) could be
performed may be defined through empirical, analytical or heuristic methods. The
inspection time depends on a number of factors, including, but not limited to qualified
inspection manpower, inspection methods traditionally utilized and to be considered, the
size of the network and political pressure to begin restoration works. Equation (2‐16) states
that for those objects in need of restoration, the restoration start time is greater than the
inspection completion time (i.e., restoration interventions may start only after an
inspection is conducted).

t
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t

t

t

t

E IT |𝐈𝐱

, ∀x

(2‐14)

1 , ∀x

, ∀x ↔ E FCL im

FCL

(2‐15)
(2‐16)

The expected downtime of an object x (D ) that needs restoration intervention is estimated
using Equation (2‐17). A time unit is added in Equation (2‐17) as the hazard event is
assumed to occur at the beginning of time unit t and the restoration work is assumed to
finish at the end of time unit t . Without this assumption, the addition of the time unit is
not required and should be removed. For objects that do not need a restoration
intervention, their downtimes are assigned by Equation (2‐18) only when the set of
inspection methods demands a reduction in functional capacity (FCL ) greater than the
functional capacity loss threshold, or by Equation (2‐19) otherwise.
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The scheduling of restoration interventions and inspections (i.e., determination of the start
times and the completion times of inspection activities) is the result of the application of
the restoration model [selected in the “(S4) Select/develop restoration sequence algorithm”
section [Section 2.4.2.3]] on the actual network topology considering expected restoration
and inspection times.

2.4.2.5

(S6) Develop network states over restoration period

When inspections are not modeled, the expected time‐dependent functional capacity loss
[FCL t ], given an intensity measure of an object x is defined by Equation (2‐20) for all
objects x that do need of a restoration intervention and by Equation (2‐21) for all objects x
in need of a restoration intervention. Functional capacity loss during restoration functions
are developed in accordance with the “Estimation of functional capacity losses and
restoration times for single objects” section [Section 2.3]. These functions are then used to
determine the expected functional capacity loss during restoration, along with their
variance, for all objects given their individual site intensities. Equations (2‐22) and (2‐23)
are used when inspections are modeled.
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Therefore, at every time step during the restoration period, the restoration model produces
a new network state with each individual object at a given functional capacity in
accordance with its state (i.e., before hazard occurrence at object site, before inspection,
during inspection, or after inspection, but before restoration, during restoration, or after
restoration). The restoration period ends when all objects in need of restoration have
undergone a restoration intervention.

2.4.2.6

(S7, S8 and S9) Non‐flow‐based and flow‐based network functional
capacity

Once the network states have been determined, an infrastructure manager may decide to
assess the network functional capacity using a non‐flow‐based metric or a flow‐based
metric. Some examples of non‐flow‐based metrics appropriate for the transport sector
include total length of network open, total distance‐based accessibility, and areal distance‐
based accessibility as presented by Stephanie E. Chang and Nojima (2001). While these are
plausible metrics, there are challenges associated with their application in the estimation
of indirect consequences due to their inability to measure the level of use of the network.
The integration of a flow‐based model considers the use of the network. Examples include
modeling the traffic flow throughout a transport network when evaluating additional
travel time, and modeling the hydraulic behavior of water networks when evaluating
differences in pressures.
The selection of models also has an impact on how network downtime is estimated. Non‐
flow‐based models require that all objects are restored before the network is regarded as
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restored. Due to their focus on network usage, flow‐based models, however, may consider
the network as restored before all comprising objects are restored. This is in particular
evident in highly‐redundant networks, which would likely have a shorter downtime than
other networks. The downtime for network X (D ) with damages that need to be
restored, where network X is comprised of all objects x given a hazard event H that begins
to manifest at a given time (t ) can be then described using Equation (2‐24) for non‐flow‐
based models, and Equation (2‐25), for flow‐based models, where t

is the time when all

the objects in of network X in need of restoration have been restored. Estimating network
downtime when using a flow‐based metric can only be performed through the actual
application of the corresponding model. When inspection activities are only required, then
Equations (2‐26) and (2‐27) may be used for non‐flow‐based models and flow‐based
models, respectively. Here, t and t are the times when inspections have begun for all
the objects in network X in need of inspection and when these inspections have been
completed. A time unit is correspondingly added in Equations (2‐24) through (2‐27), given
an assumption similar to that of Equation (2‐17). Equation (2‐28) applies when neither
inspection nor restoration activities are conducted.
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Integration of methodology into risk assessments concerned with direct
consequences

Figure 2‐3 illustrates a commonly used risk assessment process to estimate direct
consequences. Figure 2‐4, on the other hand, shows a modification to this process to
include the estimation of indirect consequences using the methodology proposed here.
Additional or modified steps include:
• determine metric to measure functional capacity of network,
• determine metric to measure functional capacity of objects,
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Figure 2‐3. Process to estimate direct consequences
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Figure 2‐4. Process to estimate direct and indirect consequences
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•
•
•
•
•

define damage limit states (modified),
derive functional capacity loss and restoration time functions,
estimate functional capacity losses and downtime for networks,
estimate indirect consequences, and
aggregate direct and indirect consequences from all hazard events (modified).

The determination of functional capacity metrics for objects (examples listed in the
“Estimation of functional capacity losses and restoration times for single objects” section
[Section 2.3]) and network [examples listed in the “(S7, S8, and S9) Non‐flow‐based and
flow‐based network functional capacity” section [Section 2.4.2.6]] are key activities. While
the latter metric influences the former, the former metric has an influence on the definition
of suitable damage limit states for the risk assessment. As described earlier, this definition
impacts the form of fragility functions, and posteriorly, the form of functional capacity loss
and restoration time functions. The selection of the mode of failure (i.e., object components
to determine damage limit states and respective damage measures) needs to be in
agreement with the metric used to describe the functional capacity loss.
While the estimation of functional capacity losses and downtimes for the network has been
addressed, the step to formally estimate indirect consequences requires further
explanation. Without additional calculations, reductions in network functional capacity
may be regarded as indirect consequences. In situations where indirect consequences are
to be later bundled with direct consequences, which are expressed in monetary terms, such
reductions need to be quantified in monetary terms as well. For these cases, costs
associated with reductions are used. Cost estimates or their process of estimation are not
covered in this work.
Having formally estimated indirect consequences, these could be added to direct
consequences. The form of aggregation depends on whether direct and indirect
consequences are bundled (i.e., expressed in monetary terms). If direct and indirect
consequences have different units, and therefore, cannot be bundled, then Equations (2‐29)
and (2‐30) are used to estimate average annual direct consequences for network X
(AADC ) and average annual indirect consequences for network X (AAIC ), respectively.
These average consequences are estimated through the sum product of the expected
consequences and the annual probability of occurrence of a hazard event H for all k hazard
events. The expected direct consequences (DC ) of an event H can be found using
Equation (2‐31) using the expected restoration direct costs (RDC ) given a damage limit
state for all damage limit states i and objects x, where n and z represent the total number
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of damage limit states and objects in network X , respectively. The estimation of the
expected indirect consequences (IC ), as indicated earlier in the “(S7, S8, and S9) Non‐
flow‐based and flow‐based network functional capacity” section [Section 2.4.2.6] and as
shown in Equation (2‐32), depends on the form of the flow‐based or non‐flow based model
for network X (Function ). The model uses the expected time‐dependent functional
capacity losses for all objects x as well as network X topology and data to estimate the
indirect consequences. If direct and indirect consequences are combined, then Equation
(2‐33) is used to calculate the average annual consequences for network X (AAC ).

AADC

E DC

AAIC

E IC

E DC

E IC

AAC

2.6

event

event

E DC

|event

|event

P event

P event

E RDC ds

Function

|event

(2‐29)

(2‐30)

P ds |im

X , E FCL t |im , ∀x

E IC

|event

P event

(2‐31)

(2‐32)

(2‐33)

Example

An illustration of the application of the methodology is described in this section using the
road transport network of the city of Basel, the third largest city in Switzerland. The Basel
metropolitan area comprises territories in neighboring Germany and France, and thus
greatly relies on its transport network, including national motorways A2 and A3, both of
which run through the city. Also running through the city is the Rhine River. Five bridges
provide connectivity between the west and east river banks. The aim of the example is to
demonstrate the estimation of functional capacity losses and restoration times for single
objects as well as their relationship with network restoration sequence, network functional
capacity loss, and network downtime to estimate indirect consequences. The next sections
follow the process shown in Figure 2‐4 with the exception of the derivation of vulnerability
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functions, estimation of direct consequences, evaluation of results, and aggregation of
direct and indirect consequences from all hazard scenarios.

2.6.1

Determine hazard of interest and conduct hazard analysis

Seismic risk is a concern in the selected area. In 1356, an intra‐plate earthquake centered
approximately 10 km south of Basel, corresponding to a probable moment magnitude Mw
between 6.7 and 7.1 occurred (Fäh et al., 2009). The earthquake destroyed the city and all
major structures within a 30‐km radius of the city, caused severe damage to buildings in
the surrounding region, and was felt as far away as Paris to the west and Prague to the east
(RMS, 2006). The event is considered to date the most damaging earthquake event in
Central Europe (Fäh et al., 2009; RMS, 2006). Data for a probable similar event are available
from the Swiss Seismological Service (Swiss Seismological Service and the U.S. Geological
Survey, 2014), including geographically‐distributed peak ground acceleration (PGA)
values for Switzerland corrected for local site amplification. Figure 2‐5 shows the hazard
event with corresponding PGA values for the City of Basel and surrounding region
ranging from 0.4 g to 1.34 g. This earthquake event was used for this example. Further
studies may incorporate earthquake events with spatially‐correlated ground motions
intensities, which have been found relevant when evaluating spatially‐distributed
networks (Jayaram & Baker, 2010). Although PGA seems to be in general the most suitable
intensity measure for the seismic demand modeling (and subsequent fragility analysis) of
a group of bridges (Padgett, Nielson, & DesRoches, 2008), it is acknowledged that PGA
may not necessarily be the most suitable intensity measure for other objects. The fragility
functions for this example, which are later described, use PGA as intensity measure.

2.6.2

Determine network of interest, and determine metric to measure
functional capacity of network

Data for the Basel road network are available from Swisstopo (Federal Office of
Topography, 2008) through the GeoVITe Project (Institute of Cartography and
Geoinformation at ETH Zurich, 2014). The network is shown in Figure 2‐6. Since the
application of a flow model may be within the scope of future work, the non‐flow metrics
selected were (a) average travel time through the network by a given vehicle, and (b)
number of unfeasible trips (i.e., driver is unable to travel from one point of the network to
another due to the closures of connecting objects).
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Figure 2‐5. Peak ground acceleration values (g) for the city of Basel for 1356 Earthquake (planning
scenario)

2.6.3

Identify and characterize objects of interest, and determine metric to
measure functional capacity of objects

Only urban tunnels, galleries and bridges of the highway, primary and secondary road
networks were selected as objects that could be damaged. Given that no ground failure
was assumed, pavements were excluded from the analysis. Some pavements run above or
along urban tunnels and galleries while others cross under bridges, and in consequence,
could also experience some level of damage depending on the earthquake event. These
situations were not considered either, but should certainly be included in future analyses
along with potential ground failure where relevant to improve consequence estimation.
The number of lanes for each object was recorded, based on their membership to a road
network or function: (a) four or two lanes for objects in the highway road network,
depending on the type of separation between lanes of opposite traffic direction, (b) two
lanes for objects in the primary and secondary road networks, and (c) one lane for all
objects whose main function is to provide (entrance and exit) traffic access to/from the
highway road network. This information enabled the determination of functional capacity

44

Figure 2‐6. Road network in Basel

loss in terms of number of lanes, which as later described has a relationship with travel
time through an object.
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2.6.4

Define damage limit states, and conduct fragility analysis

Objects were grouped as follows: (a) urban tunnels and galleries, which were assumed to
behave similarly (35 objects) for the purpose of this example, (b) bridges with a length of
less than 100 m (34 objects), and (c) bridges with a length of 100 m or more (31 objects).
These groups are here referred to as typologies, and their formal names used in this
example are listed in Table 2‐1. These typologies were cross‐referenced to object typologies
and damage limit states defined under the European Union’s Systemic Seismic
Vulnerability and Risk Analysis for Buildings, Lifeline Networks and Infrastructures
Safety Gain (SYNER‐G) Project (Pitilakis et al., 2014). This cross‐reference is summarized
in Table 2‐1 as well.
The SYNER‐G Project generated fragility functions for rectangular urban tunnels located
in the following three types of soil conditions: B, C and D, as defined in the Eurocode 8
(European Committee for Standardisation, 2004), and for reinforced concrete road bridges
in accordance to length, type of deck‐pier connection, pier height, number of columns per
pier, type of pier cross‐section, and level of seismic design. Bridges in the City of Basel
were assumed to be (a) on bearings, (b) with 10‐m‐high, single‐column piers, (c) with
circular, wall‐type rectangular or hollow rectangular pier cross‐sections, and (d) in
compliance with seismic code. To account for the variations in soil conditions (i.e., B, C and
D) for urban tunnels and in types of pier cross‐section (i.e., circular, wall‐type rectangular
or hollow rectangular) for bridges, composite fragility functions were derived for each of
the typologies defined in this example using the average values of the logarithmic mean
and the average values of the logarithmic standard deviation (dispersion) defined for each
original lognormal fragility function. Table 2‐2 lists the resulting fragility parameter
values, and Figure 2‐7 shows the composite fragility functions. The collapse damage limit
state exceedance probabilities for bridges are extremely low throughout the PGA range
observed in the City of Basel. This means that the likelihood of observing a collapsed
bridge if the same earthquake event were to take place would be very small. It is also
important to acknowledge that, in general, there are challenges in working with typologies
that have a small number of damage limit states (e.g., yielding, collapse). These challenges
are discussed in the next section. Site visits and additional data collection would have
resulted in an improved assignment, not only distinguishing the structural and
geotechnical characteristics of the objects, but also functional characteristics such as
(confirming) the number of lanes and direction of traffic. This was outside of the scope of
this work since the main interest is showing the methodology, and not precisely estimating
the indirect consequences of a similar earthquake event in Basel.
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Table 2‐1. Cross‐assignment of objects with object typologies and damage limit states defined by
the SYNER‐G Project
Objects in the
City of Basel

Assigned object typologies from SYNER‐
G Project

Corresponding
damage limit
states

Name of object
typologies used
in example

Urban tunnels
and galleries

Rectangular urban tunnels for soil
conditions B, C or D defined in the
Eurocode 8 as defined by Pitilakis et al.
(2014)

Minor,
moderate,
extensive

Rectangular
urban tunnel

Bridges with
length of less
than 100 meters

Yielding,
Bridges with length of 80 m on bearings
collapse
and 10‐m‐high, single‐column piers, in
compliance with seismic code, and with
circular, rectangular (wall‐type) or
rectangular (hollow) pier cross‐sections as
defined by Pitilakis et al. (2014); University
of Pavia (2011)

80‐meter bridge

Bridges with
length of 100
meters or more

Yielding,
Bridges with length of 120 m on bearings
collapse
and 10‐m‐high, single‐column piers, in
compliance with seismic code, and with
circular, rectangular (wall‐type) or
rectangular (hollow) pier cross‐sections as
defined by Pitilakis et al. (2014); University
of Pavia (2011)

120‐meter
bridge

Table 2‐2. Median and dispersion of the composite fragility functions
Fragility
function
parameters

Object typology
Rectangular urban tunnel

80‐meter bridge

120‐meter bridge

Damage limit state
Minor

Moderate

Extensive

Yielding

Collapse

Yielding

Collapse

Median (g)

0.47

0.89

1.25

1.266

3.255

1.429

3.929

Dispersion

0.55

0.55

0.55

0.578

0.285

0.672

0.424

47

Figure 2‐7. Composite fragility functions by object typology (PGA in g units)

2.6.5

Derive functional capacity loss and restoration time functions

Estimates for expected initial functional capacity losses and expected restoration times
were obtained from HAZUS‐MH (FEMA, 2003a). HAZUS‐MH data resulted from an
expert solicitation process, and are used widely in risk assessments. The first step was to
match the damage limit states used in the example with those of HAZUS‐MH. This cross‐
reference as well as the expected values used for the initial functional capacity losses and
restoration times, including standard deviation estimates for restoration time, are shown
in Table 2‐3. No standard deviation estimates are listed in HAZUS‐MH for initial
functional capacity losses. Since HAZUS‐MH does not provide estimates for expected
functional capacity losses during restoration as here defined, the following assumption
was made: objects have the same level of functional capacity loss during restoration as the
initial functional capacity loss when the latter is less than or equal to 0.70 (slightly higher
than two‐thirds of their functional capacity); otherwise, the functional capacity loss during
restoration is set to one (i.e., complete closure during restoration). This threshold would
need to be validated in the future through expert solicitation.
Using Equations (2‐1) through (2‐3), and (2‐6) through (2‐8), the initial functional capacity
loss, functional capacity loss during restoration and restoration time functions are derived
and shown in Figure 2‐8 through Figure 2‐10, respectively. The derived functions show
that urban tunnels are likely to experience higher functional capacity losses, and therefore
higher restoration times, than bridges. This is driven mainly by the original estimated
fragilities. These functions also demonstrate that in the case of restoration time functions,
the standard deviation is higher than the expected values for the specified PGA range. This
is also observed in expected functional capacity loss functions, both initial and during
restoration, at lower hazard intensity values. Increasing the number of damage limit states
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Table 2‐3. Parameters for functional capacity loss and restoration time functions
Object typology
Rectangular urban tunnel

80‐meter bridge

120‐meter bridge

Damage limit state
Minor
HAZUS‐MH
object typology
HAZUS‐MH
damage limit
state

Moderate Extensive

Yielding

Tunnel
Slight

Collapse

Yielding

Bridge

Collapse

Bridge

Moderate Extensive Moderate Complete Moderate Complete

Initial functional
capacity loss
E FCL ds

0.10

0.75

0.95

0.70

1.00

0.70

1.00

Functional
capacity loss
during
restoration
E FCL ds

0.10

1.00

1.00

0.70

1.00

0.70

1.00

Mean restoration
time (days)
E RT ds

0.50

2.40

45.00

2.50

230.00

2.50

230.00

Std. dev. of
restoration time
(days)

0.30

2.00

30.00

2.70

110.00

2.70

110.00

var RT ds

along with better estimates for functional capacity loss and restoration time could have an
effect on the estimated standard deviation. The idea is not to reduce the standard deviation
as estimates come from diverse experiences and contexts. The goal is to have an accurate
representation of probable functional capacity losses and restoration times. In contrast to
the SYNER‐G Project, HAZUS‐MH introduces four damage limit states for bridges and
tunnels (i.e., slight, moderate, extensive and complete), and hence could better represent
partial functional capacity losses. This option could be explored.
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Figure 2‐8. Initial functional capacity loss functions by object typology (PGA in g units)

Figure 2‐9. Functional capacity loss during restoration functions by object typology (PGA in g
units)

2.6.6
2.6.6.1

Estimate functional capacity losses and downtime for networks
(S1) Run hazard event on network, and (S2 and S3) derive object
initial functional capacity loss and restoration time

After running the selected earthquake event, the results for initial functional capacity
losses and restoration times are summarized by typology in Figure 2‐11. As expected,
rectangular urban tunnels in general are likely to experience higher expected functional
capacity losses, and therefore, possess higher expected restoration times. The results for
the 80‐m bridge typology and the 120‐m bridge typology are influenced by the number of
damage limit states (yielding and collapse) and their corresponding parameters.
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Figure 2‐10. Restoration time functions by object typology (PGA in g units)

Figure 2‐11. Summary of functional capacity losses (initial and during restoration) and restoration
times by object typology

2.6.6.2

(S4) Select/develop restoration sequence algorithm

To assess the functional capacity of objects over time, where a time unit is here defined as
a day, a simple restoration algorithm was developed, which included considerations to
functional capacity loss threshold, inspection activities, and available restoration work
crews. The algorithm set the time of the earthquake event at zero (i.e., t
0). This time
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was the same for all object sites (i.e., t

t

t , ∀ x, y ∈ X ). All inspection activities

were assumed to take place at the beginning of the process and their completion was
t ∩ t
t , ∀ x, y ∈ X ).
required before any restoration work could begin (i.e., t
The functional capacity loss during inspection was equal to the initial functional capacity
loss [i.e., E FCL |im
E FCL |𝐈𝐱 ]. Considering a functional capacity loss threshold to
trigger a restoration intervention, Equations (2‐11) through (2‐16) were maintained as
specified previously, with the exception of Equation (2‐12), where the expected restoration
⌈E RT |im ⌉] to
of objects was rounded up to the nearest integer [i.e., E RT |im
implicitly accounting for the traveling of work crews from one site to the next upon
completion of a restoration intervention. The algorithm determined the restoration
sequence for the 100 selected objects based on the available number of work crews that
may work in parallel and the prioritization criterion used to rank needed restoration
works. Although important, neither object interdependencies, network flow behavior, nor
membership to highway, primary or secondary road networks were considered—objects
were regarded to be independent. These are clear limitations of the algorithm, which pose
opportunities for improvement, and should be considered in future work through
additions and modifications to the current (baseline) algorithm. The pseudocode for the
algorithm is shown in Figure 2‐12.

2.6.6.3

(S5) Schedule restoration interventions and determine object’s
downtimes

Considering that the functional capacity loss threshold was set to 0.1 for all objects (i.e.,
FCL
0.1), four objects were exempt from restoration interventions, and therefore, were
not assigned start or completion restoration times. This was not determined by the
algorithm until all inspections were conducted. The fixed inspection time was set to 3 days
[i.e., E IT |𝐈𝐱
3]. This meant beginning all inspection activities the day following the
earthquake event (i.e., t
1) and completing them by the end of the third day (i.e., t
3). The number of available work crews was set to 20 (i.e., only 20 objects could be restored
in a given time interval). Two prioritization criteria were explored, each of which yielded
to different restoration sequences, and network states in consequence:
 (criterion A) by expected number of lane‐meters loss (high to low), which are
estimated by the product of the initial functional capacity loss and lane‐meters,
and
 (criterion B) by expected restoration time (low to high), and then by lane‐meters
(high to low).
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#Collect parameters needed for restoration analysis
1. Start downtime counter.
2. Define functional capacity loss threshold that triggers restoration works.
3. Define inspection time.
4. Define number of work crews.
#Derive parameters to use for restoration analysis
5. Estimate number of open lanes for each object based on respective initial functional
capacity losses and number of lanes.
6. Round up expected restoration times for each object to nearest integer.
#Conduct inspections
7. Categorize objects with initial functional capacity loss under or at threshold as “objects
restored”.
8. Categorize objects with initial functional capacity loss above threshold as “objects in
need of restoration”.
9. Record number of open lanes for each object at current time step.
10. Add a time step to the downtime counter.
11. Repeat steps 9 and 10 for the duration of the inspection time.
#Prioritize restoration works
12. Define prioritization criterion.
13. Rank “objects in need of restoration” in accordance with prioritization criterion.
#Run through restoration sequence
14. Re‐categorize the first set of “objects in need of restoration”, as “objects under
restoration”, where the set size is equal to the number of work crews that are available
(i.e., work crews without an assigned restoration task).
15. Record start restoration time based on current downtime counter and end restoration
time based on expected restoration time for all “objects under restoration”.
16. Estimate number of open lanes for “objects under restoration” based on respective
functional capacity losses during restoration and number of lanes.
17. Record number of open lanes for each object at current time step.
18. Re‐categorize “objects under restoration” as “objects restored” if the end restoration
times of those object match the current downtime counter.
19. Estimate number of open lanes for “objects restored” based on respective number of
lanes.
20. Add a time step to the downtime counter.
21. Repeat steps 14 to 21 until all objects are categorized as “restored”.
#Record final state of the network
22. Record number of open lanes for each object at final time step.
Figure 2‐12. Restoration algorithm pseudocode
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While criterion A enables the infrastructure manager to immediately address objects with
the largest functional capacity loss, criterion B allows the infrastructure manager to quickly
complete the restoration of a first group of objects. Incorporating lane‐meters in both
criteria considered the relative importance of objects (i.e., the larger the object in terms of
length and number of lanes, the more likely the object is more important to the network
due to its capacity). The values of criteria A and B for each object and the estimated start
and completion restoration time are summarized in Table 2‐4. Given Equation (2‐17), the
downtimes of all objects undergoing restoration are estimated to be one unit greater than
the completion restoration time considering that the time of the earthquake event was set
to zero for all objects. Downtimes for objects not needing restoration were set to zero given
Equation (2‐19).

Table 2‐4. Start and completion restoration times for objects given criteria A and B
Object
typology

Criterion A
lane‐meters x
𝐄 𝐅𝐂𝐋𝐒𝐱 𝐢𝐦𝐱

Criterion B
(primary)
𝐄 𝐑𝐓𝐱 |𝐢𝐦𝐱

Criterion B
(secondary)
lane‐meters

628

080B

9

0.35

646

080B

8

1034

120B

1347

ID

Criterion A

Criterion B

𝐭 𝐑𝐒
𝐱

𝐭 𝐑𝐂
𝐱

𝐭 𝐑𝐒
𝐱

𝐭 𝐑𝐂
𝐱

89

0

0

0

0

0.35

85

0

0

0

0

101

0.88

483

15

15

4

4

080B

14

1.29

42

35

36

5

6

1423

080B

39

1.21

119

30

31

4

5

2059

120B

54

0.45

442

26

26

4

4

2459

120B

43

0.34

455

0

0

0

0

2767

080B

14

0.3

163

0

0

0

0

2785

120B

74

0.71

415

20

20

4

4

2848

080B

10

0.41

86

36

36

4

4

2854

080B

4

0.41

38

37

37

4

4

2988

120B

111

2.27

348

12

14

7

9

2989

120B

88

2.27

277

17

19

7

9

2993

080B

33

1.5

88

32

33

5

6

2995

120B

36

2.27

113

31

33

7

9

2998

120B

1132

2.27

3552

4

6

7

9

2999

120B

1130

2.27

3546

4

6

7

9
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Object
typology

Criterion A
lane‐meters x
𝐄 𝐅𝐂𝐋𝐒𝐱 𝐢𝐦𝐱

Criterion B
(primary)
𝐄 𝐑𝐓𝐱 |𝐢𝐦𝐱

Criterion B
(secondary)
lane‐meters

3007

120B

69

2.27

3008

080B

52

3010

120B

3086

ID

Criterion A

Criterion B

𝐭 𝐑𝐒
𝐱

𝐭 𝐑𝐂
𝐱

𝐭 𝐑𝐒
𝐱

𝐭 𝐑𝐂
𝐱

217

23

25

7

9

1.5

139

27

28

5

6

74

2.27

232

20

22

7

9

RUT

1171

24.87

1674

4

28

11

35

3088

RUT

1172

24.87

1674

4

28

11

35

3156

080B

22

1.21

68

34

35

5

6

3266

RUT

115

23.88

169

11

34

10

33

3358

120B

32

0.39

295

32

32

4

4

3717

120B

90

0.64

545

16

16

4

4

3870

RUT

54

5.62

198

25

30

9

14

3871

RUT

45

5.62

165

29

34

9

14

3875

RUT

79

5.62

290

17

22

9

14

3876

RUT

44

5.62

163

29

34

10

15

3877

RUT

51

5.62

189

29

34

9

14

3878

RUT

26

5.62

95

33

38

10

15

3905

RUT

909

7.75

2705

4

11

10

17

3906

RUT

905

7.75

2693

4

11

10

17

4343

080B

48

1.56

128

29

30

5

6

4346

080B

43

1.56

113

29

30

5

6

4347

080B

41

1.56

109

29

30

5

6

4349

080B

20

1.56

52

35

36

6

7

4363

120B

597

2.42

1838

4

6

7

9

4364

120B

195

2.42

599

7

9

8

10

4365

120B

318

2.42

977

4

6

7

9

4367

RUT

26

24.87

37

32

56

18

42

4372

RUT

58

25.35

82

23

48

23

48

4373

RUT

375

24.87

536

4

28

15

39

4374

RUT

652

24.87

931

4

28

15

39
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Object
typology

Criterion A
lane‐meters x
𝐄 𝐅𝐂𝐋𝐒𝐱 𝐢𝐦𝐱

Criterion B
(primary)
𝐄 𝐑𝐓𝐱 |𝐢𝐦𝐱

Criterion B
(secondary)
lane‐meters

4375

RUT

129

24.87

4376

RUT

327

4424

120B

4490

ID

Criterion A

Criterion B

𝐭 𝐑𝐒
𝐱

𝐭 𝐑𝐂
𝐱

𝐭 𝐑𝐒
𝐱

𝐭 𝐑𝐂
𝐱

184

10

34

18

42

24.87

468

4

28

15

39

22

0.39

201

34

34

4

4

RUT

26

12.48

56

33

45

10

22

4491

RUT

25

12.48

55

33

45

10

22

4515

RUT

255

12.48

556

4

16

10

22

4516

120B

89

0.64

543

17

17

4

4

4517

RUT

253

12.48

552

4

16

10

22

4525

120B

40

0.39

371

29

29

4

4

4644

RUT

175

7.75

519

7

14

10

17

4672

120B

38

0.39

357

31

31

4

4

4762

RUT

122

23.88

178

10

33

10

33

4765

RUT

267

24.87

382

4

28

16

40

4766

120B

41

1.78

141

29

30

7

8

4768

120B

39

1.78

135

30

31

7

8

4769

120B

58

1.78

200

23

24

7

8

4773

RUT

279

24.87

399

4

28

16

40

4863

080B

10

0.79

46

36

36

4

4

4868

080B

34

0.66

186

32

32

4

4

4874

080B

21

0.66

114

35

35

4

4

4922

080B

4

0.92

17

37

37

4

4

5059

080B

11

0.41

93

36

36

4

4

5171

120B

143

2.27

448

7

9

7

9

5184

080B

71

1.56

189

21

22

5

6

5185

080B

11

1.56

29

36

37

7

8

5186

080B

22

1.56

57

34

35

5

6

5187

080B

24

1.56

65

34

35

5

6

5224

120B

42

2.27

133

29

31

7

9
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Object
typology

Criterion A
lane‐meters x
𝐄 𝐅𝐂𝐋𝐒𝐱 𝐢𝐦𝐱

Criterion B
(primary)
𝐄 𝐑𝐓𝐱 |𝐢𝐦𝐱

Criterion B
(secondary)
lane‐meters

5230

RUT

38

24.87

5231

RUT

378

5236

RUT

5329

ID

Criterion A

Criterion B

𝐭 𝐑𝐒
𝐱

𝐭 𝐑𝐂
𝐱

𝐭 𝐑𝐒
𝐱

𝐭 𝐑𝐂
𝐱

54

31

55

18

42

25.35

534

4

29

23

48

101

25.35

143

12

37

23

48

120B

24

0.39

226

34

34

4

4

5510

120B

575

2.42

1771

4

6

7

9

5511

120B

578

2.42

1779

4

6

7

9

5953

080B

25

1.56

68

33

34

5

6

5964

120B

34

2.42

105

32

34

9

11

5966

120B

35

2.42

107

31

33

8

10

5980

080B

47

1.56

124

29

30

5

6

6358

080B

21

1.56

56

35

36

5

6

6440

080B

11

1.56

30

35

36

7

8

6475

RUT

138

25.35

195

7

32

23

48

6489

080B

12

1.56

31

35

36

6

7

6660

080B

37

1.39

103

31

32

5

6

6673

RUT

96

24.87

137

15

39

18

42

6674

RUT

214

24.87

305

7

31

18

42

6955

RUT

12

7.75

35

35

42

10

17

6961

RUT

13

7.75

37

35

42

10

17

6996

080B

18

1.21

56

35

36

5

6

7003

120B

76

1.4

286

18

19

5

6

7027

080B

36

0.99

130

31

31

4

4

7032

080B

29

1.06

99

32

33

4

5

7055

RUT

1163

24.87

1661

4

28

15

39

7058

RUT

1165

24.87

1664

4

28

12

36

7423

080B

138

1.39

388

7

8

5

6

7424

080B

138

1.39

388

9

10

5

6

Note: RUT = Rectangular Urban Tunnel; 080B = 80‐meter Bridge; 120B = 120‐meter Bridge
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2.6.6.4

(S6) Develop network states over restoration period

Since inspections were included in the algorithm, Equations (2‐22) and (2‐23) were used to
assign the functional capacity losses over time. Figure 2‐13 shows the restoration progress
over time in terms of open lane‐meters for the two criteria. One can observe, however, that
if restoration criterion A (blue solid line) is used then the restoration sequence selected
provides the highest number of open lane‐meters for approximately the second half of the
restoration period. The number of open lane‐meters during the first half is dominated by
the application of restoration criterion B (red solid line). These observed differences in
terms of open lane‐meters underline the importance of determining adequate restoration
strategies. While Figure 2‐13 communicates the large picture of the restoration progress, it
is important to individually assess the condition of each object. Table 2‐5 shows how
selected objects change in terms of number of lanes opened at selected time steps of the
restoration periods determined by the two criteria explored.

2.6.6.5

(S7) Estimate non‐flow‐based network functional capacity

The network functional capacity was estimated using a non‐flow metric. Steps S8 and S9
from the process presented in Figure 2‐2 were not considered in the example. Since a non‐
flow metric is used, the estimated network downtimes are 58 and 50 days for criteria A and
B, respectively. Considering that the time of the earthquake event was set to zero for all
objects, per Equation (2‐24) and its assumption on the timing of the events, downtimes are
one unit longer than the completion time of all restoration activities (t ), which are shown
as discontinuous lines in Figure 2‐13.

Table 2‐5. Number of open lanes of selected objects at discrete time steps
ID

Object typology

Criterion
A

B
𝐭

A

𝟏𝟎

B
𝐭

A

𝟐𝟎

B
𝐭

A

𝟑𝟎

B
𝐭

𝟒𝟎

1347

080B

1

2

1

2

1

2

2

2

1423

080B

1

2

1

2

1

2

2

2

2998

120B

4

4

4

4

4

4

4

4

2999

120B

4

4

4

4

4

4

4

4

3008

080B

1

2

1

2

2

2

2

2
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ID

Object typology

Criterion
A

B
𝐭

A

𝟏𝟎

B
𝐭

A

𝟐𝟎

B
𝐭

A

𝟑𝟎

B
𝐭

𝟒𝟎

3086

RUT

0

1

0

0

2

0

2

2

3088

RUT

0

1

0

0

2

0

2

2

3156

080B

1

2

1

2

1

2

2

2

3266

RUT

1

0

0

0

0

0

2

2

3876

RUT

1

1

1

2

1

2

2

2

3877

RUT

1

1

1

2

1

2

2

2

3905

RUT

1

1

2

2

2

2

2

2

3906

RUT

1

1

2

2

2

2

2

2

4343

080B

1

2

1

2

1

2

2

2

4346

080B

1

2

1

2

1

2

2

2

4347

080B

1

2

1

2

1

2

2

2

4349

080B

1

2

1

2

1

2

2

2

4363

120B

4

4

4

4

4

4

4

4

4364

120B

2

1

2

2

2

2

2

2

4365

120B

2

2

2

2

2

2

2

2

4367

RUT

0

0

0

0

0

0

0

0

4372

RUT

0

0

0

0

0

0

0

0

4373

RUT

1

1

1

1

4

1

4

4

4374

RUT

1

1

1

1

4

1

4

4

4375

RUT

0

0

0

0

0

0

1

0

4376

RUT

1

1

1

1

4

1

4

4

4515

RUT

1

1

2

1

2

2

2

2

4517

RUT

1

1

2

1

2

2

2

2

4644

RUT

1

1

2

2

2

2

2

2

4762

RUT

0

0

0

0

0

0

1

1

4765

RUT

0

0

0

0

1

0

1

0

4773

RUT

0

1

0

0

2

0

2

0
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ID

Object typology

Criterion
A

B
𝐭

A

𝟏𝟎

B
𝐭

A

𝟐𝟎

B
𝐭

A

𝟑𝟎

B
𝐭

𝟒𝟎

5171

120B

2

2

2

2

2

2

2

2

5184

080B

1

2

1

2

2

2

2

2

5186

080B

1

2

1

2

1

2

2

2

5187

080B

1

2

1

2

1

2

2

2

5230

RUT

0

0

0

0

0

0

0

0

5231

RUT

0

1

0

1

2

0

2

0

5236

RUT

1

1

0

1

0

0

2

0

5510

120B

4

4

4

4

4

4

4

4

5511

120B

4

4

4

4

4

4

4

4

5953

080B

1

2

1

2

1

2

2

2

5980

080B

1

2

1

2

1

2

2

2

6358

080B

1

2

1

2

1

2

2

2

6440

080B

1

2

1

2

1

2

2

2

6475

RUT

0

1

0

1

0

0

2

0

6660

080B

1

2

1

2

1

2

2

2

6673

RUT

0

0

0

0

0

0

1

0

6674

RUT

0

1

0

0

0

0

2

0

6996

080B

1

2

1

2

1

2

2

2

7003

120B

1

2

2

2

2

2

2

2

7027

080B

1

2

1

2

1

2

2

2

7032

080B

1

2

1

2

1

2

2

2

7055

RUT

0

1

0

0

2

0

2

2

7058

RUT

0

1

0

0

2

0

2

2

7423

080B

4

4

4

4

4

4

4

4

7424

080B

3

4

4

4

4

4

4

4

Note: RUT = Rectangular Urban Tunnel; 080B = 80‐meter Bridge; 120B = 120‐meter Bridge
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Figure 2‐13. Lane‐meters open over time

The first step in determining the network functional capacity is to generate a clean
representation of the network that may be used in graph analysis. The geospatial data
gathered from the GeoVITe project were the base data used, and are comprised of line
segments that represent the various objects (e.g., bridges, tunnels, pavement sections).
Each segment contains two attributes, a “from node” and a “to node”, that were used to
establish the connections between the segments (i.e., the node from which the segment
starts, and the node where the segment ends). A short algorithm was developed and run
to generate a directed network graph from the geospatial data by merging segments into
links based on node relationship and road category membership, where links are here
defined as the series of segments where traffic does not change pattern (i.e., drivers do not
make a route choice). The new links would inherit the attributes of the original segments
(e.g., road category membership), and adopt new values from all the original segments
(e.g., total length as the sum of individual lengths) or from selected segments (e.g., “from
node” and “to node” from segments located at the ends of the link). The algorithm included
a self‐verification function to test the quality of the resulting graph. This verification
included the identification of isolated individual links or set of links (or islands as
commonly referred to). Finally, the algorithm assumed that all links in the primary and
secondary road network and selected links in the highway road network, depending on
the type of separation between lanes of opposite traffic direction, were bidirectional. All
other links were set as unidirectional. The resulting graph consisted of 1043 links and 392
nodes.
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By setting the free‐flow speed of the primary and secondary road network to 50 km/h and
of the highway road network to 100 km/h, the impact on average travel time from all nodes
to all nodes could be estimated. To calculate the estimated time at which cars may travel
through a link, which could have been damaged by an earthquake event, Equations (2‐34)
and (2‐35) are proposed. These equations were derived from the Bureau of Public Roads
equation to estimate link travel times as a function of the volume‐to‐capacity ratio (Martin
& McGuckin, 1998), which has been used in previous studies to estimate changes in traffic,
including those of Bocchini and Frangopol (2011), Chen, Yang, Lo, and Tang (2002), Decò
and Frangopol (2013), and Torbol and Shinozuka (2012).

E TT t |im

E TT t 𝐗 |event

length
speed

1

α

|1

lanes
E FCL t |im

length𝐗 ∑ ∈𝐗 length
speed𝐗

1

lanes |
E TT t |im

α

(2‐34)

(2‐35)

∈𝐗

Equation (2‐34) estimates the expected time‐dependent travel time [TT t )] through an
object x that could be damaged. The travel time through this object is defined as the free‐
flow travel time through this object (length /speed ) multiplied by a percentage factor
defined by two parameters, α and β, which are typically assumed to be 0.15 and 4.0,
respectively, and one ratio. The ratio establishes an approximate relationship between the
volume that is expected to flow through the object and the residual functional capacity by
dividing the original number of lanes (lanes ) by the potentially reduced number of lanes
after a hazard event and during the restoration period. This assumes that lanes were
running at capacity before the earthquake event. If fractions of lanes are modeled, then
there is no need to round the ratio’s denominator and the number of lanes in the numerator
and denominator will cancel each other. It is also noticed that the expected time‐dependent
travel time approaches infinity as the expected time‐dependent functional capacity loss
approaches one. This behavior is adequate given that vehicles should not travel through a
closed road. Future research should focus on determining the impact of non‐linear
functions on network functional capacity estimations. For example, instead of calculating
the expected functional capacity losses based on percentage of closed lanes, these
percentages could have been converted to reduced speed or additional travel time through
the various objects first, and then use these derived metrics to calculate expected functional
capacity losses.
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Equation (2‐35) estimates the expected time‐dependent travel time through a link 𝐗
(TT t 𝐗 ), which may have one or more objects that could be damaged (x ∈ 𝐗). In this case,
the travel time through this link is defined as the sum of the travel time estimated for each
object and the remaining length of the link (length𝐗 ∑ ∈𝐗 length ), assuming an
instantaneous change of speed within a link. Since the capacity of the remaining length of
the link is not affected by the earthquake event (i.e., volume‐capacity ratio is equal to 1),
the percentage factor is simply defined by one parameter (i.e., α). Results for links that
include bridges and urban tunnels are presented in Table 2‐6. All the estimations in the
example do not account for the direction of traffic in bidirectional roads. For example, the
travel time on a road with two lanes with opposite traffic and one lane closed is different
than the travel time on a road with two lanes with the same traffic direction and one lane
closed. Here, these were assumed to be the same. Subsequent studies would need to
address these differences.

Table 2‐6. Expected travel time through links with bridges and urban tunnels at discrete time steps
Object
ID(s) in
link

Criterion
A

B
𝐭

A

𝟏𝟎

B
𝐭

A

𝟐𝟎

B
𝐭

A

𝟑𝟎

B
𝐭

𝟒𝟎

628

36

36

36

36

36

36

36

36

646

12

12

12

12

12

12

12

12

1034

39

39

39

39

39

39

39

39

1347 1423

72

59

72

59

72

59

59

59

2059

32

32

32

32

32

32

32

32

2459

29

29

29

29

29

29

29

29

2767

7

7

7

7

7

7

7

7

2785

36

36

36

36

36

36

36

36

2848

11

11

11

11

11

11

11

11

2854

6

6

6

6

6

6

6

6

2988

15

15

15

15

15

15

15

15

2989

14

14

14

14

14

14

14

14

2993

8

8

8

8

8

8

8

8

2995

7

7

7

7

7

7

7

7
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Object
ID(s) in
link

Criterion
A

B
𝐭

A

𝟏𝟎

B
𝐭

A

𝟐𝟎

B
𝐭

A

𝟑𝟎

B
𝐭

𝟒𝟎

2998

48

48

48

48

48

48

48

48

2999

47

47

47

47

47

47

47

47

3007

9

9

9

9

9

9

9

9

3008

9

3

9

3

3

3

3

3

3010

10

10

10

10

10

10

10

10

3086

Inf

102

Inf

Inf

35

Inf

35

35

3088

Inf

102

Inf

Inf

35

Inf

35

35

3156

73

67

73

67

73

67

67

67

3266

50

Inf

Inf

Inf

Inf

Inf

36

36

3358

45

45

45

45

45

45

45

45

3717

48

48

48

48

48

48

48

48

3870

8

8

8

8

8

8

8

8

3871

7

7

7

7

7

7

7

7

3875

12

12

12

12

12

12

12

12

3876

10

10

10

3

10

3

3

3

3877

12

12

12

4

12

4

4

4

3878

4

4

4

4

4

4

4

4

3905

166

166

56

56

56

56

56

56

3906

165

165

56

56

56

56

56

56

4346

25

16

25

16

25

16

16

16

4347

20

11

20

11

20

11

11

11

4349 4343

22

7

22

7

22

7

7

7

4363

37

37

37

37

37

37

37

37

4364

15

39

15

15

15

15

15

15

4365

23

23

23

23

23

23

23

23

4372

Inf

Inf

Inf

Inf

Inf

Inf

Inf

Inf

4373

190

190

190

190

6

190

6

6
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Object
ID(s) in
link

Criterion
A

B
𝐭

A

𝟏𝟎

B
𝐭

A

𝟐𝟎

B
𝐭

A

𝟑𝟎

B
𝐭

𝟒𝟎

4374

330

330

330

330

10

330

10

10

4375 4367

Inf

Inf

Inf

Inf

Inf

Inf

Inf

Inf

4376

166

166

166

166

5

166

5

5

4424

10

10

10

10

10

10

10

10

4490

8

Inf

8

Inf

8

8

Inf

8

4491

8

Inf

8

Inf

8

8

Inf

8

4515

34

34

12

34

12

12

12

12

4516

52

52

52

52

52

52

52

52

4517

34

34

11

34

11

11

11

11

4525

17

17

17

17

17

17

17

17

4644

75

75

33

33

33

33

33

33

4672

16

16

16

16

16

16

16

16

4765

Inf

Inf

Inf

Inf

16

Inf

16

Inf

4768 5230

Inf

Inf

Inf

Inf

Inf

Inf

Inf

Inf

4769

19

19

19

19

19

19

19

19

4773 5236

Inf

100

Inf

Inf

Inf

Inf

57

Inf

4863

24

24

24

24

24

24

24

24

4868

25

25

25

25

25

25

25

25

4874

33

33

33

33

33

33

33

33

4922

23

23

23

23

23

23

23

23

5059

18

18

18

18

18

18

18

18

5171

19

19

19

19

19

19

19

19

5184

116

101

116

101

101

101

101

101

5185

9

9

9

9

9

9

9

9

Inf

47

Inf

47

Inf

Inf

31

Inf

9

4

9

4

9

4

4

4

Inf

Inf

Inf

Inf

Inf

Inf

21

21

5186 6475
5187
5224 4762
4766
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Object
ID(s) in
link

Criterion
A

B
𝐭

A

𝟏𝟎

B
𝐭

A

𝟐𝟎

B
𝐭

A

𝟑𝟎

B
𝐭

𝟒𝟎

5231

Inf

40

Inf

40

19

Inf

19

Inf

5329

20

20

20

20

20

20

20

20

5510

18

18

18
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Note: Inf = infinite/users are unable to travel through link; RUT = Rectangular Urban Tunnel; 080B
= 80‐meter Bridge; 120B = 120‐meter Bridge
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2.6.7

Estimate indirect consequences

The shortest paths between all nodes were determined using Dijkstra’s algorithm and
considered the travel time through links as weights. From these calculations and assuming
that drivers know the shortest path between two points in advance, it is possible to
estimate the expected average travel time of a given car through the network. An origin‐
destination matrix (i.e., flow) would be required to better estimate the expected average
travel time through the network. As indicated earlier, the analysis also included the
determination of the number of unfeasible paths. Both of these results are shown in Figure
2‐14, where it is observed that the restoration strategy using criterion A slightly
outperforms the strategy using criterion B. The completion times of all restoration activities
(t ) are shown as discontinuous lines in Figure 2‐14.
The topology of the network has an effect on the results. These results are consistent with
the findings of X. Zhang, Miller‐Hooks, and Denny (2015), who determined that highly‐
connected (redundant) networks, often found in road networks of large urban cities, are
the least impacted by hazard events. In this study’s example, the maximum average travel
times of a given vehicle throughout the restoration period increase by 14% and 19% with
respect to the pre‐event average travel time of a given vehicle for criteria A and B,
respectively. The maximum numbers of unfeasible paths throughout the restoration period
represent 7% and 10% of all feasible paths in the network for criteria A and B, respectively.
While both of these number sets seem relatively low, the actual criticality of travel times
and paths needs to be further assessed by integrating use (e.g., traffic flow) and network
configuration (e.g., critical destinations such as hospitals, critical origins in the event of
needing evacuation). It is also important to mention that additional paths could have been
deemed unfeasible had their estimated travel time been significantly larger than a user‐
defined threshold (e.g., travel time increased by 10 times after the earthquake event). Given
the non‐linearity of Equation (2‐34), such measure should be considered when results yield
significantly higher, unrealistic estimates.

2.7

Conclusions

The methodology presented to integrate functional loss assessment and restoration
analysis into disaster risk assessments for networks affected by natural hazards can be used
to estimate the indirect consequences (e.g., average travel time of a given car through the
network). For transport networks, the methodology may be used to estimate average travel
time of traffic through the network, vehicle operating costs, accident costs and
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Figure 2‐14. Average travel time and number of unfeasible paths

environmental costs. The methodology (a) is both integrated (starting from a hazard event
all the way to network restoration and consequence estimation) and quantitative, (b) can
be used when taking into consideration a large number of hazard events and a large
network, and (c) poses a computational advantage over modeling all possible network
discrete states. In the example conducted, the road network of the City of Basel, which (in
this work) includes 35 urban tunnels with 3 possible damage limit states and 65 bridges
with 2 possible damage limit states, has 435 × 365 network discrete states for just one hazard
event after considering the “no damage” limit states. Furthermore, the methodology
includes provisions for estimating the variance of functional capacity losses (initial and
during restoration) and restoration times. Their application to better understand the
variability of indirect consequences and how results may compare to those obtained
through sampling network discrete states should be explored in the near term. The use of
the methodology will greatly increase the understanding of infrastructure managers on
how the network is likely to provide service immediately after the occurrence of a hazard
event, and how service provision could change over time. With this information,
infrastructure managers are better‐equipped to optimally plan preventive risk‐reducing
interventions for their network infrastructure.
The example for the road network of the City of Basel was used to demonstrate the
practical application of the methodology, and showed the interrelation between functional
loss assessment and restoration analysis. Given that the example was conducted using only
publicly available data and numerous assumptions were required, the results of the
example are not representative of possible indirect consequences related to the road
transport network that would be incurred in the City of Basel if a similar hazard event
takes place. Representative results would require considerably more work with respect to
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the collection of field data, discussions with local experts, as well as refinement of models
and assumptions. All of these were beyond the scope of this work and subject of future
work. In addition to potentially implementing some of the enhancements previously
discussed, which could be prioritized based on a sensitivity analysis to determine the
contributions of individual models to the final results, one immediate step of this work is
to test the methodology on a transport network impacted by flood hazard events [e.g.,
Adey, Hackl, Heitzler, and Iosifescu (2014) and Hackl, Adey, Heitzler, and Iosifescu‐
Enescu (2015)], and/or a different type of network. Improvements to the example may be
conducted using the process proposed by Adey et al. (2016). In general, enhancements to
the methodology are also foreseen, given the state of research of risk assessments for
networks.
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Chapter 3
Modelling the functional capacity
losses of networks exposed to hazards

To further support the determination of the state of resilience of systems as
indicated in Section 1.3, this chapter extends the conceptual model of Chapter 2. In
this chapter, the level of service loss and restoration over time is estimated
considering multiple types of hazards that are modeled as time‐dependent events
(e.g., combined flood and landslide hazard events that are simulated in a time
series). This extension supports the estimation of level of service loss during the
occurrence of a hazard event when the loss is not caused by physical damages (e.g.,
objects inundated temporarily). Furthermore, the extension gives consideration to
possible preventive interventions that may be executed during the restoration
period. The utility of the extended conceptual model is demonstrated using an
example road system located in the area around Chur, Switzerland, which is
subjected to rainfall‐triggered flood and mudflow hazard events of 1000‐year
return period.

The key assumptions used in the conceptual model presented in this chapter are as
follows25:
 when deciding to conduct preventive interventions on objects, managers only use
the level of service loss related to these objects as a decision variable, disregarding
potential contributions of adjacent objects to such losses,
 the level of service loss of an object due to inspection activities (e.g., closure of a
bridge for inspection) only considers a set of inspection activities that may
generally be conducted, excluding observed site conditions, and

Presented key assumptions do not include those associated with the example in Section 3.5. Instead,
the key assumptions are focused on the conceptual model.
25
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inspection activities are assumed to be effective, eliminating the possibility that
perception may play a role in determining the outcome of the inspection activities.

This chapter is an author‐generated, post‐print version of the article26,27: Lam, J. C., Heitzler,
M., Hackl, J., Adey, B. T., & Hurni, L. (2018). Modelling the functional capacity losses of
networks exposed to hazards. Sustainable and Resilient Infrastructure, 1‐19. doi:
10.1080/23789689.2018.1469357, reproduced with permission from Taylor and Francis.
Note that some differences may be observed as a result of the copy‐editing and typesetting
process28. The final manuscript is available at ©Taylor and Francis ‐
https://doi.org/10.1080/23789689.2018.1469357. When citing this chapter, cite the final
manuscript.

Abstract
The quantification of probable network‐related consequences resulting from the
occurrence of (natural) hazard events supports network managers in determining the most
suitable interventions to execute. This assessment should include the modelling of
consequences related to the use of the network and the levels of service. A method is
presented to quantify the temporal functional capacity losses of the individual objects of
which networks are comprised due to hazard events to ultimately support the estimation
of consequences at a network level. The method is designed to handle the effects of (a)
time‐varying hazards, (b) multiple hazards, (c) functional capacity losses that are
independent of (structural) physical capacity losses, and (d) functional capacity losses that
demand preventive interventions. An example demonstrates how the functional capacity
losses of objects in a road network change over time as rainfall‐triggered flood and
mudflow events, inspection events and restoration events occur.

The article, and therefore, this chapter are written using British English.
In this chapter, the following terms are also used to refer to level of service loss: indirect
consequences and functional capacity losses. Also, the term network is used interchangeably to refer
to a physical network and an infrastructure system. In such cases, the context of the sentence clarifies
its meaning. Finally, the term multiple hazards is used to refer to multiple types of hazards.
28 The style of this chapter matches that of the dissertation.
26
27
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3.1

Introduction

Consequences resulting from the occurrence of a (natural) hazard event include the
cumulative costs of repairs, rehabilitation and reconstruction to bring networks, such as
telecommunications, wastewater, rail transport, to their pre‐hazard (structural) physical
and functional conditions. These consequences are often qualified as direct because such
costs are absorbed by network managers. Costs absorbed by network users due to
deficient, deteriorated levels of services (i.e., functional capacity losses) are commonly
known as indirect consequences. This latter type of consequence may include costs of
having no communication means, costs of alternate transport modes when rail transport is
not available, and costs related to acquired illnesses due to collapsing wastewater
management services. Schubert, Faber, and Baker (2007) further classified indirect
consequences into event imposed consequences and societal imposed consequences. Direct
and indirect consequences need to be modelled properly to fully understand the probable
effects of hazards from the perspectives of network managers and users, and subsequently
make informed decisions to reduce those risks.
Works modelling indirect consequences are on the rise given (a) the increasing
computational power available, (b) the growing applied research interest in network
analysis techniques, and (c) the higher emphasis placed in industry towards performance
measurement and resilience [i.e., redundancy, resourcefulness and rapidity beyond
robustness as defined by O’Rourke (2007)]. With this trend, decisions on which
interventions to execute can be progressively supported by estimations of probable post‐
hazard levels of service.
Examples of works focusing on assessing probable indirect consequences in the transport
sector include that of Stephanie E Chang (2003), who proposed a method to measure the
loss of transport network service in the aftermath of a hazard event with respect to
accessibility. Miller, Cortes, Ory, and Baker (2015) developed an approach to estimate the
accessibility in a road network after an earthquake event and the resulting travel time
increase throughout the network. Stergiou and Kiremidjian (2010) introduced a method to
assess the connectivity, traffic flow reduction, and travel time increase through a highway
network with bridges exposed to ground shaking, liquefaction and landslides. Enke et al.
(2008) presented an approach to quantify the indirect economic losses emerging from
damages on highway bridges caused by earthquake events.
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Lam and Adey (2016) [Chapter 2] proposed a method to estimate the probable temporal
functional capacity losses of individual objects comprising a network (e.g.,
telecommunication transmission towers, wastewater collection pipes, rail stations). The
functional capacity loss of an object was initially modelled as a variable depending on a
probable hazard intensity, and in a simulated post‐hazard context, such a loss was
subsequently modelled as a variable depending on probable inspection and restoration
interventions. Lam and Adey (2016) [Chapter 2] argued that indirect consequences had to
be modelled as dynamic variables that change over time until the complete restoration of
the network. In the method of Lam and Adey (2016) [Chapter 2], functional capacity losses
were first quantified for all objects in the network, and then aggregated at the network
level using the topology of the network to estimate the probable indirect consequences.
The method was illustrated by subjecting a road network to an earthquake event,
quantifying the increase in average travel time of a vehicle moving throughout the
network, and calculating the number of unfeasible paths.
The work presented here expands the method of Lam and Adey (2016) [Chapter 2] by
enhancing the part of the method that updated the functional capacity losses of individual
objects (hereon referred to as functional capacity loss algorithm, or simply algorithm). A
more refined approach to updating these losses would lead to improvements in the
estimation of indirect consequences. The specific enhancements to the algorithm account
for the following phenomena:


Time‐varying hazards. The loads of some hazards manifest over longer periods
than the loads of other hazards. Floods and earthquakes are perfect examples of
such a contrast. Earthquake events can manifest in a matter of seconds (not
considering aftershocks), and therefore, their direct impact is typically modelled
to occur in a single time unit. Flood events, however, can manifest over a period
of hours or days, and hence, their effects may not be best simulated in a single time
unit. This hourly and daily object exposure will have a temporal impact on the
functional capacity losses.



Multiple hazards. When conducting risk assessments, it is important to consider
the probable hazard events that may occur. In cases of rainfall, landslides may be
observed in some areas in addition to flooding, potentially causing additional
damages to exposed networks. Landslides may also be triggered by earthquakes,
and for this reason, are considered a common secondary hazard to account when
modelling risk.
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Functional capacity losses that are independent of physical capacity losses. The
physical capacity loss of an object is permanently displayed (e.g., washed away
road section) until a restoration intervention occurs. These losses lead to some
form of functional capacity losses. It is possible, however, to observe object
functional capacity losses that do not depend on physical damages (e.g., inundated
road section before water recedes). These losses are not permanent, and do not
require (corrective) interventions to restore the physical conditions of objects, as
these have not been compromised.



Functional capacity losses that demand preventive interventions. While some
objects may not substantially experience physical capacity degradation that would
limit their functional capacity over the short‐term, network managers may still
want to conduct interventions on these objects to address possible medium and
long‐term consequences. Network managers may wish to do the same when
considering objects that only experienced functional capacity losses in the past.
Further consequences may include an accelerated deterioration due to extended
exposure to certain environmental agents (e.g., water), or future functional
capacity losses in the event that another hazard occurs. Rather than inapplicable
corrective measures, preventive measures could be taken by network managers in
such situations.

The next section briefly introduces the method of Lam and Adey (2016) [Chapter 2] to
quantify the objects’ functional capacity losses as well as the original algorithm that
supported the updating of these losses at different time steps of a simulation. The
subsequent section describes the needed changes to the algorithm to address the four
described phenomena. The section after discusses the implications of this improved
algorithm on the estimation of objects’ restoration costs and restoration times. Following
this section, an example is presented to demonstrate the application of the improved
algorithm. The example shows how the functional capacity losses of objects of a road
network in the area of Chur, Switzerland change over time as a rainfall‐triggered flood and
mudflow events occur, leading to the estimation of cost of restoration at a network level,
and costs of traffic changes, specifically additional travel time and missed trips (modelled
as event imposed consequences). This work ends with a summary of the work presented
and an outline of future research steps.
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3.2
3.2.1

Estimation of an object’s functional capacity loss
Time‐specific functional capacity loss

According to Lam and Adey (2016) [Chapter 2], given an intensity measure experienced
by an object x when a hazard event H occurs (im ), Equations (3‐1) and (3‐2) respectively
define the expected values of:
 the initial functional capacity loss (FCL ), which is equivalent to the loss of service
resulting from a hazard event (e.g., bridge closure due to pier buckling as a result
of an earthquake event, closure of multiple road lanes due to erosion as a result of
a flood event), and
 the functional capacity loss during restoration (FCL ), which is the loss of service
associated with the execution of a restoration intervention (e.g., bridge closure due
to deck replacement, closure of a road lane due to resurfacing).

𝔼 FCL im

𝔼 FCL ds

ℙ ds |im

(3‐1)

𝔼 FCL im

𝔼 FCL ds

ℙ ds |im

(3‐2)

These equations do not restrict the definition of expected functional capacity losses as
variables of absolute value (e.g., reduction of speed in a local road by 25 km/h) or relative
value (e.g., reduction of speed by 50 percent).
These estimations are based on the expected (𝔼) values of functional capacity losses given
a particular object x damage (limit) state i (ds ) and the probability (ℙ) of observing such a
damage state given the intensity measure experienced by the object, for all defined n
damage states. Among these states, the no damage state (ds ) is included for completeness,
showing that all probabilities sum up to a unit [∑ ℙ ds |im
1]. No functional
capacity losses are anticipated for this state, however. A damage state of an object
represents a given physical condition, which can be described using (a) damageable
components of the object (e.g., deck, abutment, pier), (b) their damage measures (e.g.,
shifting, scour depth), and (c) thresholds for those damage measures. Damage state
probabilities can be derived from the fragility analysis of objects [please refer to K. Porter
(2014) for more information]. It is worth mentioning that while fragility analyses can
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assume independence of the components of an object, some works have investigated the
dependence of components [e.g., Gehl and D’Ayala (2016)].
The application of these equations to a wide range of intensity measures produces
probabilistic functional capacity loss functions. Therefore, for a given intensity measure,
an object will have a certain functional capacity loss. It is possible, nonetheless, to have a
functional capacity loss function that does not originate from a set of fragility functions
[e.g., inundated pavements that are assumed not to experience physical capacity loss but
functional capacity loss as described in Hackl, Heitzler, Lam, Adey, and Hurni (2016)]. For
demonstration purposes, a set of functional capacity loss functions for three types of
highway bridges defined by the FEMA (2003a) is derived using spectral acceleration as the
intensity measure and Equation (3‐1), and is presented in Figure 3‐1.
There is one more type of functional capacity loss. The expected value of the functional
capacity loss for an object x during inspection (FCL ), which is the loss related to inspection
activities (e.g., closure of bridge for repair scoping inspection), is here provisionally
defined to be solely conditioned on a set of inspection activities (𝑰 ) that may be conducted
in the event of a hazard event. This is a strong assumption that may have to be revisited in
future work. While inspectors do not have a full understanding of the post‐hazard object
condition or damage prior to arriving to the site, and hence are likely prepared to conduct
a wide variety of inspection activities, some information can be immediately observed
upon arrival. As the inspection takes place, the number of inspection activities to be
conducted narrows according to the actual site conditions. Therefore, one could state that
the functional capacity loss during inspection is contingent on both, possible inspection
activities and the intensity measure experienced by the object. To successfully represent
this dependency however, more detail is required to examine the various types of possible
inspection activities as well as their relationships to individual damage states, including
the assignment of occurrence probabilities to inspection activities given specific damage
states. This is subject of future work.

3.2.2

Corresponding restoration costs and restoration times

Similar to Equations (3‐1) and (3‐2), Equations (3‐3) and (3‐4) can be used to estimate the
expected values of the restoration cost (RC ) and restoration time (RT ) of an object x,
respectively.
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Figure 3‐1. Illustrative initial functional capacity loss functions

𝔼 RC |im

𝔼 RC ds

ℙ ds |im

(3‐3)

𝔼 RT |im

𝔼 RT ds

ℙ ds |im

(3‐4)

It is worth noting that only restoration costs functions have been traditionally applied in
risk assessment models; such functions are often referred to as vulnerability functions.
Moreover, as in the case of functional capacity loss functions that do not originate from
fragility functions, restoration cost and restoration time functions can be generated
through alternate means [e.g., Hackl et al. (2016)].

3.2.3

Time‐varying functional capacity loss

The original design of the algorithm to support the modelling of the time‐dependent
functional capacity loss of an object x [FCL t ] is here introduced. The algorithm was
originally created for single hazards that in a simulated environment would output
intensity measures in a single time step, with all functional capacity losses assumed to
originate from certain levels of physical capacity losses. In this specific design and when
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an object requires an intervention (i.e., its restoration is critical to bring the network back
to its original physical and functional condition), the assignment of losses to an object
assumes six distinctive periods:
1. before the occurrence time of a hazard event (t ),
2. between the occurrence time of a hazard event (t ) and the right before the start
time of inspection activities (t ),
3. between the start time of inspection activities (t ) and the completion time of
inspection activities (t ),
4. right after the completion time of inspection activities (t ) and right before the
start time of restoration activities (t ),
5. between the start time of restoration activities (t ) and the completion time of
restoration activities (t ), and
6. after the completion time of restoration activities (t ).
It is here noted that for some types of networks, other periods can be relevant to include in
the modelling. For example, in some sectors (e.g., nuclear), the occurrence of a hazard event
may trigger the automatic shutdown of specific functions as a safety mechanism until
inspections can occur, driving the functional capacity to zero. Periods additional to
inspection and restoration, which are the focus of this work, should be included when
appropriate and desirable from the modelling perspective.
Due to variations in the spatial properties of the hazard event and the (likely) affected
objects, which play diverse roles within the network that vary in levels of criticality, objects
throughout the network can enter the six defined periods at different times steps of the
simulation. The algorithm orchestrates the object‐level changes occurring throughout the
network, which are later used as inputs (along with the network topology) to a network
analysis to determine the functional capacity changes at the network level.
The estimated restoration cost is accrued as objects are damaged—the cost value
accumulates over the hazard events period (i.e., period of hazard occurrence). A similar
accrual can also be observed with respect to the restoration time. The estimated restoration
time is used to determine the duration of a restoration activity for a given object, projecting
the completion of the restoration intervention once the modelling environment tasks a
restoration work crew to begin to restore the object.
Equation (3‐5) corresponds to the temporal functional capacity losses when an intervention
is required [i.e., when the expected initial functional capacity loss of an object x is above a
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)]. Here, it is assumed that the expected functional
pre‐determined threshold (FCL
capacity losses during inspection and restoration activities are larger than the expected
initial loss (i.e., to repair a single lane in a road section, the restoration crew has to close
that lane at minimum). This may not always the case for inspections (e.g., drone
technologies are increasingly used nowadays to inspect objects without requiring closure).
A minor modification is introduced later to prevent assigning a functional capacity loss to
an object during inspection that is lower than the estimated loss due to hazard event
occurrence.

𝔼 FCL t |im

⎧
⎪𝔼 FCL im
⎪
𝔼 FCL 𝑰

0,
,

t
t

,

⎨𝔼 FCL im ,
⎪𝔼 FCL im ,
⎪
⎩
0,
∀x ↔ 𝔼 FCL im
FCL

t
t

t

t

t

t

t

t

t

t
t

t
t

t

(3‐5)

Furthermore, the design of this algorithm also makes an assumption about the lack of
dependency between the possible results of an inspection and the functional capacity loss
after inspection, but before restoration. As observed, the functional capacity loss assigned
after inspection corresponds to the initial functional capacity loss. This assumes that the
inspection only confirmed that level of loss, and hence perfect information and inspection
effectiveness (i.e., prior to the inspection, the inspector did not know the functional
capacity loss, but afterwards, such a loss is confirmed). Nevertheless, in reality, post‐
inspection human decisions (dependent on the inspection activities conducted) may drive
up the functional capacity loss of an object for safety purposes (e.g., as a precaution
measure). A similar dependency could be argued between the possible inspection results
of an affected object and the recommended restoration activities to be conducted, which
could impact the functional capacity loss during restoration. Neither of these dependencies
are explored in this work, but should be explored in the future, building on works seeking
to evaluate the effectiveness of inspection activities [e.g., Faber and Sorensen (2002), Adey
and Jamali (2012), Qin and Faber (2012), Jamali and Adey (2016)]. Despite these
assumptions, the current design of the algorithm still supports the modelling of the
functional capacity loss for an object x during inspection.
When an intervention is not required [i.e., the initial functional capacity loss of an object is
equal to or below a pre‐determined threshold], then Equation (3‐6) can be used to estimate
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the time‐dependent functional capacity losses. A non‐required intervention means that the
network manager has accepted the functional capacity loss of an object and its implications
on the network’s level of service, and as a result, no action is required.
0,
,

t
t

t

t

⎨ 𝔼 FCL 𝑰 ,
⎪
⎩𝔼 FCL im ,
FCL
∀x ↔ 𝔼 FCL im

t

t

t

t

t

𝔼 FCL t |im

3.3

⎧
⎪𝔼 FCL im

t

(3‐6)

Enhancements to the algorithm

Proposed changes to the algorithm addressing the four phenomena of interest are
presented in the subsequent sections. Changes are presented with respect to Equation (3‐7),
which is a slightly modified version of Equation (3‐5) that is used for objects needing
interventions. The minor modifications in Equation (3‐7) help:
 account for the possibility of not employing expected values for functional
capacity losses (e.g., using a Monte Carlo realization obtained from a distribution
of functional capacity loss values given an intensity measure), and
 as suggested earlier, restrict the functional capacity loss during inspection to a
value that can never be lower than the loss obtained during the hazard events
period.
0,
FCL |im ,
max FCL |𝑰 , FCL |im ,
FCL |im ,
⎨
⎪
FCL |im ,
⎪
⎩
0,
∀x ↔ FCL |im
FCL
⎧
⎪
⎪

FCL t |im

t
t
t
t
t
t

t
t t
t t
t t
t t
t

(3‐7)

These minor modifications and the following proposed changes are not presented in this
work for objects not needing an intervention. These modifications and changes for these
objects, however, can be derived just as Equation (3‐6) was derived from Equation (3‐5): by
preventing an update of the functional capacity loss after inspection activities are
completed.
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3.3.1

Time‐varying hazards

Improvements to Equation (3‐7) are aimed at approximating the damage of objects due to
the temporal variations of hazard loading. This means that while an intensity measure may
increase or decrease during the hazard event (e.g., an increasing and decreasing discharge
at a bridge location during a flood event), the peak of the damage needs to be estimated
given the time series of hazard loads, along with the corresponding functional capacity
loss.
In Equation (3‐8), a new period is introduced to model this type of hazard event. The period
is inserted between periods 1 and 2, listed in Section 3.2.3. The following are the new initial
periods before the beginning of inspection activities:
1. before the start time of a hazard event (t ),
2. between the start time of the hazard event (t ) and the completion time of the
hazard event (t ), and
3. right after the completion time of the hazard event (t ) and the right before the
start time of inspection activities (t ).

FCL t |𝒊𝒎

0,
⎧
max
FCL
|im
T
,
⎪
∈
,
⎪
max FCL |im T
,
⎪
∈
,
⎪
max FCL |𝑰 , max FCL |im T
,
∈
,
⎨
⎪
max FCL |im T
,
∈
,
⎪
⎪
max FCL |im T
,
∈
,
⎪
⎩
0,
∀x ↔ max FCL |im T
FCL
∈

t
t
t

t
t

t

t

t

t

t
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t

t

t

t

t

t
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(3‐8)

,

Modifications are also made to the assignment of functional capacity losses at the various
periods. Losses are calculated at time step T throughout time intervals bounded:
1. between the start time of the hazard event (t ) and the current time step (t)
(during the modelling of the hazard event), or
2. between the start time of the hazard event (t ) and the completion time of the
hazard event (t ) (after the modelling of the hazard event).
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The maximum functional capacity loss during a time interval (i.e., loss corresponding to
peak damage) is then assigned to be the loss for the respective period.
One final change is observed on the left‐hand side of Equation (3‐8). The time‐varying loss
of an object x [FCL t ] is now dependent on a chain of intensity measures at the same
location generated by a hazard event H (𝒊𝒎 ).
It is worth noting that the algorithm may operate on different time scales. For example, the
time scale of the hazard events period may be in hour units while the time scale of the
inspection‐restoration period (i.e., post‐hazard period) may be in day units. Differences in
time scale do not have an effect on the assignment of functional capacity losses as these are
handled by the modelling environment.

3.3.2

Multiple hazards

An enhanced version of Equation (3‐8) should support the estimation of damages to an
object when subjected to different types of hazard loads (e.g., an eroded pavement that is
later affected by a landslide). Such an impact has been traditionally modelled in three
different ways:
1.

A first approach focuses on determining the largest functional capacity loss for
every hazard occurring individually, and assigning the largest of these losses to
the object [e.g., Hackl et al. (2015) followed this approach in an earlier version of
the modelling environment used here in the example section to estimate the
consequences of flood and landslide events]. This approach assumes a level of full
dependence among the hazard events, where only the largest damage prevails in
the estimation of functional capacity losses. Therefore, the results could be
understood to be the floor values of the uncertain functional capacity losses that
objects may experience.

2.

A second approach is restricting the number of hazard events that can affect an
object [e.g., Stergiou and Kiremidjian (2010) assessed bridge damage to either
ground motion or ground deformation]. The challenge when using this approach
is deciding which hazard events are applicable for which types of objects. An
advantage of this approach is the possible relief in computational effort when
limiting the number of phenomena to be modelled at specific locations.
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3.

A third approach evaluates the functional capacity loss based on the combined
effect of the intensity measures of the hazards occurring [e.g., Gehl and D’Ayala
(2015) developed a method to estimate cumulative impact of earthquakes, ground
failures and fluvial floods on bridges]. This approach has the potential to yield
more precise results than the previous two approaches. Nonetheless, this approach
can be costlier in terms of data and analytics.

Equation (3‐9) is the modified algorithm that accounts for the first approach presented in
this section. First, the hazard events period is adjusted to account for the modelling of all
the hazard events. While the start time of the hazard events (t ) is set to be equal to the
start time of the hazard event i (t

) that is modelled first, their completion time (t

set to be equal to the completion time of the hazard event i (t
modelling environment.
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max t
FCL

This equation also includes modifications with respect to the assignment of functional
capacity losses at the various periods. Losses for each dependent hazard event i (H ) are
initially calculated, and then the maximum loss value caused by all modelled hazards is
assigned to be the loss at each specific period.
Finally, a minor modification is introduced in the left hand‐side of Equation (3‐9) to
describe the time‐varying functional capacity loss of an object x [FCL t ] as a value
dependent on the chain of intensity measures caused by all the hazard events i (𝒊𝒎 ).
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Modifications to Equation (3‐8) to account for the second and third approaches presented
here are listed in Appendix D.

3.3.3

Functional capacity losses that are independent of physical capacity
losses

A modification to Equation (3‐9) is needed to consider hazards that do not physically
impact objects, but rather only affect their level of service temporarily as these hazards
occur (e.g., a road section can be used again after the water that was recently inundating
the section receded). The analysis should consider these provisional impacts as well as the
permanent physical damages caused by other hazard events on those same objects (e.g.,
the road section may not be functional after the water receded because of a large boulder
that is blocking traffic and has damaged part of the section).
Equation (3‐10) presents the needed distinction between these events. A differentiation is
made between hazard events j (H ) that cause physical damages, and therefore, functional
capacity losses, and hazard events k (H ) that only cause functional capacity losses. The
losses caused by the latter hazard group are evaluated at each time step for that specific
time unit since such losses are not cumulative. These temporal losses should continue to
be modelled after the hazard events period to account for cases where the level of service
continues to be affected (e.g., road sections will remain inundated until the water is
pumped out of the area, or until the drainage system is cleared out). The functional
capacity loss during restoration associated with a hazard event k is estimated upon arrival
of the restoration crew at the start of intervention activities (t ). This way, such an
estimation could be thought to be much more accurate than an estimation made at the time
of inspection, especially considering that the lag time between the end of the inspection
and the beginning of restoration could end up being significant depending on the
prioritization of restoration interventions throughout the network.
On the contrary, the functional capacity loss caused by a hazard event k that is used in
determining if an object requires an intervention is the loss exhibited after inspecting the
object at time t , which in a modelling environment would be known in advance.
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FCL

Functional capacity losses that demand preventive interventions

As mentioned previously, there are cases where specific functional capacity losses may
demand the programming of preventive interventions to avoid future similar losses and/or
decrease the risk of experiencing physical capacity losses in the future (e.g., while a flood
event momentarily inundated part of a road network, the next flood event could erode that
same part of the network). In order to appropriately decide the most adequate restoration
intervention, decisions may be focused on using information related to the most critical
period to design a preventive action plan for the entire network: the hazard events period
(i.e., when peak damages and functional capacity losses can be observed). Restoration
interventions would then be aimed at ensuring that physical capacity losses and functional
capacity losses that are experienced throughout the referenced period are both addressed.
Examples of preventive interventions include enhancements to the road drainage system,
construction of alternative routes to increase redundancy, and increasing the level of
hazard protection and control.
To account for this process, two modifications are made to Equation (3‐10) and are
presented in Equation (3‐11). These modifications are observed (a) during the period of
restoration, and (b) when determining if the functional capacity loss exceeds the
predetermined loss threshold value. In both instances, the assignment of functional
capacity losses depends on the intensity measures experienced during the modelling of
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hazard events i [i.e., between the start time of the hazard events (t ) and the completion
time of the hazard events (t )], which includes the modelling of hazard events that cause
physical damages and of those events that only cause functional capacity losses.
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FCL

Implications on restoration costs and restoration times

The estimated times and costs of restoration interventions also need to be estimated for
time‐varying hazards, multiple hazards, hazards that cause functional capacity losses that
are independent of physical capacity losses, and hazards that cause functional capacity
losses that demand preventive interventions. The following equations illustrate the
estimation of the restoration times and restoration costs, without restricting them to
expected values (as demonstrated in Section 3.2.1 with respect to the estimation of
functional capacity losses).
Equation (3‐12) is used to quantify restoration time when only time‐varying hazards are a
concern. The restoration time of an object x is based on a chain of intensity measures 𝒊𝒎
generated by a hazard event H at the location of the object (left‐hand side of the equation).
This is equivalent to the maximum restoration time value estimated at time T over a time
interval bounded between the start time of the hazard event (t ) and the completion time
of the hazard event (t ) (right‐hand side of the equation).
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Equation (3‐13) presents the corresponding restoration time when multiple time‐varying
hazards are considered using the first approach listed in Section 3.3.2. Therefore, this
estimation can also be related to the assumption of full dependence among the hazard
events, leading to defining the estimated restoration time as a floor value. Please refer to
Appendix D for the modifications corresponding to the second and third approaches in
Section 3.3.2.
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The left‐hand side of the equation states that, for this case, the restoration time depends on
all modelled hazard events i. The right‐hand side equation estimates the restoration time
of an object to be the maximum value of the restoration times corresponding to each hazard
event. For a given hazard event, the restoration time assigned is the maximum value
evaluated at time T over the time interval bounded between the start time of the first
modelled hazard event (t ) and the completion time of the hazard event that ends last
(t ). Equation (3‐13) is also valid for estimating the restoration time of objects, whose
functional capacity losses demand preventive interventions, since the focus is on
evaluating the restoration time based on the maximum losses experienced during the
hazard events period.
Equation (3‐14) defines the restoration time of an object when functional capacity losses
can occur without physical losses. Restoration times are estimated for hazard events j that
cause physical damages and for hazard events k that do not cause physical damages, but
only functional capacity losses (right‐hand side of the equation). The restoration time
associated with a hazard event k is estimated at the beginning of the restoration
intervention (t ) as in the case of the estimation of functional capacity losses.
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Equations similar to Equations (3‐12) through (3‐14) can be derived for the estimation of
restoration costs. It is acknowledged that such costs may not always be equivalent to the
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potential costs incurred at the time of restoration given that costs can fluctuate over time
(e.g., appreciation, depreciation), and that costs are assigned not knowing when objects are
going to be restored. Such phenomena could be accounted for by applying a factor to adjust
the cost accordingly at the time of restoration. Determining these factors is beyond the
scope of this work.

3.5
3.5.1

Example
Introduction

An example is included here to illustrate the application of the modified algorithm to
account for multiple time‐varying hazards that lead to functional capacity losses, some of
which demand preventive interventions. The example demonstrates how the functional
capacity loss of objects changes over time, leading to the spatio‐temporal evaluation of risk.
Therefore, the results presented in this work correspond to the application of Equation
(3‐11) for the assignment of functional capacity losses, Equation (3‐13) for the estimation of
restoration times, and Equation (3‐15) for the quantification of restoration costs. Given that
the first approach detailed in Section 3.3.2 is used, the estimated functional capacity losses,
restoration times and costs can be understood to be floor values.

RC |

3.5.2
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max
,

RC |im T

(3‐15)

Modelling environment

Hackl et al. (2016) describes a modelling environment used to assess the probable
consequences of floods as well as mudflows for a road network in the Rhine Valley area
around Chur, Switzerland (located in the Canton of Grisons). Specifically, the
consequences were the costs of restoration and the costs of traffic changes, namely
additional travel time and missed trips. The road network exposed to hazard loads
consisted of 47 km of high‐speed roads, 429 km of local roads (primary roads and roads of
lower category), and 104 bridges. While bridges were modelled as single objects, roads
were parsed into sections according to a grid of 16 m by 16 m cell size, matching the
resolution of the hazard data. This parsing resulted in 74,466 road sections ranging from
0.004 m to 34.893 m, with an average of 12.163 m. This partition process supported the
assignment of calculated hazard loads to individual objects.
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The hazards of interest have the potential to cause a number of failures, of which only a
few are explored here: bridge local scour, road section mudflow‐blocking (i.e., multiple
failure mode) and road section inundation (i.e., temporal failure mode only causing
functional capacity loss that at times requires preventive interventions). Other modes of
failure were not deemed necessary to be included in the example.

3.5.3

Model description

Using Business Process Model and Notation, it is possible to illustrate how the different
sub‐models in the modelling environment interacted with each other. Figure 3‐2 presents
the group of hazard sub‐models [please refer to Hackl, Heitzler, Lam, Adey, and Hurni
(2017) for more information]. These sub‐models included three different sets of activities:
1. modelling a series of rainfall events using pre‐determined spatio‐temporal
precipitation fields from Wüest et al. (2010), as well as the resulting runoff and
discharge scenarios using the ModClark model (Kull & Feldman, 1998),
2. determining whether the resulting discharge scenario corresponded to the
discharge value of a desired return period, which was estimated based on
available gauge data, and if the desired return period was not achieved, calibrating
of the rainfall event (i.e., up‐scale, down‐scale of pre‐determined spatio‐temporal
precipitation fields), and
3. simulating the flood event using a 1D steady and gradually‐varied flow model, as
well as the mudflow events using geometries from Losey and Wehrli (2013) and
an intensity‐duration function from Rickenmann (1999).
Figure 3‐3 presents the damage and consequence sub‐models. The enhanced algorithm
was hosted in the former set of sub‐models (activity highlighted in yellow in Figure 3‐3),
supporting the temporal modelling of the object’s functional capacity losses. The input to
the algorithm was obtained from the first group of damage sub‐models and the inspection
and restoration sequence. The output of the algorithm consisted on the functional capacity
losses for every object and simulation time step. This output became an input to the
network analysis. When combined with the network topology, the output was used to
determine the network‐level functional capacity losses.
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Figure 3‐2. Hazard sub‐models for rainfall‐triggered flood and mudflow risk assessment
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Figure 3‐3. Damage and consequence sub‐models for rainfall‐triggered flood and mudflow risk
assessment
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The damage sub‐models corresponded to three distinctive groups of activities:
1. obtaining the output intensities of the hazard events to estimate (a) the
probabilities of objects being in different damage states using fragility functions,
and (b) the reduction of speed for inundated roads using functional capacity loss
functions,
 for bridge local scour and road section mudflow‐blocking, the
probabilities of damage states along with estimations of corresponding
functional capacity losses, restoration times and costs (referred to as
consequence parameters in Figure 3‐3) for those states were used as
indicated by Lam and Adey (2016) [Chapter 2] to determine expected
values of these consequence parameters at the object level for all objects to
use in the network model (the resulting initial functional capacity loss
functions are presented in Figure 3‐4, and given the data used for their
construction, the functions for the functional capacity loss during
restoration were the same), and
 for road section inundation, reduction of speed along with estimated
restoration times and costs based on inundation depths were assigned to
road sections [while the initial functional capacity loss functions are
presented in Figure 3‐5, as a rough assumption, the functional capacity
loss during (preventive) restoration adopted one of the following discrete
values: 0, 0.5, or 1, depending on inundation depth ranges: below 15 cm,
between 15 cm and 30 cm and above 30 cm],
2. iteratively modelling the network functional capacity over time and running a
recursive inspection and restoration model described in Lam and Adey (2016)
[Chapter 2] to obtain the time‐varying network states that were used in the third
group of activities, where inspections were modelled as a block of activities at the
very beginning of the inspection‐restoration period, not affecting the functional
capacity losses (i.e., inspections did not require additional losses than those
already exhibited by the objects), and
3. modelling the degradation and recovery of traffic using a macroscopic traffic
model founded on the Method of Successive Averages and a gravity‐based Origin‐
Destination matrix founded on population data (Ortuozar & Willumsen, 2011),
which indicates the estimated travel demand in terms of vehicle trips from a given
zone in the area of study to another zone for all possible zone combinations.
Finally, the consequence sub‐models calculated the probable cumulative direct and
indirect consequences during the hazard events and during the inspection‐restoration

92

Figure 3‐4. Functional capacity loss functions used for (a) bridge local scour and (b) for road section
mudflow‐blocking

Figure 3‐5. Functional capacity loss functions used for road section inundation in high‐speed roads
and local roads

periods. While direct consequences were estimated based on aggregated restoration costs,
indirect consequences were quantified in terms of cost resulting from additional travel
time through the network and missed trips. While the unit cost for additional travel time
was CHF 23.29 for per vehicle‐hour, the unit cost for missed trips was CHF 20.73 per trip‐
hour times 16, assuming a maximum of 16 travel‐eligible hours in a given day. No factors
were applied to consider fluctuations in costs over time given (as seen in the next section)
the relatively short restoration period and the expected steadiness of the economy.
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Those interested in the details of the modelling environment as well as the development
of the illustrative fragility functions and functional capacity loss functions used in the
example are encouraged to read the work of Hackl et al. (2016).

3.5.4

Results

The algorithm supported the modelling of functional capacity losses at a network level
along with the estimation of indirect consequences. The best way to appreciate the value
added of the algorithm is through the visualization of the results generated over time.
Figure 3‐6 shows how the rainfall (referred to as source event in the figure), flood and
mudflows (hazard events), reduction in road free flow speed and capacity (network
events) and travel time (societal event) change during the hazard events period and the
inspection‐restoration period. All the changes correspond to a single event of a 1000‐year
return period. The hazard events period is here represented by three time steps: hour 1,
hour 11, and hour 21—the latter of which marks the end of the hazard events period. The
inspection‐restoration period is represented by two time steps: day 51 and day 101, which
in this example is the last day of this period.
Figure 3‐6 has two levels of resolution: a macroscopic level for the source and hazard
events to best understand the spatial characteristics of these events and a microscopic level
for the network and societal events to best capture the changes of these events. Finally, it
is important here to understand that changes in functional capacity may result in benefits
as it is demonstrated by the societal events occurring at hour 11. While there is an increase
in travel time (red) in some areas, in others, there is a reduction (green). This is due to the
lower number of cars traveling to those parts of the network as some cars cannot complete
their trips (i.e., missed trips).
Figure 3‐7 shows the cumulative restoration costs and traffic costs during the hazard events
period (i.e., as damages occur), with the traffic costs reflecting the total cost of additional
travel time and missed trips. These graphs (and later Figure 3‐8) present the results of 100
stochastic rainfall events of 1000‐year return period. These costs are represented by three
percentiles: a 95‐percentile as an upper bound, a 50‐percentile as the median, and a 5‐
percentile as a lower bound. In Figure 3‐7, uncertainty is observed to increase as the hazard
events period continues. While restoration costs continue to accumulate until the end of
the period, the traffic costs seem to reach a point close to their maximum value at hour 19
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Figure 3‐6. Event changes over time

approximately (i.e., all three curves are more or less flat after this time step). This means
that the physical damages modelled after this time have a minor effect on traffic changes.
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Figure 3‐7. Expected cumulative (a) restoration costs and (b) traffic costs over the hazard events
period

Figure 3‐8. (a) Average capacity per km and (b) expected cumulative traffic cost over the
inspection‐restoration period

Changes in average road capacity per km and cumulative traffic cost during the inspection‐
restoration period presented in Figure 3‐8 are also characterized by three percentiles. The
lower bound for the cumulative traffic cost is relatively low when compared to the other
percentiles. This implies that for some scenarios physical damages do not necessarily
translate into high traffic costs as it is the case in most other scenarios. In both graphs, the
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inspection time block is observed at the very beginning where neither of the metrics is
disturbed—one could then state that the inspection activities act as lag time. Despite the
erratic behaviour of the average capacity per km, the traffic costs grow steadily until day
78 approximately.

3.6

Conclusions

The method introduced supports the quantification of the temporal functional capacity
losses of objects exposed to hazards. Estimations of such losses at the object level can be
later aggregated to estimate the functional capacity losses at the network level, and
subsequently, to quantify probable indirect consequences, which are of increasing
significance to the decisions of network managers.
The method was developed in the context of an example that aimed at estimating the
spatio‐temporal risk of a road network in Switzerland due to the occurrence of a time‐
varying rainfall events that caused flood and mudflow events. The flood events caused
permanent scour damage to exposed bridges and only temporary inundation to exposed
road sections, which in some cases, were deemed to need preventive interventions. The
mudflow events caused permanent damage to roads sections. The resulting changes in
network functional capacity loss and cumulative direct and indirect consequences were
presented in two different formats, both of which enabled the changes to be observed and
analysed.
Additional improvements to the risk assessment model presented in the example would
be needed should one require an estimation of risk for this geographic area of interest.
Regarding the method presented in this work, however, one particular area to enhance is
the estimation of functional capacity losses during inspection activities. This task needs to
include the relationship between the various possible inspection activities along with
corresponding functional capacity losses and the damage states. The change would enable
the microscopic modelling of the events that could occur throughout the network during
the corresponding time portion of the inspection‐restoration period. This change would
also lead to a deeper understanding of how inspection activities may unfold after the
occurrence of hazard events, and the eventual optimization of inspection scheduling.
Finally, the assessment could consider estimating the probable long‐term consequences
(post‐inspection‐restoration period) as some network users may decide not to use the road
network again, or use it in a different way, since users could feel more comfortable using
a different mode of transport over time. Examples of these societal imposed consequences
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include former road network users becoming permanent rail network users, and road
network users formerly driving private vehicles, now riding mass transit buses instead.
Lastly, the application of methods for multiple hazards other than that, which assumes full
dependence among the hazard events (i.e., first method in Section 3.3.2), could be further
considered. When using this method, the quantified (floor) values for functional capacity
loss, restoration time and restoration cost are determined by individual analyses (e.g., the
functional capacity loss assigned to an object could be attributed to one hazard event while
the estimated restoration time and cost could be attributed to another hazard event).
Therefore, there is no assurance that the calculated effects will be related. The consideration
of using other methods to quantify the effects of multiple hazards would demand (a) in the
second method presented, deciding which hazard events to consider for which objects—
task that is not always desired, and (b) in the third method presented, analysing the
coupled effects of multiple hazards, which would demand a larger quantity of data and
more advanced analytics.
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Chapter 4
Estimating network related risks: A
methodology and an application in the
transport sector

The conceptual models of Chapter 2 and Chapter 3 to estimate the time‐dependent
level of service loss and restoration are implemented in a modeling environment,
which is described in this chapter. This modeling environment allows for the
inclusion of the aleatory uncertainty related to the occurrence of a large set of
hazard events (i.e., over one thousand simulations of different return periods) and
the propagation of this uncertainty throughout the modeling. Moreover, the
modeling environment was built to support the combination of heterogeneous
models from different disciplines, including their update and replacement, and
hence, can be used to determine the state of resilience of various types of systems
subjected to various types of hazards. Section 1.5 highlighted the importance of
integrated and quantitative methodologies comparable to that used to build the
modeling environment. The example presented in this chapter is an enhanced
version of the example presented in Chapter 3, and therefore, is also focused on
estimating the time‐dependent level of service loss and restoration of the road
system located in the area around Chur, when subjected to rainfall‐triggered flood
and mudflow hazard events.

The key assumptions used in the development of the modeling environment presented in
this chapter are as follows29:

Presented key assumptions do not include those associated with the specific models used in the
application of the modeling environment, which are documented in Sections 4.3, 4.4 and 4.5 and
Appendix E. Instead, the presented key assumptions are focused on broader aspects of the modeling
environment and the application.

29
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the models used in the example, which were selected on the basis of expected
computational time, were acceptable even though more sophisticated models may
exists for many of the events and relationships modeled,
there is an understanding of how models can be reasonably coupled in a way that
such models can be logically executed using the modeling environment, and
the data used in the example, which were representative of actual elements (e.g.,
topography, objects) and processes in the region (e.g., river flow, travel patterns),
or were derived from such data, were considered adequate despite the likely
existence of data of higher resolution and quality in non‐open databases.

This chapter is an author‐generated, post‐print version of the article30: Hackl, J., Lam, J. C.,
Heitzler, M., Adey, B. T., & Hurni, L. (2018). Estimating network related risks: A
methodology and an application in the transport sector. Natural Hazards and Earth System
Sciences, 18(8), 2273‐2293. doi: 10.5194/nhess‐18‐2273‐2018. Note that some differences may
be observed as a result of the copy‐editing and typesetting process31. The final manuscript
is available at https://doi.org/10.5194/nhess‐18‐2273‐2018, and is licensed under the
Creative Commons Attribution 4.0 License. When citing this chapter, cite the final
manuscript.
The work presented in the published manuscript is the result of a close collaboration of the
authors. The initial idea of the research was conceived by B. T. Adey and L. Hurni. This
idea was refined and further developed by J. Hackl, M. Heitzler and J. C. Lam through
several publications, including the referenced article. The main technical contributions
documented in the referenced manuscript were the following: (a) B. T. Adey proposed the
general risk assessment methodology, (b) J. Hackl, M. Heitzler and J. C. Lam adapted the
general risk assessment methodology for the example, (c) J. Hackl developed the runoff,
flood, and traffic models, (d) M. Heitzler implemented the rainfall and mudflow models
and methods for data visualization and computing optimization, (e) J. C. Lam led the
modeling of the object fragility, time‐dependent object level of service and restoration, (f)
M. Heitzler developed the simulation engine, with major contributions from J. Hackl and
minor contributions from J. C. Lam, and (d) J. Hackl and M. Heitzler collected the majority

30 In this chapter, the following terms are also used to refer to level of service loss: indirect
consequences and functional losses. Also, the term network is used interchangeably to refer to a
physical network and an infrastructure system. In such cases, the context of the sentence clarifies its
meaning.
31 The style of this chapter matches that of the dissertation.
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of the data used the example with the remaining data collected by J. C. Lam. This published
manuscript was mainly written by J. Hackl and J. C. Lam with minor contributions from
M. Heitzler. A portion of the content in this referenced manuscript was published
previously in the form of a report with major contributions from J. Hackl, M. Heitzler and
J. C. Lam, and minor contributions from B. T. Adey and L. Hurni.

Abstract
Networks such as transportation, water, and power are critical lifelines for society.
Managers plan and execute interventions to guarantee the operational state of their
networks under various circumstances, including after the occurrence of (natural) hazard
events. Creating an intervention program demands knowing the probable direct and
indirect consequences (i.e., risk) of the various hazard events that could occur in order to
be able to mitigate their effects. This paper introduces a methodology to support network
managers in the quantification of the risk related to their networks. The methodology is
centered on the integration of the spatial and temporal attributes of the events that need to
be modeled to estimate the risk. Furthermore, the methodology supports the inclusion of
the uncertainty of these events and the propagation of these uncertainties throughout the
risk modeling. The methodology is implemented through a modular simulation engine
that supports the updating and swapping of models according to the needs of network
managers. This work demonstrates the usefulness of the methodology and simulation
engine through an application to estimate the potential impact of floods and mudflows on
a road network located in Switzerland. The application includes the modeling of (a)
multiple time‐varying hazard events, (b) their physical and functional effects on network
objects (i.e., bridges and road sections), (c) the functional interrelationships of the affected
objects, (d) the resulting probable consequences in terms of expected costs of restoration,
cost of traffic changes, and duration of network disruption, and (e) the restoration of the
network.

4.1

Introduction

Managers of networks, such as transportation, water and power, have the continuous task
to plan and execute interventions to guarantee the operational state of their networks. This
also applies in the aftermath of (natural) hazard events. As the resources available to
managers to protect their networks are limited, it is essential for managers to be aware of
the probable consequences (i.e., risk) in order to set priorities and be resource‐efficient
(Eidsvig, Kristensen, & Vangelsten, 2017). Consequences are often expressed in monetary
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values, and these are distinguished between direct costs (e.g., costs related to clean up,
repairs, rehabilitation and reconstruction) and indirect costs (e.g., in the transport sector,
costs related to additional travel time, vehicle operation and an increase in the number of
accidents). Indirect costs have a wide spatial and temporal scale (Merz, Kreibich, Schwarze,
& Thieken, 2010) and are potentially larger than direct costs (Vespignani, 2010).
Conducting a risk assessment can help identify probable hazard events, and evaluate their
impact on networks and users. Nonetheless, conducting such assessments can be a
particularly challenging task due to the large number of scenarios (i.e., chains of
interrelated events) that need to be taken into account, the modeling of these events, the
relationships among them, and the availability of support tools to run the models in an
integrated way. In building scenarios, multiple types of hazards need to be considered,
along with the complex nature of networks, specifically their large number of objects, their
spatial distribution, and functional interrelationships. Moreover, it is important to estimate
the performance of networks during the hazard events and through the recovery to an
adequate level of service that is driven by restoration strategies (Lam & Adey, 2016)
[Chapter 2]. Therefore, network managers need to think of ways to model the cascade of
events, interdependencies, and the propagation of uncertainties (Hackl et al., 2015).
As a result of these challenges, risk assessment methods for networks have been the subject
of increasing research interest in recent years. Most research has been focused either on the
technical aspects of hazards or those of networks. In the first case, scholars have focused
on improving the understanding, the modeling or the prediction of single hazard events
(Apel, Thieken, Merz, & Blöschl, 2004; Pellicani, Argentiero, & Spilotro, 2017; Pritchard,
Hallett, & Farewell, 2015 ; Schlögl & Laaha, 2017) without explicitly considering the
complexity and dynamics of networks. In the second case, scholars have investigated the
vulnerability32 (Jenelius, Petersen, & Mattsson, 2006; Rupi, Bernardi, Rossi, & Danesi, 2015;
Shabou et al., 2017) or resilience (Bocchini & Frangopol, 2012; He & Liu, 2012; Vugrin,
Turnquist, & Brown, 2014) of networks due to disruptions, without evaluating the cause
and/or the probability of such disruptions.

32 Numerous definitions for network vulnerability have been proposed in the literature. In most
cases, the literature has defined network vulnerability in terms of the effects of service disruption,
irrespective of its probability (Berdica, 2002; Taylor & D’Este, 2007; Wang et al., 2015). In the context
of the present work, vulnerability is defined in the same terms, acknowledging that it is an inherent
attribute of any network and thus an essential element of risk assessments.
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Some work has been conducted to consider multiple hazards and their effects (i.e., multiple
vulnerabilities and consequences) in a unified framework (Gallina et al., 2016;
Komendantova et al., 2014; Mignan, Wiemer, & Giardini, 2014). Assessing the risk in such
a way is relatively new, and until now only partially developed by experts with different
backgrounds such as statistics, engineering and various fields of geosciences
(Komendantova et al., 2014). Only a limited number of scenario‐based and/or site‐specific
studies have been proposed due to the difficulty and novelty of the task (Mignan et al.,
2014). Having a diverse team of experts, whose discipline‐specific approaches to risk
assessment may differ, presents an additional challenge: their contributions are not always
easy to aggregate to a level that is useful for network managers. In addition, current
research also shows the need to take into account the spatial‐temporal quantification of
risks across different levels of scale for future sustainable risk management (Fuchs &
Keiler, 2008; Fuchs, Keiler, Sokratov, & Shnyparkov, 2013).
Open research. In conclusion, there has been little work to bring research outputs
concerning the modeling of hazard events and network vulnerability together in a way
that their spatial and temporal uncertain behaviors are assessed in a unified framework
that fosters multidisciplinary collaboration.
Contributions. To overcome these challenges, this article presents the application of a
novel risk assessment methodology. The methodology can be used to investigate multiple
scenarios, starting from the modeling of a source event (e.g., rainfall, fault rupture), and
ending in the estimation of the probable consequences of related societal events (e.g.,
communities without access to transportation, water or power service). While the
methodology is applicable to different types of hazards, networks, regions, sizes of regions,
and levels of resolution, the application of the methodology is illustrated on a regional road
network in Switzerland prone to floods and mudflows. Specifically, this work advances
the state‐of‐the‐art in the field of network related risks due to hazard events as follows.


The risk of a complete chain of events, from a source event to its societal events is
quantified over space and time. In the application, this means considering
precipitation, runoff, flood, mudflows, (physical) damages, functional losses,
traffic flow changes, and restoration interventions. The presented links between
cascading hydrometeorological hazards, a road network and society will be of
interest to the international research community and practitioners working in the
fields of network management, urban planning, public policy, and emergency
response.
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When quantified, risk can be categorized into probable direct and indirect costs,
with the latter estimated throughout the hazard events and restoration periods,
not just immediately after the occurrence of the hazard events. In the application,
direct and indirect costs included costs of interventions, prolongation of travel
time, and missed trips, allowing for the evaluation and comparison of the socio‐
economic impacts of the multiple hazard scenarios considered.



The simulation‐based approach supports the inclusion of uncertainties and their
propagation throughout the risk model. The application includes results related to
the simulation of 1200 rainfall events, causing floods of return periods ranging
from 2 to 10 000 and, depending on the rainfall intensity and duration,
stochastically triggering a number of mudflows in the area. Furthermore, as
suggested by Lam, Adey, et al. (2018) [Chapter 5], the approach can support the
testing of additional scenarios based on uncertain relationships (e.g., fragility
functions relating hazard intensities with damage state exceedance probabilities).



A novel simulation engine was constructed as the computational platform to
estimate risk, supporting the combination of models from different disciplines,
and their modular update and replacement. The application demonstrates the
coupling of existing models and information from literature in geosciences,
engineering, network theory, transportation, and economics.

The example application makes further research contributions on ways that road network
managers can estimated the risk related to their networks due climate‐related hazard
events. With a changing climate, exacerbated by an increase in urbanization, the frequency
of extreme hydrometeorological hazard events is expected to rise, impacting economic
corridors, disrupting supply chain, and stressing emergency and rescue operations, among
other effects (Fuchs, Röthlisberger, Thaler, Zischg, & Keiler, 2017; Keiler, Knight, &
Harrison, 2010). As a result, special focus is now given to these hazard events and their
associated risks. In times of scarce public resources and increasing incidences and damages
caused by floods (Bowering, Peck, & Simonovic, 2014), network managers have the need
to become increasingly aware of their causes and consequences so that they can
appropriately manage their risks, for example, through the adaptation of networks
(Elsawah, Guerrero, & Moselhi, 2014) or the planning of actions following a hazard event
(Taubenböck et al., 2013). A number of methods have been developed to quantify the
damages and costs due to floods (Hammond, Chen, Djordjević, Butler, & Mark, 2015; Merz
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et al., 2010). Nevertheless, most of these studies have been focused on buildings and the
estimation of direct costs.
In the transport sector, some work has been done to consider the probable direct costs of
floods (e.g., Scawthorn et al. (2006), Deckers, Kellens, Reyns, Vanneuville, and De Maeyer
(2010), Bowering et al. (2014), but these works have often neglected the spatial and
temporal attributes of these networks. Only a few scholars have investigated flood risk in
combination with the actual changes in traffic flow. Dawson and Hall (2006) implemented
an agent‐based model to simulate the human response to floods considering different
storm surge conditions. Suarez, Anderson, Mahal, and Lakshmanan (2005) studied the
impacts of floods and climate change on the urban transport system of the Boston Metro
Area, using a conventional analytical framework for simulating traffic flows under
different flood scenarios, changes in land use, and demographic and climatic conditions.
In both cases, the direct costs resulting from damages were not taken into account.
Furthermore, only the events unfolding during the hazard events period were analyzed,
and hence, no network restoration was considered, which is essential for quantifying
indirect costs.
While floods are the most common rainfall‐triggered hazard events in mountainous areas,
landslides, including mudflows, are second in place. As road networks in these areas
generally have a low level of connectivity (e.g., remote villages that are only connected by
few mountain roads), there is a high probability that connections between some areas
within a road network can be interrupted when one or a limited number of objects fail
(Rupi et al., 2015). Usually, risk estimates related to networks, including road networks,
due to landslides have been obtained by overlapping hazard and consequence maps
(Ferlisi, Cascini, Corominas, & Matano, 2012; Pellicani et al., 2017) and thus the indirect
costs for specific hazard scenarios have not been considered.
In general, according to Mattsson and Jenelius (2015), there are two dominant types of risk
assessment methods for transport networks. The first set of methods is rooted in graph
theory, and is focused on the study of the topological properties of the networks. This
analytical approach requires network topology data and considers the importance of
different edges (Jenelius et al., 2006; Rupi et al., 2015), cascading failures (Dueñas‐Osorio
& Vemuru, 2009; Hackl & Adey, 2017), and interdependencies between different networks
(Thacker, Pant, & Hall, 2017). The second group of methods is focused on understanding
the dynamic behavior exhibited on networks (e.g., traffic flow) through the use of
transportation system models. While this approach has the potential to provide a more
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complete description of society‐related consequences than graph‐theory‐based methods,
the approach often requires extensive data and significant computational resources,
limiting the modeling of this dynamic behavior to only a few deterministic scenarios.
This work is organized as follows. A brief overview of the risk assessment methodology is
presented next in Section 4.2. Section 4.3 contains a description of the main features of the
application to illustrate the use of the methodology. The results obtained from the
application are presented in Section 4.4 while a discussion about the findings, and the
advantages and shortcomings of the methodology and the models used are given in
Section 4.5. Concluding remarks and suggestions for future work are given in Section 4.6.

4.2

Risk assessment methodology

The purpose of the risk assessment methodology is to support network managers in the
quantification and subsequent management of risk. The methodology is founded on the
principles of systems engineering (Adey et al., 2016) and thus the methodology is
structured keeping in mind that (a) different decisions require different models, (b) models
provide different levels of detail, and (c) this is an iterative process, requiring changes as
data and model insufficiencies are discovered, and new data and models become available.
Considering these principles, the risk assessment methodology is structured as follows:
1. Set up risk assessment – the rough outline of the planned risk assessment.
2. Determine approach – the agreements on how to perform the risk assessment,
including the involved parties and the activities to conduct.
3. Define system representation – the agreements on system behavior, system
boundaries, assumptions and limitations.
 Define boundaries – the parts of the system to be analyzed, both spatially
and temporally.
 Define events – the events to be analyzed.
 Define relationships – the relationships between events.
 Define scenarios – the scenarios combining the events and relationships.
 Determine tools – the selection of tools, models and software to analyze
the scenarios.
4. Estimate risk – the computed probabilities of the scenarios and their consequences.
5. Evaluate risk – the interpretation of the risk estimates.
6. Update approach and/or system representation – the parts of the system to be
analyzed in more detail in order to decrease the uncertainties of the result.
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The considered events are described using generic categories: source, hazard, object,
network and societal. Source events are ones that, at least from a modeling perspective, are
considered to simply happen with a certain probability, and may lead to hazard events.
Each object in the network is vulnerable to these hazard events, which may cause damage
and/or functional losses. These impacts can be the origin of failures in the network
resulting in a deficient level of service. These effects can impair the functioning of society
during the hazard events and restoration periods. The execution of restoration
interventions enables the network to provide an adequate level of service again by
changing the state of damaged objects.
Such a chain of events can be assembled using a novel simulation engine (Heitzler, Lam,
Hackl, Adey, & Hurni, 2017b) that supports the coupling of multiple heterogeneous
models, where a given model encapsulates the behavior and state of a part of the system.
To support the data exchange between models, models are grouped into modules, with
each module comprising distinct execution instructions and data requirements. The data
consist of model parameters, static input (e.g., the location of mudflows, the extent of the
road network, the distribution of a variable to sample from) and the states of models in
other modules (e.g., to determine the damaged objects, the water extend from a flood
model is needed). The advantage of such a modular approach is that only input and output
have to be defined for each module. Consequently, different models and software solutions
can be used to simulate scenarios. For example, a flood can be simulated using a custom
model or off‐the‐shelf software such as HEC‐RAS (Brunner, 2016), Basement (Vetsch et al.,
2018), etc., without having to modify other models. This approach allows scientists to
implement and test their own models, including their effects on risk estimations.
Once the modules and module interfaces are defined (as a reference, see Figure 4‐1 for a
schematic representation of the modules used in the application), the network manager
can conduct the risk assessment. Risk is here expressed in terms of expected monetized
consequences, calculated as a product of the probability of occurrence of a certain scenario
and the associated costs of that scenario – both the direct (dc) and the indirect costs (ic)
should be considered. Their cost functions C and C are associated with the modeled
societal events E that occur as a result of object events E and network events E , and
that can be traced back to hazard events E
and source events E . This representation
[for a given source event, see Equation (4‐1)] can also be used when considering multiple
hazard events. As the spatial and temporal correlation between events is considered, risk
can be said to be spatially and temporally distributed (i.e., risk estimates vary in space
within a defined area of study, and in time within a defined period of analysis).
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Figure 4‐1. Schematic overview of the modules used for the application33
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Furthermore, network managers may be often interested in investigating the effect of
hazard loads on their critical objects. Therefore, managers need to be given the option to
select hazard events based on the periodicity of the manifested site‐specific hazard loads
(i.e., managers may not be as concerned with selecting a hazard event based on the return
period of the preceding source event). Then Equation (4‐1) can be modified by first
selecting the hazard events according to the return periods related to the site‐specific loads
(i.e., risk is conditioned on the hazard event (ℛ|E ) and thus the probability of occurrence

Modules, represented by nodes with certain inputs and outputs, are related to the events that need
to be modeled to estimate risk. The assessment starts with the modeling of a random rainfall and its
corresponding runoff. Estimated discharge values at river stations of interest are used to simulate
the flood propagation, including the inundation of the area. A mudflow can be randomly triggered
during the rainfall if accumulated precipitation values exceed certain thresholds. In the next step,
expected damages (i.e., bridge local scour, road section inundation, road section mud‐blocking),
functional losses (i.e., speed reduction, capacity reduction), and restoration needs (i.e., restoration
cost, restoration time) are determined for each affected object in the network. The updated states of
individual objects help define the new state of the entire network. The traffic through the network is
then simulated. Restoration interventions are executed to enable the network to provide an adequate
level of service again by changing the state of damaged objects. The costs for the restoration are
accounted as direct costs, while the costs related to additional vehicle travel time through the
network and missed trips are accounted as indirect costs.
33
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of a scenario is defined as ℙ E

|E

). For example, the network manager might be

interested to evaluate a flood with a return period of 100 years in a specific point in the
network. In this case, the simulation engine finds a suitable rainfall that causes the flood of
interest.

4.3

Application

The application presented in this section is used to demonstrate the usefulness of the
methodology considering a specific problem. The application shows the design and
implementation of an assessment focused on estimating the risk related to a road network
in the Canton of Grisons in Switzerland. In the study, the network was exposed to rainfall,
which caused multiple hazards, specifically riverine floods and mudflows. At the same
time, these events led to direct costs linked to clean‐up, repair, rehabilitation and
reconstruction activities, and indirect costs associated with loss of connectivity and
temporal prolongation of network user travel time, linking the modeling of these latter
effects with the dynamics of the network. A large number of uncertain rainfall leading to
floods of multiple return periods was considered in the analysis.
The data used for this application were representative of actual entities and processes in
the region, or were derived from such data. Moreover, the models selected for the
application were chosen considering the need to keep the computational time low. The
authors of this paper are fully aware that other models may be available in the literature,
some of which are more sophisticated and precise, and hence, demand much more detailed
data than the data that were available. Nonetheless, the selection of data and models was
sufficient for illustrating the use of the methodology. The proposed risk assessment
methodology is unaffected by these limitations, and the modular simulation engine
supports the updating of data and models.

4.3.1

Area of study

The investigated road network is located in the Rhine Valley between Trin and Trimmis
(Figure 4‐2). This target area is located around the city of Chur, the capital of Grisons, the
largest and easternmost canton of Switzerland. It is the largest city in Grisons with
approximately 34 500 inhabitants and a large business center. Chur is also an important
transportation hub, linking Switzerland, Germany, Austria, and Italy. The Canton of

110

Figure 4‐2. The area of study is located in the east of Switzerland35

Grisons is crossed in a north–south direction by the A13 motorway34. The considered road
network comprises ca. 121 bridges and 605 km of roads, including 51 km of national roads.
Lake Toma in Grisons is generally regarded as the source of the Rhine. Its outflow is called
Rein da Tuma, and after a few kilometers, the outflow forms the Anterior Rhine. The
Anterior Rhine is about 76 km and has a catchment area of 1512 km2. The Posterior Rhine
is the second tributary of the Rhine, with less length, but a larger discharge than that of the
Anterior Rhine. The basin of the Posterior Rhine is approximately 1698 km2. The river
begins to be called the Rhine at the confluence of the Anterior Rhine and Posterior Rhine
in Reichenau. For both rivers, detailed runoff and flood information are available from the
stream gauging stations in Ilanz (No. 2033, 2498) and Fürstenau (No. 2387). Both towns are

34 A more detailed overview of the canton of Grisons and its damage potential against natural
hazards can be found in Fuchs and Bründl (2005).
35 The red areas indicate the considered catchments of the Rhine rivers. The risk assessment was
performed on the road network located within the green boundary. The data to calibrate and validate
the rainfall, runoff, and flood model were collected from nine precipitation measurement stations
(green nodes) and seven gauging stations (red nodes). Historical landslides, floods, and their
damages to road networks are illustrated as symbols, where their size represents the magnitude of
the associated direct costs. Four hazard events with damages over CHF 5 million occurred within
the last decade in the investigated area (Felsberg, Chur, and Trimmis).
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at the considered boundaries of the investigated area. Another stream gauging station is
located in the study area at Domat/Ems (No. 2602), which was used as a reference point
for the hydraulic model. Nine precipitation gauging stations with sufficient historical
series are available in the basins under consideration. Precipitation data since 1887 are
available to determine and calibrate extreme rainfall.
The investigated area is exposed to floods and landslides on an annual basis as the
historical records of the Swiss Flood and Landslide Damage Database36 show. Figure 4‐2
illustrates some of the recorded hazard events (45 in the area of interest) from 1975 to 2013
that affected networks37. From these, 27 events fell into the category of floods/debris flow,
13 events fell into the category of landslides (other than debris flow), and the remaining 5
events were classified as rockfalls. The costs were in the range between CHF 10 000 and
CHF 6.85 million. According to the dataset, four events caused “high/catastrophic”
damages while five and 36 caused “medium” and “minor” damages, respectively38.
Consequences included 12, 31 and two disruptions on the railway network, the road
network and traffic, and the power supply, respectively. Over the period of 38 years, two
bridges were severely damaged and three bridges collapsed. One of the worst floods in
recent history occurred in 2005. This flood was responsible for approximately CHF 695
million in damages to roads and railways in Switzerland (Bezzola & Hegg, 2007).

4.3.2

Application of the methodology

The setup of the risk assessment described in the opening of Section 4.3 was complemented
by additional specifications. The assessment only considered rainfall that could happen
within a 1 year period (i.e., the interest was on understanding what could occur in a given
year before changes in the system representation due to network renewal works, network
extension, and urban sprawl, among other factors). Moreover, it was assumed that only
one rainfall leading to hazard events could happen throughout this period (i.e., a sequence
of rainfall events within this period was not explored). The floods to be simulated would
have return periods of 2, 5, 10, 25, 50, 100, 250, 500, 1000, 2500, 5000, and 10 000 years. One
hundred (100) events would be simulated for each return period, leading to a total of 1200
simulated floods.

WSL Unwetterschadens‐Datenbank der Schweiz
Events that caused damage to buildings or forestry/agricultural assets are not considered here.
38 A definition of these terms can be found in Hilker, Badoux, and Hegg (2009).
36
37
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With respect to the quantitative approach to the risk assessment, as the simulation engine
supported the integration of the spatio‐temporal properties of the events, the estimation of
direct and indirect costs, and the consideration of the aleatory uncertainty (due to natural
and stochastic variability) and the epistemic uncertainty (due to incomplete knowledge of
the system), no additional specifications were necessary. However, to represent the
elements pertaining to the physical and natural phenomena within the simulation engine,
an entity‐based (vector) approach and a continuous field (raster) approach were used. An
entity‐based approach views space as a place to be populated by entities with clearly
defined spatial boundaries and associated properties (e.g., an object within a road network
and its type of use). A continuous field approach represents phenomena as a set of spatially
varying values of some attribute, such as precipitation or elevation. Given these distinctive
approaches, to estimate the impact of the hazard events on the road network, road sections
had to be split into a set of 74 466 unidirectional entities (i.e., road subsections) in a way
that an entity can be assigned to a single 16x16 m cell of the hazard events’ continuous
fields. This is illustrated in Figure 4‐3.
With regards to determining the system representation, the analyzed events (organized
using the generic categories introduced in Section 4.2) are presented next. It is worth noting
that all events were described in terms of their spatial and temporal characteristics, and
measures of the intensities were assigned to these events to describe attributes of interest.
Once these events were defined, scenarios were built considering the relationships among
events as suggested by Figure 4‐1.






Source event: rainfall and runoff.
Hazard events: floods and mudflows.
Object events: bridge local scour, road section inundation, road section mud‐
blocking, speed reduction, and capacity reduction.
Network events: network functionality.
Societal events: restoration interventions and traffic changes.

To model the spatio‐temporal behavior of rainfall and the changes in river discharge
values, a larger area than the area used for assessing the hazard events was considered for
the source events. This is illustrated in Figure 4‐2. The hazard and object events were
bounded to the corresponding catchment area of the region. The boundaries of the network
and societal events exceeded the boundary of the object events to properly model the
effects at the network level. The costs were only accounted for the Chur region. National‐
level impacts were not considered (e.g., blockade of the transit route from northern Europe
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Figure 4‐3. The road network consists of numerous objects39

to the south). Furthermore, scenarios were divided into time steps, with the duration of
each time step varying, depending on the occurred events in the scenario. Source and
hazard events were observed every hour, in order to account for gradual changes of the
system (e.g., the traveling paths of rainfall, the increase of river stage). Object, network,
and societal events were evaluated on an hourly basis during the hazard events and on a
daily basis after the hazard events as the restoration time was expressed in working days.

4.3.3

Modules

Due to the modular approach of the simulation engine, events were represented as
autonomous physical models grouped in modules, where only the metadata such as
needed input and output had to be defined (a module can contain one or more models).
Modules and models were developed in‐house using Python to support the detailed study
of (a) the behavior of the comprising models as the source code was available, and (b) the
uncertainties and propagation as all variables and functions of the individual models were
known and could be modified. As most network managers use geographic information
systems (GIS), a GIS data interface was developed to facilitate the import and export of
data. Furthermore, the program code was optimized for massively parallel computing to
reduce the computational time of the optimization process (i.e., each simulation ran on a
designated CPU and thus an increase in the amount of CPUs increased the number of
simulations for a given time frame). Brief descriptions of the modules used are provided

The objects considered are bridges and road sections, which are mapped as edges in the network.
Given spatial considerations during the risk assessment, the road sections are divided into
subsections. The length of subsections is defined by a projected raster grid matching the grid of the
hazard events.
39
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in the following sections. For the interested reader, mathematical definitions of each
module are given in Appendix E.

4.3.3.1

Rainfall

The experimental precipitation catalog described by Wüest et al. (2010) was used as the
data source for rainfall modeling. The dataset covers all of Switzerland for the period
between May 2003 and 2010. This catalog was derived from a combination of precipitation‐
gauge‐based high‐resolution interpolations and an hourly composite of radar
measurements. The aggregation of the two data sources allowed for a catalog of very high
resolution at the spatial scale (1 km2) and at the temporal scale (1 h). The initial precipitation
fields were sampled from this catalog using randomized start hours and durations. The
precipitation values for each raster cell for each time step were then scaled to associate the
return period of a generated river discharge value at a location of interest with that of the
rainfall (Hackl et al., 2017).
Inputs. The return period desired to be investigated40.
Outputs. A time series of precipitation fields (i.e., raster file for every time step), where the
cell values represented the rainfall intensity per time step [mm h‐1]41.

4.3.3.2

Runoff

The modified Clark (ModClark) model by Kull and Feldman (1998) was used to estimate
the runoff. After parsing a watershed into a uniform grid (matching that of the rainfall),
this model used a linear quasi‐distributed transformation method to estimate the runoff
based on the Clark conceptual unit hydrograph (Clark, 1945). The method accounted for
spatial differences in precipitation and losses (Paudel, Nelson, & Scharffenberg, 2009),
allowing to model runoff translation and storage. The implementation of this model was
calibrated by comparing the calculated values with measured values from the stream and
precipitation gauging stations in the area.

The term “inputs” refers to those inputs that are provided by other modules in the simulation
engine, or externally by the network manager.
41 The term “outputs” refers to those outputs that are provided by the module and can be used by all
other modules, or ultimately can be regarded to be the estimated consequences.
40
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Inputs. A time series of precipitation fields, where the cell values represented the rainfall
intensity per time step [mm h‐1].
Outputs. Hydrographs for different sections of the rivers in the area of study, which were
generated using the excess of cells located at the basin outlets [m3 s‐1].

4.3.3.3

Flood

A one‐dimensional hydraulic model for gradually varied steady flow in an open channel
network was implemented for the 31 km‐section of the Rhine river in the area of study.
This model was used to simulate the floodplain inundation by first computing the water
surface profile of a given cross‐section to the next, and then interpolating inundation
values in between cross‐sections to obtain the inundation field for the area of study. The
198 cross‐sections, with an average distance of 150 m between them, were obtained from a
digital elevation model (DEM) of the area. The model boundary conditions were
represented by (a) the discharges at Ilanz and Fürstenau, (b) the water level at the Rhine
outlet, and (c) the evolution of the additional discharges per cross‐section derived from the
computed hydrographs. The (Manning) roughness coefficients were estimated based on
soil cover and land use. The hydraulic model was calibrated based on historical records of
the stream gauging stations in the area.
Inputs. Hydrographs for different sections of the rivers in the area of study [m3 s‐1].
Outputs. A time series of inundation fields (i.e., raster file for every time step), where the
cell values represented the floodwater depth above ground [m].

4.3.3.4

Mudflow

The mudflow model consisted of three main processes: (a) determination of potential
mudflow locations, (b) modeling the potential geometries and volumes, and (c) estimation
of the probability to trigger a mudflow. Potential locations and geometries were obtained
from Losey and Wehrli (2013). Potential locations were determined using geological data
and relief parameters as described in Giamboni, Wehrli, and Losey (2008), and geometries
were calculated using the random walk routine of Gamma (2000). In total, 54 potential
mudflows were considered in the target area of study. The volume of each mudflow was
then estimated by calculating the runout length of the fan using the empirical relation of
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Rickenmann (1999). The increase in elevation per cell was calculated by dividing the
mudflow volume by the area of the fan.
The probability of occurrence was estimated by first using the empirical intensity‐duration
function for sub‐alpine regions proposed by Zimmermann, Mani, and Gamma (1997) to
determine which mudflows could be triggered at a given time step. When intensity‐
duration thresholds were exceeded at the site of a potential mudflow, a probability of being
triggered was assigned to the mudflow event. This probability was related to the
corresponding estimated slope factor of safety (Skempton & Delory, 1957). When
determined to be triggered, the mudflow process was assumed to happen within one
simulation time step.
Inputs. A time series of precipitation fields, where the cell values represented the rainfall
intensity per time step [mm h‐1].
Outputs. A time series of mudflow fields (i.e., raster file for every time step), where the cell
values represented the deposited mudflow volume [m3].

4.3.3.5

Object fragility

The relationships between hazard and object events were represented by fragility
functions. These functions related hazard intensity measures Ξ, such as river discharge,
inundation depth, and mudflow volume, to the likelihood of meeting or exceeding a
determined damage (limit) state s of a bridge, road section/subsection. As fragility
functions do not consider monetized consequences (as opposed to vulnerability
functions42, which measure monetized consequence ratios), their use allows treating
damages and their consequences separately. The fragility functions developed for this
work were assumed to be log‐normally distributed [Equation (4‐2)], where S is the
realization of the damage state, s is a possible damage state of an object, Ξ is the observed
intensity measure of the hazard event at the object location, Φ denotes the standard normal
cumulative distribution function, and μ and σ are the parameters of the estimated
probability distribution.

42

Such functions are also referred to as damage functions and loss functions
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ℙS

s|Ξ

Φ

ln Ξ μ
σ

(4‐2)

The estimated damage state exceedance probabilities output considered the cumulative
effects of hazard events. In other words, only the maximum hazard intensity measure
observed up until a time step t was used at that time step to determine the damage state
exceedance probabilities. The following subsections provide specific details on the
development of the fragility functions for bridge local scour, road section inundation, and
road section mud‐blocking.
Bridge local scour
Assuming a negligible contraction of the riverbed cross‐sections Gehl and D’Ayala (2015),
only local (pier) scour was considered for the application, resulting in the selection of five
bridges that could fail as a result of this phenomenon. To quantify different levels of local
scour, four damage states were defined as described in Table 4‐1. Fragility functions were
used to relate these damage states with a range of possible river discharge values for
bridges with one pier and those with two piers. The method used the local scour model of
Arneson, Zevenbergen, Lagasse, and Clopper (2012) and a Monte Carlo scheme to generate
100 000 uncertain local scour depths. These depths were compared with depth thresholds
assumed to correspond to each damage state, leading to the estimation of damage state
exceedance probabilities. The derived fragility parameters are given in Table 4‐2. The
fragility functions are illustrated in Figure 4‐4.
Road section inundation
The determination of the probable damages of a road section, whether part of a major or
minor road, due to floods is an active field of research. The small amount of available data
makes describing such relationship in a numerical form a challenging task. Some works
[e.g., De Bruijin (2005), Kok, Huizinga, Vrouwenvelder, and Barendregt (2005), Koks, de
Moel, and Koomen (2012), Tariq, Hoes, and van de Giesen (2014), C. Li et al. (2016)] have
sought to numerically describe the relationship between damages and inundation depth.
However, there are observed differences in the methods and results (e.g., some works
bundled direct and indirect costs in their estimates), leading to the conclusion that these
numerical relationships can only be applied to specific contexts and confined geographical
areas.

118

Table 4‐1. Damage states for bridge local scour, road section inundation and road section mud‐
blocking
State Label

Bridge local scour

Road section
inundation

Road section mud‐
blocking

s

operational

no changes in bridge
response

no observed damages,
negligible sign of
sediments

no observed damages

s

monitored

first noticeable changes presence of sediments
in
and
bridge response
debris

encroachment limited
to
verge/hard strip

s

capacity‐
reduced

significant changes in
the
bridge response

elements of the road
section
slightly damaged

blockage of hard strip
and one
running lane

s

closed

lack of pier stability to
support
the bridge

loss of subgrade layer

complete blockage of
carriageway
and/or repairable
damage
to surfacing

Table 4‐2. Fragility function parameters for bridge local scour, road section inundation and road
section mud‐blocking
State Label

Bridge local scour

Road section
inundation

Road section mud‐
blocking

1‐pier
bridge

2‐pier
bridge

major road minor road major road minor road

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

s

operational

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

s

monitored

5.52

0.66

4.67

0.64

2.71

0.74

1.61

0.92

9.07

3.45

7.70

3.70

s

capacity‐
reduced

8.34

0.58

7.44

0.54

3.00

0.87

2.30

0.93

10.6

2.92

9.28

3.31

s

closed

10.1

0.61

9.10

0.54

3.22

1.00

2.71

1.00

11.5

2.28

9.79

2.51

To overcome this challenge, a different approach was taken, which involved proposing
fragility functions based on data and information published by previous works seeking to
qualitatively illustrate the impact of floods on road sections [e.g., American Lifelines
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Figure 4‐4. Fragility functions for (a) bridge local scour, (b) road section inundation, and (c) road
section mud‐blocking43

Alliance (2005), ADEEPT (2011), Walsh (2011), Vennapusa, White, and Miller (2013),
Roslan, Naser Abdul Ghani, and Abdul Hamid (2015)]. Despite the use of these studies,
the proposed functions remain to be coarse illustrations that cannot be used in practice
without further analysis. To qualify different levels of damage, four damage states were
defined as described in Table 4‐1. The fragility function parameters are given in Table 4‐2.
The fragility functions are displayed in Figure 4‐4.
Road section mud‐blocking
To determine the level of road section mud‐blocking, a distinction was made between
high‐speed (major) and local (minor) roads. The damage states defined by this work were
based on the descriptions of Winter et al. (2013). These states are shown in Table 4‐1.
Fragility functions were estimated using expert data from the survey conducted by Winter
et al. (2013), where experts were asked to relate debris flow volumes and damage state
exceedance probabilities for different damage states and road categories (in doing so, it
was here assumed that the results of this survey, focused on debris flow, could be used for
determining a relationship between mudflows and road sections). The fragility function
parameters are given in Table 4‐2. The fragility functions are shown in Figure 4‐4.

43 The horizontal axis represents the intensity measure Ξ of the corresponding hazard. For (a) bridge
local scour and (c) road section mud‐blocking the axes are displayed in log‐scale. The vertical axis
represents the exceedance probabilities for the different damage states. The parameters μ and σ of
these functions are given in Table 4‐2.
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Inputs. (a) Hydrographs for different sections of the rivers in the area of study (out of
which only those hydrographs for the river sections with the bridges of interest were
selected during the analysis) [m3 s‐1], (ii) a time series of inundation fields, where the cell
values represented the floodwater depth above ground [m], and (iii) a time series of
mudflow fields, where the cell values represented the deposited mudflow volume [m3].
Outputs. Time series of damage state exceedance probabilities considering cumulative
damages for bridges due to local scour, road sections/subsections due to inundation, and
road sections/subsections due to mud‐blocking.

4.3.3.6

Object functionality

In terms of loss of functionality, a distinction was made between speed reduction and
capacity reduction. The reduction of travel speed was used as a temporary measure during
the hazard events period, indicating the drivers’ response to the changed driving
conditions (i.e., on an inundated road, drivers reduced their speed). In addition to this
temporary measure, it was assumed that damages in objects would result in reduction of
capacity (lane closure). In order to return to an adequate level of service, such objects had
to be repaired (see Section 4.3.3.10).
Speed reduction
During the hazard events period, the relationship between inundation depths and feasible
vehicle speeds on the road was derived from the data presented by Pregnolato, Ford,
Wilkinson, and Dawson (2017). An exponential function was fitted to these data to describe
the limit vehicle speed in a road as a function of inundation depth. The maximum
acceptable velocity that ensures safe control of a vehicle through a specific section at a
certain time when considering the inundation depth i was estimated by v v
∙
.
∙
‐1
e
. Where v
describes the maximum allowed speed on a road (e.g., 120 km h ).
It was assumed that vehicles were only operated until an inundation depth of 0.3 m.
Capacity reduction
The relationships between the hazard events and the reduction in capacity were
represented by functional loss functions (Lam & Adey, 2016) [Chapter 2]. Expected
functional losses were determined as functions of time‐dependent hazard intensities Ξ,
damage state s probabilities derived from fragility functions’ damage state exceedance
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probabilities, and functional loss values λ associated with the investigated damage states
[Equation (4‐3)]. The expected functional loss of a specific object at a specific time in the
simulation is represented by 〈λ〉 ∈ 0,1 .

〈λ〉

𝔼 λ|Ξ

𝔼 λ|s ∙ ℙ S

s|Ξ

(4‐3)

Table 4‐3 presents the estimated loss values used. The values were either directly obtained
or inferred from a survey conducted by D’Ayala et al. (2015). A loss value of λ 0
represents no reduction in capacity (i.e., all lanes are open) while a loss value of λ 1
indicates that no capacity is available (i.e., all lanes are closed). The functional loss
functions are illustrated in Figure 4‐5.
Inputs. (a) A time series of inundation fields, where the cell values represented the
floodwater depth above ground [m], and (b) time series of damage state exceedance
probabilities considering cumulative damages for bridges due to local scour, road
sections/subsections due to inundation, and road sections/subsections due to mud‐
blocking.
Outputs. (a) A time series of speed reduction for inundated road sections/subsections, and
(b) time series of expected capacity reduction for bridges with scoured piers, inundated
road sections/subsections and mudblocked road sections/subsections.

4.3.3.7

Object restoration needs

For each damaged bridge, road section/subsection, a restoration intervention had to be
executed. Associated with each intervention were: (a) the functional losses due to the
execution of the intervention (i.e., functional loss during the restoration intervention), (b)
the length of time required to execute the intervention (i.e., restoration time), and (c) the
cost of the intervention (i.e., restoration cost). These values were estimated using the same
convention as that of Equation (4‐3), where λ is replaced by the functional loss during the
restoration intervention (in this application, these losses were assumed to be the same as
those in Table 4‐3), restoration times and restoration costs.
While a restoration cost was composed of a fixed part (e.g., site setup) and a variable part
(e.g., CHF m‐2 of pavement, CHF m‐3 of concrete), the corresponding restoration time was
approximated as a single value (i.e., no distinction between activities related to fixed and
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Table 4‐3. Functional loss estimations for bridge local scour, road section inundation, and road
section mud‐blocking
State

Label

Bridge local scour

Road section
inundation

Road section mud‐
blocking

1‐pier
bridge

2‐pier
bridge

major
road

minor
road

major
road

minor
road

s

operational

0.0

0.0

0.0

0.0

0.0

0.0

s

monitored

0.0

0.0

0.3

0.3

0.3

0.3

s

capacity‐reduced

0.2

0.2

0.5

0.5

0.5

0.5

s

closed

1.0

1.0

1.0

1.0

1.0

1.0

variable costs). These costs and durations are shown in Table 4‐4. Cost estimates were
based on Staubli and Hirt (2005) and from a survey conducted by D’Ayala et al. (2015). For
each damage state, a restoration strategy was derived, and for each strategy, a restoration
cost44 and a restoration time were approximated. It was assumed that the selected
restoration program did not affect intervention costs.
Inputs. Time series of damage state exceedance probabilities considering cumulative
damages for bridges due to local scour, road sections/subsections due to inundation, and
road sections/subsections due to mud‐blocking.
Outputs. Time series of the expected capacity reduction during restoration intervention,
restoration costs [CHF], and restoration times [h] for bridges with scoured piers, inundated
road sections/subsections and mud‐blocked road sections/subsections.

4.3.3.8

Network

In cases where a road section had to be split into subsections, assigned functional losses,
restoration costs, and restoration times to subsections were aggregated to the section level.
Aggregation routines of subsections’ functional losses, restoration costs and restoration
times were implemented, which assigned the maximum functional loss of subsections in a

44

Costs taken from the literature were adjusted to 2017 price levels.
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Figure 4‐5. Functional loss functions for (a) bridge local scour, (b) road section inundation, and (c)
road section mud‐blocking45

given section to that section and the sum of the restoration costs and the sum of the
restoration times of subsections in a given section to that section. The routine
corresponding to the estimation of functional losses is schematized in Figure 4‐6. As
described in this figure as well, prior to this aggregation (from subsection level to section
level) another aggregation had to be performed to consider the impact of the multiple time‐
varying hazard events. This latter estimation of functional losses, restorations costs, and
times for subsections is described in Lam, Heitzler, et al. (2018) [Chapter 3]. The algorithm
presented in Lam, Heitzler, et al. (2018) [Chapter 3] is also applicable for bridges.
Once aggregated to the section level, functional losses, restoration costs and restoration
times for road sections, along with those for bridges, were assigned as attributes to the
network. This required modeling the road network as a graph composed of 1520 vertices
(i.e., 37 centroids, 1056 junctions, and 427 changes in road geometric features) and 3202
directed edges, where each edge represented a bridge or a road section. As the road
network is located in a mountainous area, the topology of the network is such that certain
areas are served by a single road, which means that, if part of this road is disrupted, there
is no valid rerouting alternative and part of the demand remains unsatisfied. This results
in missed trips. For this network, in particular, these edges (also referred to as cut links)
represented about 11% of the entire edge set.

The horizontal axis represents the intensity measure Ξ of the corresponding hazard. For (a) bridge
local scour and (c) road section mud‐blocking the axes are displayed in log‐scale. The vertical axis
represents the expected functional loss.

45
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Table 4‐4. Restoration costs and times for bridge local scour, road section inundation, and road
section mud‐blocking
Event

Bridge local scour

Road section
inundation

Road section mud‐
blocking

State

Fixed costs

Variable costs

Duration

[CHF]

[CHF pier‐1]

[h pier‐1]

s

16 000

24 000

60

s

30 000

40 000

135

s

48 000

64 000

240

[CHF]

[CHF m‐2]

[h m‐2]

s

3500

16.50

0.005

s

9600

165.00

0.009

s

14 400

325.00

0.015

[CHF]

[CHF m‐2]

[h m‐2]

s

3500

16.50

0.005

s

9600

165.00

0.009

s

14 400

325.00

0.015

Figure 4‐6. Estimation of functional losses46

46 The hazard events (a) were represented in the form of a spatially distributed grid where the
intensity measures change for each cell (b). Each road section of the network had to be split up
according to this grid, which resulted in a set of subsections. This process was also previously
illustrated in Figure 4‐3. In this specific example, the considered section is split into four subsections
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After the hazard events period, the network was restored using a restoration model. This
model supported the updating of damaged objects to restored objects (see Section 4.3.3.10),
leading to updated network graphs to be used in the traffic model to estimate the indirect
costs.
Inputs. (a) A time series of speed reduction for inundated road sections/subsections, (b)
time series of expected capacity reduction for bridges with scoured piers, inundated road
sections/subsections, and mud‐blocked road sections/subsections, and (c) time series of the
expected capacity reduction during restoration intervention, restoration costs [CHF], and
restoration times [h] for bridges with scoured piers, inundated road sections/subsections
and mud‐blocked road sections/subsections, and (d) a restoration program, defining when
each damaged object is to be restored.
Outputs. (a) A time series of routable network graphs that can be used for traffic
assignment, and (b) time series of the expected capacity reduction during restoration
intervention, restoration costs [CHF], and restoration times [h] for bridges with scoured
piers, inundated road sections and mud‐blocked road sections.

4.3.3.9

Traffic

Vehicle travelers were assumed to behave according to the user equilibrium principle,
which states that they choose a route from their origin to their destination that minimizes
their travel cost. This means that the travel cost between each origin–destination pair is
uniquely defined (Jenelius et al., 2006). This cost depends on the travel costs of all edges in
an origin–destination path, which change with traffic flow. A stable state is reached only
when no traveler can reduce his/her own costs of travel by unilaterally changing routes

(b). The intensities are then processed independently for each of these subsections. For each intensity
measure, the expected functional loss (i.e., speed reduction, capacity reduction) for each subsection
is determined using computed functional loss functions 𝑓 and 𝑓 (c). Schematized in panel (d) are
the resulting functional losses that are encoded in the colors of the subsections. A subsection
aggregator 𝒜 (e) is executed for each subsection and combines all functional loss values derived
from different hazard events into a single value (f). This aggregator simply takes the maximum
functional loss values. Finally, a section aggregator 𝒜 (g) combines the functional losses of the
subsections into a single functional loss for the section (h). Losses at the section level are then used
in the network model (i). This figure was adapted from Heitzler et al. (2017b).
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(Sheffi, 1985). Travel time was estimated using the formulation proposed by the (Bureau
of Public Roads, 1964).
Regarding the demand model, the origin–destination matrix was estimated by a gravity
model based on population density and was related to the number of vehicles on an
average hourly and an average daily basis. This matrix was calibrated and updated using
information of recent traffic counts along a set of edges. The study area was divided into
37 zones. Every internal centroid corresponded on average to an area of 15 km2 with a
population of about 1000.
To reduce computational complexity, only changes in route choices were considered
within the risk assessment (i.e., travel demand was assumed to be inelastic). This was
deemed a reasonable assumption as a large majority of the travel demand was caused by
trips to work, which are made under normal circumstances. Therefore, changes in
destination choices, mode choices, or trip frequencies were not considered. Moreover, it
was assumed that the duration of network closures was long enough for all travelers to be
aware of them so that a new user equilibrium could be reached.
Inputs. A time series of routable network graphs that can be used for traffic assignment.
Outputs. (a) A time series of traffic flow and travel time for each edge in the network, (b)
a time series of missed trips in the network, and (c) a time series of damaged bridges and
road sections that caused loss of connectivity.

4.3.3.10 Restoration
Once the discharge values along the river returned to normal conditions and no further
damages to objects could occur, the impaired network was restored. A basic restoration
model simulated this procedure [an improved version of the work of Lam and Adey (2016)
[Chapter 2]]. The prioritization of restoration activities was done by first restoring objects
that caused loss of connectivity, and then restoring objects based on their average traffic
volume (i.e., the average daily traffic volume for each object under normal conditions). It
was assumed that 10 reconstruction crews could work simultaneously and each crew could
at most be assigned to one object. For each day until the restoration was finished, the model
updated the objects’ states and executed the traffic model described to support the
estimation of indirect costs during the restoration period. The restoration process ended
once the network was completely restored.
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Inputs. (a) Time series of the expected capacity reduction during restoration intervention
and restoration times [h] for bridges with scoured piers, inundated road sections, and
mud‐blocked road sections, and (b) a time series of damaged bridges and road sections
that caused loss of connectivity.
Outputs. A restoration program, defining when each damaged object is to be restored.

4.3.3.11 Direct and indirect costs
The direct costs were estimated to be the sum of the direct costs for each intervention to be
executed during the restoration period. These costs were actually accrued during the
hazard events period as bridges and road sections were impacted by the hazard events (see
Section 4.3.3.7). The direct costs were composed of a fixed part (e.g., site setup) and a
variable path (e.g., CHF m‐3 of pavement). The direct costs associated with each damage
state are given in Table 4‐4. The indirect costs were comprised of costs for the prolongation
of travel time and costs due to a loss of connectivity. These costs were accrued during the
hazard events period and the restoration period. The travel time costs were estimated
based on the increased amount of time vehicles spent traveling. The Swiss Association of
Road and Transport Experts (VSS, 2009b) approximated the travel time cost per vehicle to
be 23.29 CHF h‐1. In addition to considering the time factor, indirect costs also accounted
for the costs of vehicle operation, which were incurred as a result of fuel consumption and
vehicle maintenance. Based on the estimates of VSS (2009a), the mean fuel price was
approximated with 1.88 CHF L‐1 with a mean fuel consumption of 6.7 L per 100∙veh‐km
and the operating costs per vehicle without fuel consumption was assumed to be 14.39
CHF per 100∙veh‐km. The costs due to a loss of connectivity were estimated based on the
unsatisfied demand and the resulting costs due to missed trips. For every hour of delay of
a trip, costs in the amount of 83.27 CHF were charged.
Inputs. (a) A time series of the expected restoration costs [CHF] for bridges with scoured
piers, inundated road sections, and mud‐blocked road sections, (b) a time series of traffic
flow and travel time for each edge in the network, and (c) a time series of missed trips in
the network.
Outputs. Time series of the estimated direct and indirect costs.
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4.4

Results

The results section is organized in three subsections that present (a) the results of a single
simulation run, (b) the aggregation of results of multiple simulations with the same return
period, and (c) the results of multiple scenarios with multiple return periods.

4.4.1

Single scenario

Figure 4‐7 shows the changes in a scenario due to a flood of 500 year return period. For this
specific chain of events, the hazard events extended over a period of 18 h while the
restoration period lasted 23 days [please note that while only two time steps are shown in
this figure, the full system evolution is given in the supplement of Hackl et al. (2018)].
In this scenario, the rainfall started at hour 1 and ended at hour 10, with the maximum
precipitation observed around hours 6 and 7. The precipitation moved from the
northwestern part of the study area to southeastern part. At hour 6, parts of the motorway
to Fürstenau were flooded, which led to a detour of the traffic through the village of
Bonaduz. At hour 8, the motorway was flooded between Tamins and Domat/Ems, which
interrupted the west–east connection in the valley. Traffic had to detour through Chur and
drive south. Due to the lag runoff, the maximum extent of the flood was reached at hour
11. Most of the flood damage was caused in the western part of Chur, while in the northern
part, only the motorway and several minor roads were flooded. Additionally, the
triggering of a mudflow next to the village of Felsberg can be observed in hour 10, causing
the blockage of two minor roads. This type of analysis is useful, to investigate the spatial
and temporal evolution of the events. However, a single scenario cannot capture the
uncertainties of the events. To overcome this issue, multiple scenarios with the same initial
conditions (i.e., the same return period) can be performed.

4.4.2

Multiple scenarios with the same return period

Figure 4‐8 illustrates the aggregated simulation results for 100 scenarios with 500 year
return period. On the top left, the 25, 50, and 75‐percentile precipitation fields are shown,
with darker areas indicating more intense rainfall. The hazard events of interest are also
presented, specifically the 5, 50 and 95‐percentile of possible inundation depths as well as
the location of possible mudflows color‐coded according to their probability of occurrence.
The expected discharge along the river is also illustrated in the graph. It can be observed
that the 5, 50 and 95‐percentile values were approximately 1690 m3 s‐1 at section 30. This
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Figure 4‐7. Spatio‐temporal representation of the system47

value corresponded to the targeted river discharge value for a 500 year flood at the
predefined gauging station located in that section. While the estimated direct costs are
illustrated in Figure 4‐8, the indirect costs are not shown because these latter costs are a
property of the whole system, and hence no clear spatial positions can be assigned to them.
As illustrated in Figure 4‐8, the mapped floods can be interpreted as a probabilistic hazard
map for events of a 500 year return period. While such maps can be used to reach some
conclusions about the probable inundated areas, it is possible to also use geostatistical tools
to analyze these and other information. Figure 4‐9 shows the automatic cluster of damaged
objects in the network using a mathematical algorithm that also supports the visualization
of the associated direct costs. Such analysis can also be used for the planning of mitigation
measures as part of the management of risk.
Figure 4‐9 gives additional insights on the resulting costs. Direct costs followed a heavy‐
tailed distribution (i.e., scattered high values in the positive direction of the distribution).
Such distributions are often observed when considering extreme events, which is the case
in the application that modeled random mudflows in addition to floods. For example, a

The columns represent the investigated events, while the rows illustrate different time steps of the
considered scenario. Time step 1 represents the beginning of the simulation with all elements at their
initial state. Time step 10 illustrates the system state close to the peak of the flood. As observed, road
sections were damaged by the flood, which resulted in functional losses and a change of traffic flow.
In this scenario, people living in the northern part of the area were cut off from the rest of the network
due to severely inundated roads.
47
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Figure 4‐8. Aggregation of multiple simulations for hazard events with 500 year return period48

mudflow was occasionally triggered in cluster five (see Figure 4‐8 and Figure 4‐9). When
the mudflow was not triggered, little to no damage was observed in this cluster; however,
when the mudflow was triggered, severe damage occurred. Contrary to direct costs,
indirect costs followed a symmetric distribution due to the network redundancy (i.e., as
long the network is not completely out of service, vehicles can take detours, leading to a
redistributing of the indirect costs).

4.4.3

Multiple scenarios with multiple return period

Figure 4‐10 shows the obtained risk curves (return period vs. costs) with confidence
intervals and annualized risk estimates (how much risk can be expected per year on
average over a long period of time). Once a risk curve of a specific percentile was
determined, its corresponding costs were used to estimate the matching annualized risk
using Equation (4‐4) (Deckers et al., 2010), where ℛ is the annualized risk and C the costs
associated with the annual exceedance probability

, which is estimated based on the

This map visualizes the uncertainties related to these events. For example, only 5% of the floods
exceeded the light purple floodplain (95% percentile), while only 5% of the floods resulted in
floodplains smaller than the dark purple area (5% percentile).

48
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Figure 4‐9. Direct and indirect costs related to the hazard events with 500 year return period49

return period T of the event i. To use this equation, the events had to be arranged in
decreasing order (e.g., , , …,

).

ℛ

1
∙ C
T

C

(4‐4)

When using this equation, direct costs were found to follow a heavy‐tailed distribution.
The median annualized risk related to direct consequences (CHF 1.5 million) was larger
than that of indirect consequences (CHF 1 million). If other indirect consequences had been
considered in addition to prolongation of travel time and missed trips (e.g., business
interruptions), the annualized risk related to indirect consequences would be expected to
increase significantly.

49 A heat map of expected direct costs for all scenarios (a) can be used to analyze high‐risk areas.
Here, five clusters were detected. The estimated direct costs per cluster and their associated
uncertainties are illustrated in panel (b) using box plots. While in the second cluster, the median
direct cost was around CHF 4.8 million, in the fifth cluster, a much smaller median value was
estimated. However, the uncertainty of this cluster on the positive direction was comparable to that
of the second cluster in the same direction. Comparing direct and indirect costs (c), their medians
were similar. Nonetheless, the distribution of direct costs was positively skewed (heavy tail) while
the distribution of indirect costs was close to symmetrical.
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Figure 4‐10. Direct and indirect costs related to the hazard events with 500 year return period50

4.5

Discussion

As the main goal of the presented application was to illustrate the use of the methodology,
models were selected based on the data available and a desire to keep computational time
low to support the exploration of a large set of scenarios. This way, multiple hazards of
various return periods could be considered along with changes in the traffic flow and
restoration activities, leading to a more encompassing way to estimate risk. Due to the
modular approach used, if desired, models that are more sophisticated may be integrated
in the future. For example, the traffic model used here provided a low complexity
representation of driver behavior (e.g., travelers had full knowledge of the traffic
conditions). Moreover, the traffic model did not account for dynamic phenomena like
queues, spillbacks, wave propagation, or changes in travel patterns after a disruptive event
(although studies show these can be considerably different after a disruptive event [e.g.,
Stephanie E. Chang and Nojima (2001), Kontou, Murray‐Tuite, and Wernstedt (2017)]. In
general, the integration of more sophisticated models can potentially lead to improved risk
estimates. A prerequisite for this integration is conducting uncertainty and sensitivity
analyses to prioritize the parts of the system to be analyzed in more detail.

The risk curves related to direct and indirect costs are illustrated in (a). The 50% and 90% confidence
intervals are given for the sum of the costs. Costs associated with individual simulation runs are
illustrated as gray dots. Equation (4‐4) was used to calculate the annualized risk (b) for different cost
percentiles. The median annualized risk for the sum of the costs was found to be CHF 2.4 million.
50
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Due to the modular approach and the universal nature of the models used, the
implemented simulation engine conceptually can be used to estimate the risk related to
other river systems and road networks, provided the required datasets are available. It is
worth noting that the quantity and quality of data needed used in this study are largely
available for many locations around the world. Alternatively, single parts of the simulation
engine may be applied independently (e.g., to investigate the probability of bridge failure
due to local scour at a given location). Hence, the system may be profitably used for a
number of additional purposes (e.g., as a tool for cost‐benefit analysis of flood and
mudflow protection measures, as a decision support system for operational flood and
mudflow control). As implemented, the risk assessment can provide a mechanism for a
region‐wide screening of priority locations for risk reduction based on the analysis of the
road network and traffic properties [e.g., Heitzler, Lam, Hackl, Adey, and Hurni (2017a)].
This function can be enhanced with the use of visualization tools, enabling network
managers to dynamically see how different environmental systems (i.e., rainfall, flood and
mudflow) influence each other, and how their impact on networks can affect society
(Heitzler et al., 2016).
Finally, combining several models results in a significant degree of uncertainty. Whenever
possible, the results should be compared with and calibrated against empirical data, when
available. For example, the probability of damages obtained through simulations could be
calibrated against collected data from field structural surveys when such data exist.
Calibration for societal events is rather difficult because such data are difficult to measure
and monitor. Nonetheless, in some cases, basic data are available, including the duration
of a network’s loss of functionality and the estimated number of network users affected.

4.6

Conclusions

The purpose of estimating the risk related to networks is, among others, to provide an
overview of the probable adverse events that may negatively affect the network, assess
their societal effects (e.g., costs), and provide a basis for planning risk‐reducing
interventions. Assessing the risk related to networks exposed to multiple types of hazards
is not trivial due to the large number of events that need to be modeled in an integrated
manner, their uncertainties and the propagation of these uncertainties affecting risk
estimates. This is particularly evident when dealing with complex system representations,
where the costs of indirect consequences can be multiple times higher than the costs of
direct consequences, with no linear relationship between these types of cost.
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This paper describes a risk assessment methodology for networks when there is a need to
represent the system containing these networks using various degrees of complexity. The
methodology is supported by a modular simulation engine that fosters multidisciplinary
collaboration. Following this methodology, a state of the art application was designed and
implemented, which aimed at estimating the spatiotemporal risk of a road network in
Switzerland due to the occurrence of a time‐varying rainfall that caused flood and
mudflow events. To achieve this objective, the modular simulation engine was used to
couple rainfall, runoff, flood, mudflow, damages, functional losses, traffic, and restoration
modeling. Consequences were monetized into direct and indirect costs, considering
restoration interventions, prolongation of travel time, and missed trips. The costs of the
1200 scenarios simulated were analyzed at three different levels: (a) those of a single
simulation, (b) those of multiple simulations with the same return period, and (c) those of
multiple simulations of multiple return periods. This number of scenarios supported the
analysis of cost uncertainties.
The use of the methodology is not limited to hydrometeorological hazard events or road
networks. For example, the methodology can be applied to other hazards (e.g.,
earthquakes, coastal floods, rockfalls) or other networks (e.g., railway, waterways, inter‐
modal). Such analyses would require appropriate hazard models and descriptors of the
relationships between the hazard events, damage, and functional losses (e.g., no rail traffic
due to a settlement of the rail tracks following an earthquake), as well as appropriate
datasets. Additionally, other societal events, such as business interruption, rescue
missions, and access to education/health services, among others, could be implemented in
future work. Nonetheless, depending on the complexity of the system representation,
some of these applications may result in computationally intensive risk assessment
designs, increasing the time required to compute risk estimates. However, for the
simulation engine to be of value to other researchers it is necessary to refactor and clean
up the code base.
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Chapter 5
Stress tests for a road network using
fragility functions and functional
capacity loss functions

To determine the state of resilience of systems using different modeling
assumptions as indicated in Section 1.3 and urged in Section 1.5, this chapter
presents a quantitative method for conducting stress tests. A stress test is a
quantitative assessment designed to evaluate the ability of a system to perform
adequately during and after the occurrence of hazard events, where the
assessment is conducted using a model that is conditioned on representing at least
one uncertainty in the model with values that are considerably worse than the
corresponding median or mean values. Therefore, a stress test requires setting
evaluation criteria to determine the adequacy of system performance. A specific
type of stress test considers the modeling assumptions associated with the
uncertain behavior of objects when these are subjected to hazard loads. The
application of this type of stress test is illustrated on the road system in the area
around Chur using a previous version of the modeling environment documented
in Chapter 4.

A large majority of work focused on conducting stress tests is observed in the financial,
healthcare, transportation and nuclear sectors (please refer to Section 5.1). When
considering infrastructure sectors other than the nuclear sector, it is worth highlighting the
following two clusters of research that are relevant to the field of infrastructure
management.


Esposito et al. (2017) presented a conceptual methodology to conduct stress tests
centered on extreme hazard events at various levels of resolution (e.g., one or more
hazards, deterministic or probabilistic) for networks and objects. In coordination
with Esposito et al. (2017), Mignan et al. (2017) provided a list of extreme events
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that would be suitable to consider when conducting stress tests in non‐nuclear
infrastructure sectors, such those associated with near‐source hazard effects,
rupture propagation, and natech (natural hazard triggering technological
disasters) interactions.


Martinez, Lambert, and Karvetski (2011) first proposed a methodology based on
multiple criteria decision analysis to estimate the probable changes in the
prioritization of portfolios of power generation technologies with respect to
stressors (or combinations of stressors) such as power consumption growth rates
and high price volatility for natural gas and oil, leading to the identification of
stressors that can generate the most changes in the prioritization of portfolios. This
methodology was subsequently applied to project portfolios in different sectors,
including those presented in You, Lambert, Clarens, and McFarlane (2014) and
Hamilton, Lambert, Connelly, and Barker (2016). Other examples are listed in
Section 5.1.

The key assumptions used in the method for conducting stress tests presented in this
chapter are as follows51:
 managers are able to determine adequate levels of in and post‐hazard performance
for their respective systems, and
 managers are able to describe this performance in terms of consequences, limits to
these consequences (i.e., thresholds), and non‐exceedance probabilities of those
consequence limits.
This chapter is an author‐generated, post‐print version of the article52: Lam, J. C., Adey, B.
T., Heitzler, M., Hackl, J., Gehl, P., van Erp, N., D’Ayala, D., van Gelder, P., & Hurni, L.
(2018). Stress tests for a road network using fragility functions and functional capacity loss
functions.
Reliability
Engineering
&
System
Safety,
173,
78‐93.
doi:
10.1016/j.ress.2018.01.015. Note that some differences may be observed as a result of the

51 Presented key assumptions do not include those associated with the example in Sections 5.3, 5.4
and 5.5. Instead, the key assumptions are focused on the method.
52 In this chapter, the following terms are also used to refer to level of service loss: indirect
consequences and functional capacity losses. Also, the term network is used interchangeably to refer
to a physical network and an infrastructure system. In such cases, the context of the sentence clarifies
its meaning. Finally, modeling assumptions are here referred to as model conditions.
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copy‐editing and typesetting process53. The final manuscript is available at
https://doi.org/10.1016/j.ress.2018.01.015. When citing this chapter, cite the final
manuscript.

Abstract
A quantitative approach to conduct a specific type of stress test on road networks is
presented in this article. The objective is to help network managers determine whether
their networks would perform adequately during and after the occurrence of hazard
events. Conducting a stress test requires (a) modifying an existing risk model (i.e., a model
to estimate the probable consequences of hazard events) by representing at least one
uncertainty in the model with values that are considerably worse than median or mean
values, and (b) developing criteria to conclude if the network has an adequate post‐hazard
performance. Specifically, the stress test conducted in this work is focused on the uncertain
behavior of individual objects that are part of a network when these are subjected to hazard
loads. Here, the relationships between object behavior and hazard load are modeled using
fragility functions and functional capacity loss functions. To illustrate the quantitative
approach, a stress test is conducted for an example road network in Switzerland, which is
affected by floods and rainfall‐triggered mudflows. Beyond the focus of the stress test, this
work highlights the importance of using a probabilistic approach when conducting stress
tests for temporal and spatially distributed networks.

5.1

Introduction

Managers of networks (often also referred to as infrastructure; e.g., road, drinking water
distribution, or power transmission) rely on a variety of methods to estimate their network‐
related risk (i.e., probable consequences) due to the occurrence of (natural) hazard events
(e.g., floods, landslides, and earthquakes). The estimation of risk is the initial step in
determining if the network would have an adequate post‐hazard (physical and functional)
performance—assuming that such a performance is measured in terms of risk—and if risk‐
reducing interventions are necessary. Examples of risk include:
 those related to physical performance such as the probable cost of restoring
individual structures, which are here referred to as objects (e.g., bridges, water
pipes, or transmission towers), and

53

The style of this chapter matches that of the dissertation.
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those related to functional performance such as the probable cost absorbed by
society because of changes in the network’s level of service, which is here referred
to as network functional capacity (e.g., connectivity between two points in the
network).

Quantitative risk assessment methods offer an advantage over qualitative methods: the
numerical characterization of the events and their relationships needed to estimate risk,
which leads to a more refined estimation. As suggested by Hackl et al. (2016), who built on
the work of Adey, Hajdin, and Birdsall (2009), these events can be classified as source,
hazard, object, network and societal events. Table 5‐1 describes these events, and provides
examples.
Considering this classification and the use of a model to quantitatively estimate probable
consequences (i.e., risk model), risk can be represented by the notation in Equation (5‐1).
This notation designates the output (Out) of the model (Mod) to be the estimated risk (Risk).
The risk model simulates the relationships (Rel) between all the observed in the scenarios
of the system state space. The system state space can be constructed/enumerated by taking
the (Cartesian) product of related temporally (t) and spatially (s) bounded source (Scr , ),
hazard (Haz , ), object (Obȷ , ), network (Net , ) and societal (Soc , ) events. Each of these—
noted by an overbar—is a vector of events, or a vector of a Cartesian product of events
when more than one event per category is of interest (e.g., earthquake hazard and
earthquake‐triggered landslide hazard). Events, and therefore scenarios, are linked to
probabilities of occurrence. To accomplish this simulation, the risk model includes a
number of sub‐models that simulate individual events and their corresponding
relationships.
Risk

Out Mod Rel Scr ,

Haz ,

Obȷ ,

Net

,

Soc ,

(5‐1)

When considering a large range of possible events along with their probabilities of
occurrence given a desired set of scenarios, the output risk will be a distribution—for the
purpose of the following illustration, it is here assumed that a risk model can estimate a
distribution like the one presented in Figure 5‐1.
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Table 5‐1. Classification of events and examples
Event

Description

Example

Source

An event that may lead to a hazard event



Fault rupture

Hazard

An event that may lead to an object event,
and sometimes, to another (cascading)
hazard event




Strong ground‐motion
Ground‐motion‐triggered landslides

Object

An event that represents a change in the
object, which may lead to a change in
network use and/or human behavior



Bridge failure due to ground
movement
Road damages due ground
deformation



Network

An event that represents a change in how
the network can be used, which may lead
to a change in human behavior



Loss of connectivity between two
communities due to failed bridge
and damaged roads

Societal

An event that represents a change in
human behavior




Restoration interventions
Re‐routing of vehicles

Figure 5‐1. Illustrative risk distribution described by adequate post‐hazard performance

When a network manager can describe adequate post‐hazard performance for the network
in terms of risk, then this information can be used to interpret the resulting risk
distribution. Adequate post‐hazard performance can be evaluated against:
 a consequence indicator (i.e., the type of consequence that the network manager
would use to measure performance; e.g., average additional travel time per vehicle
immediately after the occurrence of a hazard event, cost of repairs),
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a consequence limit [i.e., the maximum consequence that the network manager
would accept to observe if a hazard event occurs; e.g., a 10% increase in the average
additional travel time per vehicle within the month following the occurrence of a
hazard event, cost of repairs amounting to 0.1% of the regional Gross Domestic
Product (GDP)], and
the non‐exceedance probability of that consequence limit (i.e., the probability that
an observed consequence resulting from a hazard event will not exceed the
consequence limit; e.g., a 90% probability that at most a 10% increase in the average
additional travel time per vehicle in the month following the hazard event will be
observed, a 95% probability that at most the cost of repairs will amount to 0.1% of
the regional GDP).

To illustrate this, Figure 5‐1 shows: a consequence limit (vertical dotted line) and a
calculated 90% non‐exceedance probability (ratio between the green area under the curve
and the entire area under the curve). Given this information, network managers would
need to decide whether a 90% non‐exceedance probability means that risk‐reducing
interventions should be executed, or not.
When the composition of the risk model changes, then the network manager can expect to
obtain a different risk distribution, and therefore, observe a different consequence limit
non‐exceedance probability. Changes can occur when network managers are seeking to:
 reduce the uncertainty of the results due to improved knowledge, for example:
o the execution of a traffic load analysis to determine the load carrying
capacity of a bridge in the network after a simulated earthquake event
rather than the use of a capacity heuristically approximated by
experienced bridge engineers when computer support increases, or
o the replacement of a macro traffic sub‐model for a micro traffic sub‐model
when the resolution of the analysis is part of a city and more data are
available, or
 better quantify the uncertainty, for example:
o the consideration of a larger number of possible hazard events by
extending the maximum considered return period,
o the random application of interchangeable ground motion prediction
equations (GMPEs) during the modeling of the earthquake event, or
o the characterization of the number of available crews for post‐hazard
restoration interventions by a probability distribution instead of using an
expected quantity.
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In these cases, which this work refers to as model updating, the consequence limit should
remain the same despite changes in the estimated risk. Figure 5‐2 shows the illustrative
distribution with reduced uncertainty as well as the reevaluation of risk based on the same
consequence limit. It is here observed that the new consequence limit non‐exceedance
probability is 97%. This means that network managers may be now more inclined to not
execute interventions to reduce risk.
A network manager can also change a risk model by representing at least one uncertainty
(i.e., an uncertain element of the risk model; i.e., events, relationships, parameters) with a
subset of probable values (i.e., a probable realization of the uncertain element). This work
refers to this process as model conditioning. Clear examples include, but are not limited to
the following (note the parallel between these examples and those cited previously when
referring to improving the quantification of uncertainty):
 the selection of specific events resulting in changes to the scenario space (e.g.,
including only low‐probability, high‐consequence hazard events),
 the integration of a sub‐model that gives more conservative or less conservative
relationships (e.g., using a GMPE that generally provides the most conservative
results for short distances when the area of concerned is near the modeled
seismogenic source), and
 the use of upper or lower bound uncertain parameters, or parameters from a
distribution that match a specific percentile (e.g., using the minimum number of
crews thought to be available for post‐hazard restoration interventions).
When conditioning a model, a network manager should expect to obtain a different risk
distribution, and therefore, determine the new consequence limit and non‐exceedance
probability of that consequence limit based on the conditions applied to the model. For
example, generally, the consequence limit for a hazard event with a 50‐year return period
should not be the same as the consequence limit corresponding to a hazard event with a
500‐year return period. This is illustrated in Figure 5‐3. It is observed that when
conditioned, the risk model, along with the changed consequence limit, leads to a
consequence limit non‐exceedance probability of 85%. This means that network managers
may be now more inclined to actually execute an intervention to reduce risk. Possible new
consequence limits will depend on the infrastructure sector and the priorities and contexts
of the network managers in addition to the conditions applied to the risk model.
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Figure 5‐2. Illustrative updated risk distribution

Figure 5‐3. Illustrative conditioned risk distribution

The next section presents an approach for conducting a special type of assessment that uses
conditioned risk models. These assessments are referred to as stress tests. The general
approach is consistent with the work of van Erp, Linger, Prak, and van Gelder (2016) and
van Erp, Linger, and van Gelder (2016), who, from a probability theoretical point of view,
stated that stress tests involve the construction of conditional consequence probability
distributions. Considering that networks are temporal and spatially distributed, a
probabilistic approach helps to account for the possible ways events can occur over time
and space (e.g., a hazard event of a given return period can manifest in various ways over
a geographic area). A deterministic approach (here defined as an approach that aims at
evaluating the adequacy of the post‐hazard performance of a network based on a specific
scenario; i.e., one combination of events) presents limitations on this regard and the
decision on whether to intervene or not depends heavily on the selection of the scenario.
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The next section moves from a general approach to conducting stress tests to a more
specific one that focuses on using risk models, whose conditions are related to the
uncertain behavior of individual objects that are part of a network when subjected to
hazard loads. An example is then presented to demonstrate the application of the specific
stress test approach. The example includes:
 a short introduction to the problem statement,
 an overview of the risk model,
 the definition of the stress test conducted,
 descriptions of the functions used to relate object behavior and hazard load,
 an overview of the additional key data needed to understand the outputs of the
risk model,
 the estimated risk of the stress test conducted, and
 an evaluation to determine the need to execute risk‐reducing interventions.
This work closes with a discussion on the application of the approach and a summary of
the work and an outline of future research steps.
It is worth noting that stress tests have been commonly used in non‐infrastructure sectors
(e.g., financial and healthcare) and sometimes used in infrastructure sectors (e.g., nuclear
and transport) to model and evaluate adverse outcomes, not necessarily risk due to hazard
events. For example, L. Li, Yu, Bian, and Yi (2009) and Mercier, Crozet, Ovtracht, Buettner,
and Wulfhorst (2013) applied stress tests to estimate the sufficiency of network flow
capacities and changes in mobility behavior. Furthermore, Lambert, Tsang, and Thekdi
(2013), You, Connelly, Lambert, and Clarens (2014), Hamilton, Lambert, and Valverde
(2015) and Thorisson, Lambert, Cardenas, and Linkov (2017) applied various types of stress
tests to:
 estimate the performance of portfolios of highway equipment, highway, coastal
flood risk and storm damage reduction, and electric power projects, respectively,
 determine the implied changes in the prioritization of these projects, and
 identify the critical stress tests based on their assessed impacts.
Avdeeva and van Gelder (2014) compiled a list of stress tests conducted in various sectors.
Only one set of examples found in the literature review relates to the work presented here
because of its focus on hazards: the post‐Fukushima stress tests conducted at individual
European Union nuclear power plants (Zwicky, 2014). The ENSRG (2011) described the
specifications of the deterministic stress tests conducted for European Union nuclear
power plants.
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5.2
5.2.1

Stress tests
General approach

A stress test is a quantitative assessment designed to evaluate the ability of a network to
perform adequately during and after the occurrence of hazard events, where the
assessment is conducted using a risk model that is conditioned on representing at least one
uncertainty in the model with values that are considerably worse than the corresponding
median or mean values. The characteristic “considerably worse” implies that the selected
values would lead to a significantly larger risk estimation. On purpose, this characteristic
is not further qualified here to acknowledge that the task of selecting the values to use in a
stress test belongs to the network manager.
The conditions imposed on the risk model demand an understanding of the physical
system being analyzed to determine the continued adequacy of the remaining elements of
the model (e.g., when conditioning the risk model to estimate the risk due to high‐
consequence, low‐probability hazard events, it is necessary to evaluate whether the hazard
model used in the original model is still a suitable model to simulate such hazard events).
Moreover, in establishing the conditions to the risk model, it should be kept in mind that
an increasing number of conditions, in general, decreases the ability of the network
manager to consider uncertainties, and therefore, increases the difficulty to determine
suitable post‐hazard performance evaluation criteria.
Post‐hazard performance is still evaluated against a consequence indicator, a consequence
limit, and the non‐exceedance probability of that consequence limit. As in the case of model
conditions, this work provides no prescribed guidance on the selection of appropriate
evaluation criteria as this activity also belongs to the network manager. It is plausible to
imagine, however, that network managers will select:
 consequence indicators and consequence limits that are aligned with strategic
goals, contractual agreements, and policies and regulations, among others, and
 a large non‐exceedance probability of the consequence limit (e.g., two‐standard
deviations) to reflect a level of certainty conducive to firm decisions on whether or
not to plan and execute risk‐reducing interventions.
Finally, in cases where there is a need to consider more than one consequence indicator,
these need to be explicitly explained. This may occur when needing to (a) evaluate multiple
performance measures, (b) disaggregate the results of a given performance measure (e.g.,
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for each cascading hazard, for each part of network, for each network category), or (c)
evaluate multiple non‐cascading hazard events. The following is an example. Two
consequence indicators are of interest: (a) the average additional travel time per vehicle in
the month following the occurrence of a hazard event on high‐speed roads, and (b) the
average additional travel time per vehicle in the month following the occurrence of a
hazard event on local roads. The consequence limit is set to be 10% for additional travel
time on high‐speed roads, or 20% for additional travel time on local roads. The non‐
exceedance probability is 90% for both cases. The network manager also has the following
additional combined post‐hazard performance evaluation criteria: a 90% probability that
at most a 5% for additional travel time on high‐speed roads and a 15% for additional travel
time on local roads are observed at the same time.

5.2.2

Stress tests using fragility functions and functional capacity loss
functions

The specific type of stress tests presented in this work is focused on the uncertain behavior
of individual objects that are part of a network when these are subjected to hazard loads.
One of the conditions imposed on the risk model is to represent in a quantitative manner
this uncertain hazard‐object relationship using upper‐percentile fragility functions and
functional capacity loss functions rather than the respective median functions, which is a
common practice in risk assessments. The usefulness of conditioning a risk model in this
manner is that, once the stress test is passed, the network manager has an increased
confidence that actual consequences will likely not exceed the accepted limit. In other
words, conditioning helps to take into consideration potential deviations in the modeling
of network performance, serving a similar purpose to that of safety factors in structural
engineering.
Fragility functions relate hazard intensity measures to the probabilities of meeting or
exceeding a specific object damage state. These functions are widely used in risk
assessments, including those concerning road networks [e.g., Clarke, Lam, Gehl, Taalab,
and Corbally (2016)]. A set of functions is illustrated in Figure 5‐4, where three damage
states are defined. Fragility functions have been extensively researched by several authors,
including D’Ayala et al. (2015), K. Porter (2014) and Rossetto et al. (2014).
Functional capacity loss functions relate hazard intensity measures to various losses in
levels of service provided by objects. An illustrative functional form is presented in Figure
5‐5, and specific examples can be found in Lam and Adey (2016) [Chapter 2]. In that work,
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Figure 5‐4. Illustrative fragility functions

Figure 5‐5. Illustrative functional capacity loss function

a distinction is made between (a) the initial functional capacity loss, which represents the
loss during the hazard event period and the initial part of the restoration period until a
restoration intervention is executed, and (b) the functional capacity loss during restoration,
which represents the loss during the execution of the restoration intervention (e.g., closure
of a bridge for repairs). This family of functions is less common than fragility functions.
Most works that have sought to establish a direct relationship between loss of level of
service and hazard intensity measures have limited this relationship to be represented by
binary or step functions [e.g., Kermanshah, Karduni, Peiravian, and Derrible (2014)].
Fragility functions and functional capacity loss functions as those presented in Figure 5‐4
and Figure 5‐5 are the median representations of an uncertain relationship between hazard
events and object events. Figure 5‐6 displays illustrative bounds for unspecified upper and
lower‐percentiles. Sources of uncertainty include, but are not limited to:
 estimating the behavior of the object when subjected to a hazard load (e.g., the type
of seismic analysis for a network bridge),
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Figure 5‐6. Illustrative (a) fragility functions and (b) functional capacity loss function with
uncertainty bounds






modeling the uncertain parameters required to simulate the response of the object
(e.g., the probability distribution thought to describe the value of a parameter),
defining the damage states in the case of fragility functions [e.g., (a) damage states
based on determined functional capacity losses, (b) object element and/or damage
measure that help(s) describe the damage states, and (c) damage state thresholds
for the chosen damage measure], and
fitting the resulting damage state exceedance probabilities and loss of level of
service (e.g., the probability distribution thought to describe the form of the
function).

The use of upper‐percentile functions in stress tests leads to an increase in damage state
exceedance probabilities and in loss of service, which at the same time lead to an increased
risk estimation. As described here, fragility functions and functional capacity loss functions
have not been used previously in stress tests for road networks.
An example upper percentile is 95. This is the percentile used in the estimation of the high‐
confidence low‐probability failure (HCLPF) capacity of selected nuclear power plant
elements as part of a plant seismic margin assessment. HCLPF capacity is an indicator of
the level of seismic safety of an element and is equivalent to the seismic intensity measure
that corresponds to a 5% exceedance probability of plant failure (damage state) when using
the 95‐percentile fragility function that describes the probability of plant failure (EPRI,
2002). While the consequences of road network failure are not considered larger than those
of nuclear power plants, using 95‐percentile fragility functions and functional capacity loss
functions could be justified for road networks knowing the critical services that these
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networks provide during and after a hazard event. These services include mobilizing
human and physical resources to respond to failures in interdependent sectors (e.g.,
nuclear, industrial) that can lead to even larger consequences, not mentioning the
importance of an operational road network to transport population in need of medical
attention and recover economic losses.

5.3
5.3.1

Example definition
Introduction

The example demonstrates how a road network manager can first develop a risk model for
a road network with a probability of being affected by floods and rainfall‐triggered
mudflows using the risk model of Hackl et al. (2016). Then, the example shows how the
network manager can define and implement a stress test by choosing to model hazard
events of a specific return period and using 95‐percentile fragility functions and functional
capacity loss functions.

5.3.2

Problem statement

The Rhine Valley area around Chur, Switzerland in the Canton of Grisons was suspected
to have a road network with inadequate performance when subjected to floods and
rainfall‐triggered mudflows. Historical records and previous studies suggest that these
hazards are of high concern. The road network in the area of study, which plays an
important role in the economy of the eastern part of Switzerland, consists of 32 km of high‐
speed roads, 559 km of local roads (primary roads and roads of lower category), and 92
bridges, with many of these objects exposed to the hazards of interest.
Loads related to flooding may be categorized as hydrostatic, hydrodynamic and impact
(Pregnolato, Galasso, & Parisi, 2015). These loads can be similarly associated with specific
object events: inundation, bearing capacity degradation (hydrostatic), scour, erosion and
hydraulic loading (hydrodynamic) and debris impact (impact) (FEMA, 2003b). Loads
generated by landslides depend on the type of landslide (e.g., falls, topples, flows, spreads)
and material (e.g., rocks, soil, mud). Resulting object events range from obstruction to
destruction, with potential damages to various non‐structural and structural elements. The
types of object events in this example are: (a) bridge local scour (at piers only), (b) road
section mudflow‐blocking (i.e., blockage of a road section due to mudflow deposits), and
(c) road section inundation, all of which had been observed in the area of study.
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5.3.3

Risk model

The detailed quantitative and computer‐supported model used to estimate the road
network‐related risk is described in Hackl et al. (2016). Here, only a summary of the risk
model (with an improved workflow) is introduced.

5.3.3.1

Events and spatial and temporal boundaries

The events included in the risk model along with their temporal boundaries are presented
in Table 5‐2. In the model, there were two distinctive time periods: (a) during hazard
events, and (b) during restoration. The length of the former period was determined by the
modeling of the source and hazard events (in hourly time units). Object events, network
events and societal events were also modeled during the hazard events period to evaluate
the performance of the road network. The restoration period occurred once the hazard
event period ended, and continued until all objects in need of a restoration intervention
were restored to their original condition (in daily time units). During the restoration
period, network and societal events were modeled. The period of analysis was assumed to
last one full year, and within this period, a maximum of one scenario was considered to
occur.
The spatial boundaries of the selected events are shown in Figure 5‐7.

5.3.3.2

Relationships and scenarios

The relationships linking the selected events into scenarios are described in Table 5‐3.
Scenarios, as defined earlier, were built based on the combination of the events listed in
Table 5‐2. A given rainfall event resulted in floods as well as cascading mudflows given
the estimations of a runoff sub‐model and the application of a rainfall intensity‐duration
function, respectively. The hazard events, which were represented by spatio‐temporally‐
distributed intensity measures, resulted in a series of levels of bridge local scour, mudflow‐
blocked road sections and inundated road sections, which were estimated through the
application of fragility functions and functional capacity loss functions. The network
functional capacity at various time steps was determined based on the estimated
conditions of individual objects and the network topology, which helped spatially connect
these objects. At the end of the hazard events period, restoration interventions were
simulated to be executed. The order of execution was determined based on least expected
restoration time (i.e., the intervention that was the fastest to complete was executed first).
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Table 5‐2. Events
Event category

Types of events

Temporal boundary

Source (Scr , )



Rainfall events of
return periods
ranging from 1 to
10,000 years



Rainfall events were considered to fall within the
period of analysis of one year. These events were
assumed to last no more than three days.

Hazard (Haz , )




Floods
Mudflows



The duration of the floods was determined by the
rainfall‐runoff‐flood sub‐model, with the flood being
attributed to the Rhine and the Hinterrhein only.
Mudflows were only triggered during the rainfall
event (i.e., within the maximum three day period).



Object (Obȷ , )





Network (Net , ) 

Societal (Soc , )




Bridge local scour 
Mudflow‐blocked
road section

Inundated road
section

These events were triggered during the hazard
events.
Road sections were no longer inundated
immediately after a flood event (i.e., flood water
dissipated), but some were marked as needing
restoration depending on the inundation level
experienced during the hazard events period.

Time‐varying
network
functional
capacity



Network events such as reduced road network
capacity and speed as well as loss of connectivity
occurred during the hazard events period, and were
later updated during the restoration period.

Restoration of
objects
Traffic changes



Restoration period began after the occurrence of
hazard events, and ended when all objects in need of
restoration were restored.
Vehicle travel/missed trips occurred during the
hazard events and restoration period.



This criterion was used as a proxy for improvement in network functional capacity. It was
assumed that multiple interventions could be executed at the same time, depending on the
number of work crews. Throughout the hazard event period and restoration period, and
therefore, at various network functional capacity states, traffic changes—measured in
terms of additional travel time and missed trips—were modeled with the aid of an Origin‐
Destination matrix that related vehicle flow to the changing road network. A total of 1,180
scenarios were modeled as part of the original risk assessment.
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Figure 5‐7. Spatial boundaries of events: source (top left), hazard (top right), object (bottom left),
network and societal (bottom right)
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Table 5‐3. Relationships
Relationship category

Types of relationships

Source‐Hazard

 Runoff for floods to estimate how much rainfall could not be
absorbed by the environment, affecting river discharge
 Intensity‐duration function for the cascading mudflows to determine
the combination of rainfall intensity and duration needed to trigger
mudflows

Hazard‐Object

 Fragility functions for bridge local scour that related river discharge
with the probability of reaching or exceeding a given damage state
 Fragility functions for mudflow‐blocked road sections that related
mudflow volume with the probability of reaching or exceeding a
given damage state
 Functional capacity loss functions for inundated road sections that
related inundation depth with a feasible speed

Object‐Network

 Network topology to understand how objects were spatially
connected and how functional capacity losses were to be aggregated
from the object level to the network level

Object‐Societal

 Restoration prioritization based on the condition of individual
objects to schedule the needed restoration interventions

Network‐Societal

 Origin‐Destination matrix to understand which vehicles were
moving, and where these were starting their trips and where these
were traveling to

5.3.3.3

Sub‐models

Figure 5‐8 and Figure 5‐9 illustrate the workflow of the risk model using Business Process
Model and Notation. The hazard sub‐models (Figure 5‐8) included three different sets of
activities. The first set (highlighted in dark green) consisted of initially modeling a series
of rainfall events using pre‐determined spatio‐temporal precipitation fields from Wüest et
al. (2010), as well as the resulting runoff and discharge scenarios using the ModClark
model (Kull & Feldman, 1998). The second set of activities (highlighted in dark blue)
determined whether the resulting discharge scenario corresponded to the discharge value
of a desired return period, which was estimated based on available gauge data. Calibration
of the rainfall event (i.e., upscale, downscale of pre‐determined spatio‐temporal
precipitation fields) was executed if the desired return period was not achieved. The third
set of activities (highlighted in dark red) completed the modeling of the hazard by
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Figure 5‐8. Hazard sub‐models

simulating the flood event using a 1D steady and gradually‐varied flow model, as well as
the cascading mudflow events using geometries from Losey and Wehrli (2013) and an
intensity‐duration function from Zimmermann et al. (1997). More details on the sub‐
models can be found in Hackl et al. (2017).
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Figure 5‐9. Damage and consequence sub‐models
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The damage and consequence sub‐models (Figure 5‐9) included four distinctive groups of
activities. The first group (highlighted in light gold) obtained the output intensities of the
hazard events to estimate (a) the probabilities of objects being in different damage states
using fragility functions, and (b) the reduction of speed for inundated roads using
functional capacity loss functions. For bridge local scour and road section mudflow‐
blocking, the probabilities of damage states along with estimations of corresponding
functional capacity losses, restoration times and costs (i.e., referred to as consequence
parameters in Figure 5‐9) were used as indicated by Lam and Adey (2016) [Chapter 2] to
determine expected restoration cost, restoration time and functional capacity loss estimates
at the object level. For road section inundation, reduction of speed along with estimated
restoration times and costs based on inundation depths were assigned to road sections.
The second group (highlighted in light blue) consisted on iteratively modeling the network
functional capacity over time and running a recursive inspection and restoration algorithm
described in Lam and Adey (2016) [Chapter 2] to obtain the time‐varying network states
that were used in the third group of activities. In this group (highlighted in light orange),
the degradation and recovery of traffic were modeled. This simulation was based on a
macroscopic traffic model founded on the Method of Successive Averages (Ortuozar &
Willumsen, 2011) and a gravity‐based Origin‐Destination matrix founded on population
data. Finally, the fourth group (highlighted in light green) calculated the probable direct
consequences (i.e., costs that the network manager incurs; e.g., cost of restoration) and
indirect consequences (i.e., costs that the network users incur; e.g., costs of traffic changes)
during the hazard events and during the restoration periods. While direct consequences
were estimated based on aggregated restoration costs, indirect consequences were
quantified in terms of cost resulting from additional travel time through the network and
missed trips.

5.3.4

Stress test definition

The stress test conditions were:
 using 95‐percentile fragility functions for bridge local scour and road section
mudflow‐blocking,
 using 95‐percentile functional capacity loss functions for inundated road sections,
and
 running 100 simulations of rainfall events with a 500‐year return period.
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While pavement sections are typically designed for up to 100‐year return period events,
bridge piers are generally designed for 500‐year return period events. Selecting the former
return period for the analysis would have resulted in the exclusion of bridge local scour as
an object event as one could have deemed such a return period to be non‐critical for that
specific event. Selecting a return period higher than 500 years could have also been
appropriate and such selection would have depended on other factors besides design
return periods, including but not limited to an initiative to look specifically at events with
relatively larger return periods (i.e., high‐consequence, low‐probability events).
The evaluation criteria are presented in Table 5‐4. The 2016 GDP was projected using data
from the Federal Statistical Office (2015).

5.3.5

Fragility functions and functional capacity loss functions

This section briefly presents the fragility functions used for bridge local scour and road
section mudflow‐blocking, as well as the functional capacity loss functions for inundated
road sections. The full description of the methods and data used for the development of
the functions can be found in Hackl et al. (2016).

5.3.5.1

Fragility function for bridges local scour

Five bridges in the area of study were identified to be prone to local scour. Based on
available data, these bridges were classified into two categories: (a) type A with one pier,
and (b) type B with two piers. Examples are presented in Figure 5‐10.
To construct the fragility functions for bridge local scour, the method proposed by Gehl
and D’Ayala (2015), D’Ayala et al. (2015) and Gehl and D’Ayala (2016) was used with
several modifications [e.g., use of local scour equations found in Arneson et al. (2012) as
opposed to those found in Richardson and Davis (2001)]. The damage states used in this
analysis are described in Table 5‐5. Due to lack of data, the damage states (i.e., ds , ds , ds ,
ds ) were defined by comparing the calculated local scour depth (y ) with a sampled
percentage (i.e., x , x , x ) of an assumed critical depth of local scour (i.e., level of scour
where the bridge is not physically deemed to be safe for traffic; i.e., y ).
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Figure 5‐10. Examples of bridges in the area of study of (left) type A and (right) type B
Table 5‐4. Evaluation criteria
Consequence
indicator

Consequence
limit

Non‐
exceedance
probability

Note on setting the consequence limit

Cost of restoration 0.059% of the 95%
Canton of
Grisons’ 2016
GDP (i.e., CHF
8.48 million)

High‐income countries like Switzerland have
maintained on low average annual loss‐GDP
ratio of 0.1% (Cummins & Mahul, 2009).
Although such a ratio is applicable to multiple
hazard events, it should not be exceeded for a
single set of cascading hazard events of 500‐
year return period. Moreover, through the
analysis of the Swiss Federal Institute for
Forest, Snow and Landscape Research’s flood
and landslide damage database (Hilker et al.,
2009), an average ratio of 59% was observed
between the restoration costs of damaged road
network objects, and the restoration costs of all
damaged objects in the Canton of Grisons
resulting from floods and debris flows.

Cost of additional
travel time plus
the cost of missed
trips (i.e., costs of
traffic changes)

An average annual loss‐GDP ratio of 1% is
typically large enough to require risk‐reducing
interventions.

1% of the
95%
Canton of
Grisons’ 2016
GDP (i.e., CHF
143.79 million)

Note: Average annual loss was defined as the expected restoration cost of damaged objects per year
averaged over a very long period of time when considering the probable hazard events that may
occur during this period.
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Table 5‐5. Damage states for bridge local scour
Damage state Initial functional capacity loss Threshold definition
ds

No lane closure

x ∙y

ds

No lane closure

x ∙y

y

x ∙y

ds

Partial lane closure

x ∙y

y

x ∙y

ds

Full closure

y

y

Parameter definition
y ∈ unif 10,12 m
x ∈ unif 0.2,0.3
x ∈ unif 0.45,0.55
x ∈ unif 0.7,0.8

x ∙y

A total of 100,000 points were estimated for each damage state, each of which represented
a relationship between discharge and a probability of observing the same or higher damage
state. These points were used to estimate the median (α) and dispersion (β) values for each
fragility function using maximum likelihood estimation of binomial form with
lognormally distributed failures. The results are presented in Table 5‐6. The functions can
be seen in Figure 5‐11.

5.3.5.2

Fragility functions for road section mudflow‐blocking

To construct the fragility functions for road section mudflow‐blocking, expert data were
used from the survey conducted by Winter et al. (2013) and Winter et al. (2014). Experts
assigned probabilities of damage state exceedance to various combinations of pre‐
determined mudflow volumes and road section categories. Road sections were categorized
into high‐speed roads and local roads of 500 m each, and four damage states were defined
as none (ds ), limited (ds ), serious (ds ), and destroyed (ds ) for each of these categories.
These damage states were matched to functional capacity losses of no lane closure, partial
lane closure, partial lane closure and full closure. Experts also provided information on
their level of expertise, which served to weigh their responses.
For every combination of damage state and road category, four expert responses were
iteratively and randomly sampled from the survey dataset. A maximum likelihood
estimation of binomial form with lognormally distributed failures was performed to
determine the corresponding fragility function median and dispersion values for each
sampled survey set. A total of 10,000 median and dispersion values were estimated for
every combination of damage state and road category. Assuming a lognormal distribution
of these resulting values, the median and dispersion values for a fragility function of
specific percentile were obtained. The results are presented in Table 5‐7. The functions can
be seen in Figure 5‐12.

159

Table 5‐6. Local scour fragility function parameters for bridges of type A and type B
Symbol

Parameters for bridge type A

Parameters for bridge type B

95‐percentile

50‐percentile

95‐percentile

50‐percentile

α

110

249

45

107

α

2,411

4,170

993

1,706

α

14,566

24,208

5,567

8,980

β

0.45

0.66

0.41

0.64

β

0.46

0.58

0.41

0.54

β

0.50

0.61

0.43

0.54

Table 5‐7. Mudflow‐blocking fragility function parameters for high‐speed road and local road
sections
Symbol

Parameters for high‐speed road sections

Parameters for local road sections

95‐percentile

50‐percentile

95‐percentile

50‐percentile

α

472

8,670

215

2,216

α

1,615

38,764

750

10,726

α

4,184

98,856

2,297

17,790

β

3.45

3.45

3.70

3.70

β

2.92

2.92

3.31

3.31

β

2.28

2.28

2.51

2.51

Note: As suggested by Shinozuka, Feng, Kim, Uzawa, and Ueda (2003), the dispersion value for a
fragility function of any percentile is that of a 50‐percentile fragility function.

Figure 5‐11. Bridge local scour fragility functions for bridges of (a) type A and (b) type B
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Figure 5‐12. Road section mudflow‐blocking fragility functions for (a) high‐speed roads and (b)
local roads

5.3.5.3

Functional capacity loss functions for bridge local scour and road
section mudflow‐blocking

The process proposed by Lam and Adey (2016) [Chapter 2] was used to convert the derived
fragility functions into functional capacity loss functions. Expected functional capacity
losses were determined as functions of hazard intensities using the derived damage state
probabilities and the (illustrative) functional capacity loss values for each damage state
shown in Table 5‐8. These values were either directly obtained or inferred from a survey
conducted by D’Ayala et al. (2015). The resulting functional capacity loss functions were
then used to support the estimation of the time‐varying network functional capacity.

5.3.5.4

Functional capacity loss functions for road section inundation

A negative exponential function was used to model the relationship between inundation
depth (D ) and the speed of vehicles on the road (v
). The function is shown in
Equation (5‐2), and it was anchored at the maximum feasible speed on any given road (i.e.,
v ), which was determined to be the speed on high‐speed road with no inundation. The
estimated values of parameter γ to develop the 95 and 50‐percentile functional capacity
loss functions were estimated to be 0.375 and 0.3 based on a curve fitting exercise using
(illustrative) points of reference.

v

v

∙e

∙

(5‐2)
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Table 5‐8. Functional capacity loss used for bridge local scour and road section mudflow‐blocking
Damage state

Functional capacity loss (% closed lanes)
Bridge local scour

Road section mudflow‐blocking

ds

0.0

0.3

ds

0.2

0.5

ds

1.0

1.0

Note: For each object event, the values presented correspond to the initial functional capacity losses
and functional capacity losses during restoration for all damage states (i.e., same values for both
types of losses).

The negative exponential function was used to determine the initial functional capacity
loss [E FCL ] given an inundation depth for high‐speed and local road sections x with a
specific speed limit (v
) as seen in Equation (5‐3). In the case of local roads, the initial
functional capacity loss could have only been observed when the allowed speed met or
exceeded the feasible speed. The resulting 95 and 50‐percentile initial functional capacity
loss functions are shown in Figure 5‐13.

E FCL |D

max 0, v

v

/v

(5‐3)

During the restoration period, the functional capacity loss of a roads section was
determined through a comparison between the maximum inundation level experienced
(D ) and (illustrative) inundation thresholds (D
,D
) to determine whether an
intervention was required. All of these values are listed in Table 5‐9. This method, in
particular, was a simplification that needs to be revisited in a subsequent analysis.

5.3.6

Cost of restoration and time to restore

The data used to estimate the expected restoration cost and time of bridges affected by
local scour and road sections impacted by mudflows are presented in Table 5‐10. These
data were obtained directly or inferred from D’Ayala et al. (2015). Following the approach
of Lam and Adey (2016) [Chapter 2], these data were combined with the derived fragility
functions to obtain restoration cost and restoration time functions to be used in the risk
model.
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Figure 5‐13. Road section inundation functional capacity loss functions for (a) high‐speed roads
and (b) local roads
Table 5‐9. Levels of inundation with respect to interventions for road section inundation
Required
intervention

Functional capacity loss
during restoration

No

No lane closure

Yes

Threshold definition

Yes

D

D
D

D

Partial lane closure

D

Full closure

Parameter definition by
percentile

D
D

D

,

%

12 cm

D

,

%

15 cm

D

,

%

24 cm

D

,

%

30 cm

Table 5‐10. Restoration cost and time data used for bridge local scour and road section mudflow‐
blocking
Damage
state

Bridge local scour

Road section mudflow‐blocking

Restoration cost
(CHF/object)

Restoration time
(days/object)

Restoration cost
(CHF/km)

Restoration time
(days/km)

ds

11,000

7

22,000

7

ds

55,000

30

55,000

7

ds

110,000

60

220,000

15

Note 1: Examples of restoration interventions for bridges include underpinning and scour protection.
Note 2: Examples of restoration interventions for road sections include debris removal, road repair,
and slope mitigation measures.

The restoration costs (RC ) and times (RT ) for inundated road sections were estimated
using piecewise functions—each with an exponential function embedded—that related
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these parameters to inundation depth. For this example, Equations (5‐4) and (5‐5) were
used to estimate restoration costs and restoration times using the data in Table 5‐10 and
Table 5‐11.

RC

RC

∙ RC
RC

0,

D

,

D

,

D

D
D

D

D

where

(5‐4)
a

D

RT

D
D

b

RT

D

D

∙ RT
RT

5.3.7

D

D

D
0,

D

,

D

,

D

D
D

D

(5‐5)

D

Costs of traffic changes

The monetary values placed on an additional hour of travel time by network users was
CHF 23.29, and on a missed trip was CHF 20.73 per hour times 16 hours on a given day—
it was assumed that network users could miss the opportunity of traveling 16 of the 24
hours in a day. The hourly values were obtained from VSS (2009b).

5.4

Example results

The estimations for cost of restoration (Figure 5‐14) ranged from CHF 0.45 million to CHF
11.83 million, and had an average of CHF 3.16 million and a median of CHF 2.16 million.
The distribution was positively skewed and had a long tail.
The estimations for costs of traffic changes (Figure 5‐15) ranged from CHF 2.90 million to
CHF 218.15 million, and resulted in a mixture distribution with two modes. When
examining the 100 observations, a jump between CHF 5.17 million and CHF 143.86 million
is observed. This meant that while a small number of events—14 observations were equal
or less than CHF 5.17 million—may result in damages, these events did not translate into
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Table 5‐11. Restoration cost and time data used for road section inundation
Restoration cost
Symbol

Restoration time

Value (CHF/object)

Symbol

Value (days/object)

RC

22,000

RT

30

RC

110,000

RT

120

Note: Examples of restoration interventions include roadwork to address design deficiencies,
debris removal, traffic management measures, and drainage clearance.

Figure 5‐14. Distribution of the estimated cost of restoration for the stress test

significant traffic changes. In approximately half of these, the cost of restoration was less
than CHF 0.85 million, and hence, low costs of traffic changes may be attributed to low
level of damages. In the remaining instances, the costs of restoration amount up to CHF
4.36 million. For these cases, the damaged objects were not as critical as other objects with
respect to the functioning of the network. For these 14 observations, the ratio between the
cost of restoration and the costs of traffic changes averaged 0.477. For the remaining 86
observations, this ratio significantly decreased to 0.019.
In the first‐mode distribution (Figure 5‐16), the cost estimates for traffic changes were
slightly positively skewed, unlike the second‐mode distribution where the estimates
resembled a Gaussian distribution. For the first‐mode distribution, the minimum value
was CHF 2.90 million and the maximum was CHF 5.17 million. The mean was CHF 3.61
million and the median was CHF 3.46 million. No overall negative effects were observed
(i.e., all costs are positive). Although benefits may be obtained in certain parts of the
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Figure 5‐15. Distribution of the estimated costs of additional travel time and missed trips for the
stress test

Figure 5‐16. First‐mode distribution of cost of additional travel time and missed trips for the stress
test

network at specific time steps during the hazard events period and restoration period due
to missed trips, and hence, less congested routes, these benefits were far outweighed by
the negative impacts in the remaining network and/or other time steps.
For the second‐mode distribution (Figure 5‐17), the minimum cost was CHF 143.86 million
and the maximum cost was CHF 218.15 million. The mean was CHF 180.73 million and the
median was CHF 177.14 million. The number of days simulated for the 500‐year return
period events (corresponding to the second mode) ranged from 49 to 149. The minimum
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Figure 5‐17. Second‐mode distribution of cost of additional travel time and missed trips for the
stress test

cost rate found in this mode was, therefore, CHF 1.15 million per day and the maximum
calculated was CHF 3.05 million per day.
Parametric and non‐parametric approaches can be used to approximate generalized
distributions of the probable consequences. For this example, a non‐parametric approach
was used: distributions were approximated through log‐transformed Gaussian kernel
density estimates using Silverman’s rule of thumb for the selection of the bandwidth
[please refer to Silverman (1998) for more information]. The log‐transformation was
implemented to avoid obtaining probable negative cost estimates, which would have
implied benefiting from the occurrence of a rainfall and subsequent flood and mudflow
events when such benefits could not have been possibly obtained. Figure 5‐18 shows the
non‐parametric distributions related to the restoration of the network and the changes in
traffic.
The distribution of cost of restoration was positively skewed with a median value of CHF
2.35 million. It had a long tail with the 99‐percentile value estimated at CHF 13.54 million.
The 1‐percentile value was estimated at CHF 0.42 million. As opposed to discretized
distributions where the probabilities depend on the discrete cell sizes, density estimates
are the result of a smoothing process, where points beyond those observed are assessed,
and therefore, an analyst can expect to obtain a different set of probability estimates—
please refer to differences in probability values between Figure 5‐14 and Figure 5‐18a.
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Figure 5‐18. Non‐parametric distributions of (a) the cost of restoration and (b) the cost of traffic
changes for the stress test

With respect to the costs of traffic, these differences are more evident—please refer to
differences in probability values between Figure 5‐15 and Figure 5‐18b. Furthermore, the
density of the costs in the first mode with respect to the density of the costs in the second
mode was more prominent in Figure 5‐18b than in Figure 5‐15, as if the density of the costs
in the first mode were overestimated, or the density of the costs in the second mode were
underestimated. Neither of these occurred, however. This is the effect of the smoothing
process.

5.5

Example discussion

The estimated risks related to the restoration of the network and to the traffic changes are
shown in Figure 5‐19. In both cases, the non‐exceedance probabilities of the consequence
limit were lower than a 95%. The stress test was failed. At that point, however, the network
manager could have decided to revise their risk model (i.e., better quantify uncertainty and
reduce uncertainty). Such revision should not have targeted changes that support the
passing of the stress test—in fact, changes may lead to larger estimated risk (Adey et al.,
2016). Some possible updates are:
 replacing key sub‐models for more sophisticated and precise ones (at a
computational expense in some cases),
 integrating data from additional field surveys that identify all bridges prone to
local scour (and other types of scour) and characterize them in more detail (e.g.,
improved parameter distribution definition, improved bridge types, improved
pier design description, improved critical levels of scour),
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Figure 5‐19. Stress test evaluation of adequate performance using (a) the cost of restoration and (b)
the cost of traffic changes as consequence indicators







enhancing the modeling of inundated pavements to best relate their functional
capacity losses, restoration times and restoration costs, not solely as a function of
inundation depth,
harmonizing the collected survey results for functional capacity losses, restoration
time and restoration costs,
fitting probability distributions to the probable costs of restoration and the
probable costs of traffic changes (as opposed to using Kernel estimates), and
adding other types of hazard and object events that may be triggered by rainfall
events.

A revision of the risk model could have also occurred when considering the very low non‐
exceedance probability related to the costs of traffic changes (i.e., 15.9%). The network
manager could have concluded (after careful consideration) that such costs were too high,
and therefore, that the risk model required a revision.
As a point of comparison, the results when running the model using 50‐percentile fragility
and functional capacity loss functions are presented in Figure 5‐20. While the estimated
risks were lower than those obtained when using the 95‐percentile functions (as expected),
when using the same consequence limits to evaluate post‐hazard performance, the
network manager would still have implemented risk‐reducing interventions because the
non‐exceedance probability related to the costs of traffic was still too low (i.e., 19.3%). If
the network manager had originally based the decision to intervene solely on the costs of
restoration works, then no interventions would have been implemented since the
corresponding calculated non‐exceedance probability was above 95%. It is then important
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Figure 5‐20. Evaluation of adequate performance using (a) the cost of restoration and (b) the cost of
traffic changes as consequence indicators when using 50‐percentile fragility and functional capacity
loss functions

for network managers to consider in their decision making processes the consequences
absorbed by network users.
This comparison also showed that the relationship between direct and indirect
consequences was not linear. The difference in non‐exceedance probabilities between the
conditioned and unconditioned model were 5.7% for the costs of restoration and 3.4% for
the costs of traffic changes. In other words, an increase of restoration costs did not
necessarily translate into a comparable increase of additional travel time and missed trips
costs. Much more work is needed, however, including the analysis of results related to
hazard events with other return periods, to best describe such a relationship.
For those interested in alternate visualizations of comparisons between the modeling
results obtained when using 50‐percentile fragility and functional capacity loss functions
and the results obtained when using 95‐percentile functions, please see the works of
Heitzler et al. (2017b) and Heitzler et al. (2017a).

5.6

Conclusions

In this paper, a quantitative approach for conducting stress tests on road networks using
fragility functions and functional capacity loss functions was presented. It was shown how
traditional methods used in modeling the relationship between hazard events and object
events can be used to determine if the post‐hazard network performance is adequate. The
probabilistic approach is suitable when evaluating the post‐hazard performance of
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temporal and spatially distributed networks knowing that the events that need to be
modeled to estimate risk are uncertain and can manifest in different ways over time and
space. To demonstrate the application of the approach, an example was conducted for a
road network in Switzerland exposed to floods as well as mudflows. The risk model used
supported the estimation of probable costs of restoration and traffic changes. Both of these
costs were used to determine whether risk‐reducing interventions were to be executed.
Table 5‐12 summarizes the example.
Despite the virtues of the approach presented here, there is still work to be done in the
development of stress tests to support network managers in assessing post‐hazard
performance. Specifically, given the need to determine whether risk‐reducing
interventions are to be conducted using non‐exceedance probabilities for consequence
limits, it is necessary to evaluate further parametric and non‐parametric approaches to
represent the risk distribution. This is of special importance when a limited number of
model simulations (i.e., limited number of risk estimations) is conducted given the
considerable computational expense of risk models aiming to estimate probable direct and
indirect consequences. In such an endeavor, future work has to look at the distribution of
probable costs for various periods. Special attention should be given to the adequate
representation of the right tails of the risk distributions, where the non‐exceedance
probabilities of consequence limits will likely be (e.g., probabilities above 90%) by
evaluating the fitness of parametric and non‐parametric functions in those locations.
On a broader level, future work should focus on investigating which stress tests should be
used (e.g., which model conditions) in which situations (e.g., where these tests may yield
benefits). This may require giving guidance on how to determine appropriate consequence
indicators, consequence limits, and associated non‐exceedance probabilities. At an
operational level, this investigation may also demand the identification of suitable sub‐
models for the different types of stress tests and applications. All of these efforts would be
conducive to the development of standards for conducting stress tests for networks—an
area that is worth exploring to ease the implementation of stress tests in practice. Standards
would also support the comparison of stress test results for different networks, bringing
additional benefits to network managers (e.g., having the possibility to conduct
benchmarking studies, improving the allocation of resources when resources are to be
distributed to different networks). At the same time, a transition into a standard‐supported
environment may translate into enhanced financial protection mechanisms such more
conservative amounts of contingency reserves, quicker access to these funds, and higher
insurance coverage levels.

171

Table 5‐12. Summary of example
Category

Description

Risk model

Road network was exposed to rainfall‐triggered flood and mudflow
events, leading to bridge local scour, mudflow‐blocked road sections and
inundated road sections, network functional capacity losses, restoration
interventions and traffic changes (please see Table 5‐2 and Table 5‐3 for
more information).

Stress test

The conditions applied to the risk model were:
 100 simulations of rainfall events with a 500‐year return period,
 95‐percentile fragility functions for bridge local scour and road
section mudflow‐blocking, and
 95‐percentile functional capacity loss functions for inundated road
sections
The evaluation criteria was the following (please see Table 5‐4 for
additional details):
 95% probability that the cost of restoration will not exceed 0.059% of
the Canton of Grison’s 2016 GDP, or
 95% probability that the cost of traffic changes will not exceed 1% of
the Canton of Grison’s 2016 GDP

Stress test results

Risk‐reducing interventions would need to be planned and executed
given that the estimated non‐exceedance probabilities were lower than
the probabilities specified in the evaluation criteria. The results were:
 93.3% probability that the cost of restoration will not exceed 0.059% of
the Canton of Grison’s 2016 GDP, and
 15.9% probability that the cost of traffic changes will not exceed 1% of
the Canton of Grison’s 2016 GDP.
Developing optimal work programs that include risk‐reducing
interventions is subject of future work, and so is the evaluation of other
network management measures such as increasing emergency funds and
enhancing restoration capabilities. Future work in this particular area
may be built upon the work of Adey, Lethanh, and Kielhauser (2014),
Fernando, Adey, and Lethanh (2014), Lethanh and Adey (2012), and
Lethanh, Adey, and Sigrist (2014). The evaluation of candidate work
programs may also need to consider their likelihoods to succeed or fail
(Connelly, Thorisson, Valverde, & Lambert, 2016).
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Category

Description

Other possible actions

In addition to revising the risk model with the aim to better quantify the
uncertainty or reduce the uncertainty (as suggested in the previous
section), the network manager can consider:
 reevaluating the decisions that led to the design of the stress test, and
determine whether changes to the stress test are warranted (e.g.,
selecting rainfall events of different return period, increasing the
number of rainfall simulations, using fragility functions and
functional capacity loss functions of a different percentile), or
 conducting additional stress tests that may consider other types of
events such as hazard events (e.g., increasing the number of mudflow
events) or societal events (e.g., decreasing the number of restoration
crews, increasing the number of vehicles driving through the network
to account for tourists during specific seasons).
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Chapter 6
Impact assessment of extreme
hydrometeorological hazard events on
a road network

As indicated in Chapter 5, a specific type of stress test considers the uncertain
behavior of objects when these are subjected to hazard loads. Other types of stress
test, and hence other modeling assumptions, may be conducted in determining the
state of resilience of systems as indicated in Section 1.3. This chapter explores the
consideration of the uncertain relationship between hazard loads and assigned
return periods to determine the impact of extreme hydrometeorological hazard
events on the road system in the area around Chur. While the work presented in
this chapter is mainly focused on quantifying this impact using computational
resources efficiently, this work suggests that the assessment results can be part of
stress tests, and therefore, can be evaluated according to criteria set following the
guidance presented in Chapter 5. The application in this chapter uses the road
system in the area around Chur and the modeling environment documented in
Chapter 4.

The key assumptions used in this chapter are as follows54:
 an extreme hydrometeorological hazard event is defined as a hazard event of
increased or decreased frequency,
 hydrometeorological hazard events are modelled as stochastic events that can be
assigned a specific return period given the expected frequency of observing an
intensity measure in the area of study (whether aggregated over space or at a given
point in space), and

Presented key assumptions do not include those associated with the example in Section 6.3. Instead,
the key assumptions are focused on the method.
54
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such assignment is uncertain, however, leading to describing the relationship
between a given return period and its corresponding intensity measure using a
probability distribution.

This chapter has been submitted to the Journal of Infrastructure Systems for their
consideration55. The submitted manuscript is under review.

Abstract
Determining the risk related to transport networks due to the occurrence of (natural)
hazard events often requires computer support. A simulation‐based modelling
environment can be useful when modelling a set of related events that lead up to the
estimation of the probable consequences of hazard events, which affect network managers
and society. Nonetheless, running such simulations can be computationally expensive
because each type of event requires a model of its own, and proper interfaces are needed
to link events. Therefore, only a limited number of simulations can often be conducted,
with the expectation that their results are representative of those that could have been
obtained if all simulations had been run. This article presents a simulation reduction
technique to calculate the risk related to transport networks due to extreme
hydrometeorological hazard events by conducting statistical analysis on the risk estimated
when simulating the impact of non‐extreme events. The technique may be of interest to
network managers seeking to make decisions based on possible future climate scenarios.
An example road network in Switzerland is used to illustrate the technique.

6.1

Introduction

Managers of transport networks can benefit from estimating the risk of (natural) hazard
events to determine the best risk reduction strategies for their transport networks. Here,
risk is defined as the probable direct consequences (i.e., costs absorbed by network
managers; e.g., cost of repairs, cost of traffic controls) and the probable indirect
consequences (i.e., costs absorbed by society at large; e.g., cost of additional travel time,

55 In this chapter, the following terms are also used to refer to level of service loss: indirect
consequences and functional capacity losses. Also, the term network is used interchangeably to refer
to a physical network and an infrastructure system. In such cases, the context of the sentence clarifies
its meaning.
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cost of missed trips). In particular, transport network managers are increasingly interested
in developing risk reduction plans to address the challenges posed by climate change. For
example, the Conference of European Directors of Roads (CEDR) published a report to
detail possible climate mitigation and adaptation actions for the road transport sector in
Europe (CEDR Task Group I4 on Climate Change Mitigation and Adaptation, 2016),
acknowledging the increased frequency of climate‐related effects on roads.
Plans tackling the challenges imposed by future climate scenarios on transport networks
demand—among various activities—generating extreme hydrometeorological hazard
events, and assessing their impact. An extreme hazard event can be defined as an event of
significant increased or decreased frequency when evaluated over an extended period (i.e.,
an event of a lower or higher return period), magnitude, temporal scale and/or spatial
scale. Specifying the required increase or decrease levels associated with these attributes
to distinguish extreme from non‐extreme hazard events is not within the scope of this
work. Readers interested in a review of extreme hazard event definitions across various
disciplines, including those specifying levels, should refer to the work of McPhillips et al.
(2018).
This work will focus on hydrometeorological hazard events of increased or decreased
frequency, such as rainfall events of a specific return period that lead to flood events and
flood‐related damages, which, in the future, are foreseen to have a significant lower return
period, leading to an increased frequency of damages56.
Increasing flood‐related damages are, in fact, of general concern to society as these can
translate into supply chain disruption, business downtime, economic downturn, and other
indirect consequences. In various parts of Europe, flood‐related damages are expected to
increase over time as a result of climate change (Feyen, Dankers, Bódis, Salamon, &
Barredo, 2012). Such effects are also expected to be observed in Switzerland given the
anticipation of increasing rainfall (Vöhrinser & Schädler, 2009). In 2005, Switzerland
experienced the most devastating set of flood events in its history, greatly affecting many
cantons, especially the Cantons of Bern, Lucerne, Uri, Obwalden and Nidwalden.
According to a report released by the Federal Department of the Environment, Transport,

56 Other examples include a series of rainfall events typically observed every year that facilitates the
normal operation of waterways, whose individual events, in the future, are foreseen to have
significant higher return periods, leading to navigational droughts.
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Energy and Communications (DETEC), the direct consequences of this event amounted to
CHF 3 billion57 (FOEN, 2008). Although this event cannot confidently be attributed to
climate change (Beniston, 2006), the 2005 flood events along with other recent events [some
of which are recorded in Hilker et al. (2009)] serve as reminders of the level of consequences
of hydrometeorological hazard events. Such events along with forecasted rainfall event
estimations have driven the government to design a national strategy to address climate
change [please refer to FOEN (2012)].
While national strategies are steps towards reducing the risk due to climate change, it is
important to operationalize them at local levels, specifically through the development of
risk reduction plans that can address short, medium and long‐term challenges, the
modelling of extreme hydrometeorological hazard events and the estimation of their
probable consequences. Vöhrinser and Schädler (2009) call for methods (i) to estimate the
future consequences of flood events when considering climate change, and (ii) to overcome
the challenges to generate representative future flood events and to relate flood events with
damages.
In undertaking these challenges, experts have proposed several methods. Lambert, Wu,
You, Clarens, and Smith (2013) studied the shift of transport asset performance due to
qualitative climate scenarios, leading to the identification of the scenarios with most
influence over the evaluated performance. Sadatsafavi, Kim, Anderson, and Bishop (2019)
presented a method that used hierarchical clustering to identify qualitative scenarios,
which could impact transport networks in the future (e.g., climate scenarios), to support
the development of transport policies. Tsang, Lambert, and Patev (2002) proposed an
approach to select extreme hazard events using expert opinion and historical data to
support the performance evaluation of transport infrastructure design alternatives, which
can be extended to the selection of extreme hydrometeorological hazards.
Suarez et al. (2005) bootstrap sampled 50 years of historical extreme rainfall and sea level
data to create a catalogue of future rainfall and sea level events of 100‐year return period.
Suarez et al. (2005) used these events to estimate the probable consequences of climate
change on the road transport network in the Boston Metropolitan Area. Clarke, Corbally,
and OʹBrien (2016) used hydrometeorological hazard events of high return period (i.e., 200,
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CHF is the currency acronym for Swiss Francs.
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500, 1000) in the assessment of probable consequences related to a railway network in
Croatia as means to consider the effects of climate change.
Moreover, climate models have been developed at regional scales [e.g., van der Linden and
Mitchell (2009)], and have been applied to estimate the probable consequences in the
transport sector [e.g., Michaelides, Leviäkangas, Doll, and Heyndrickx (2014)]. While
relying on fundamental laws of physics, regional climate models can be computationally
expensive, leading to limitations on resolution, domain size, number of experiments, and
duration of simulations (Bucchignani & Gutierrez, 2015). Furthermore, future extreme
hydrometeorological hazard events remain difficult to estimate due to their non‐linear
nature (Kislov & Krenke, 2009).
The variety of tools that can be used for determining the impact of (extreme and non‐
extreme) hydrometeorological hazard events is wide, ranging from qualitative to
quantitative. An example of a qualitative tool is the Objective Ranking Tool (ORT), which
was used to determine the risk related to a railway network in Croatia due to rainfall events
(Clarke, Corbally, et al., 2016). The ORT supports the estimation and comparisons of risk
outcomes, using a Delphi panel, Analytic Hierarchy Processing (AHP), and the theoretical
principles of Similarity Judgment. Croope (2010) proposed the use of a quantitative tool
named the Critical Infrastructure Resilience Decision Support System (CIR‐DSS) that
integrated Geographic Information Systems (GIS), Hazards U.S. Multi‐Hazard (HAZUS‐
MH), and Structural Thinking, Experiential Learning Laboratory with Animation
(STELLA). CIR‐DSS was used to determine the risk related to a road network in Delaware,
United States due to a rainfall event.
Despite the advantages of quantitative tools, their use can be computationally expensive.
This is especially evident when simulation‐based modelling environments are used. Such
environments can require advanced computer architectures to support calculations,
demand large amounts of time to obtain results, and necessitate large and well‐structured
data storage to retrieve results in a dynamic form.
Such environments need a series of simulation reduction techniques and assumptions to
regard the results of running a small set of simulations in those environments as results
that network managers can based their decisions on. Cain (2016) stated that the cost of
simulations could be reduced by variance reduction methods (i.e., improving the efficiency
of the simulation; e.g., input filtering, sample design, design of experiments, importance
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sampling) or replacing the model (i.e., using simulation less; e.g., with a response surface)
with a metamodel.
An example of a variance reduction method applied to risk assessments is the work of van
Erp, Linger, Prak, et al. (2016), who introduced the Probability Sort Algorithm, an
algorithm for the efficient sampling of damage states in a network by considering the joint
probabilities of damage state scenarios. Although not replacing a simulation‐based model,
Stipanovic Oslakovic, ter Maat, Hartmann, and Dewulf (2013) proposed using a combined
statistical‐simulation model (i.e., regression analysis, climate model) to determine the
impact of climate change on two railway tracks at a macroscopic level, with the analysis
focused on forecasting the overall expected number of failures, as opposed to the
identification of failures at specific locations along the selected tracks.
This work introduces a simulation reduction technique that can be used to calculate the
risk related to transport networks due to extreme hydrometeorological hazard events. The
method requires the estimation (through simulations) of the probable consequences of
non‐extreme hydrometeorological hazard events, and the statistical analysis of these
consequences to determine (without further simulations) the probable consequences of
extreme hazard events. The technique reduces the computational expense of simulation‐
based modelling environments by cutting the number of simulations in half. More
importantly, the technique supports the exploration of the uncertainty space of climate
scenarios. This is important for decision makers in the context of climate change
(Kunreuther et al., 2013), many of whom are managers of transport networks. Rather than
attempting to accurately forecast future climate scenarios and probable consequences, the
utility of the results that this work can output rests on their ability to provide a basis for
decision making (Reith, 2004). Michaelides et al. (2014) call for decisions makers to begin
making choices concerning the resilience of transport networks despite agreements and
disagreements on climate change.
The next section presents the simulation reduction technique. That section is followed by
an example road network located in the region surrounding Chur, Switzerland that is used
to illustrate the application of the technique. This article closes with a set of conclusions
and recommendations for future research.

6.2

Technique description

The technique makes the following assumptions:
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hydrometeorological hazard events are modelled as stochastic events that can be
assigned a specific return period given the expected frequency of observing an
intensity measure in the region of study (whether aggregated over space or at a
given point in space);
such assignment is uncertain, however, leading to describing the relationship
between a given return period and its corresponding intensity measure using a
probability distribution (please refer to Figure 6‐1 for an illustration); and
given the stochastic property of these events, in order to capture the uncertainty
of the consequences caused by these events, the assessment of risk includes the
simulation of the many different ways the events can manifest spatially and
temporally—this is of importance for spatially‐distributed networks.

The process of the simulation reduction technique proposed in this work is presented using
Business Process Model and Notation (Figure 6‐2). The process is comprised of two stages.
In the first stage, direct and indirect consequences are estimated for non‐extreme
hydrometeorological hazard events. These consequences are estimated for all hazard
events associated with a particular return period, using the median return period‐intensity
measure relationship to determine the periodicity of the hazard events—risk assessments
have been traditionally restricted to the use of median relationships (or mean relationships
in other cases). These consequences will vary due to the spatial and temporal variability of
the hazard events. This evaluation is then repeated for all desired return periods, leading
to an uncertain relationship between return periods and consequences (please refer to
Figure 6‐3 for an illustration—although similar distributions to those in Figure 6‐1 are used
in this illustration, it is here acknowledged that the relationship between intensity measure
and consequences is not linear).
In the second stage, these consequences are used to determine the impact of extreme
hydrometeorological hazard events. The initial step in this stage is to select an extreme
return period‐intensity measure relationship of a specific percentile. Network managers
interested in the increased likelihood of a hazard event (e.g., those interested in severe
climate scenarios) would select a percentile above the median. The selection of percentiles
is not discussed in this work given that such decisions are specific to individual network
managers and their complex institutional contexts and surrounding environment. It can be
assumed, however, that managers responsible for road networks located in regions where
an increasing frequency of flood events is a major concern would likely select percentiles
that are higher than those likely selected by managers responsible for road networks
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Figure 6‐1. Illustrative representation of the uncertain relation between return periods and
intensity measures

located in regions where an increasing frequency of flood events is a minor concern. The
opposite—the selection of low percentiles—can be said to occur when the network
managers are concerned an increasing frequency of drought events.
Once the percentile is selected, the next step is to determine the updated return periods for
the intensity measures that were used in the simulations run during the first stage based
on the new percentile relationship (Figure 6‐4). The updated return periods depend on the
distribution used to represent the relationship between return period and intensity
measure. Therefore, such relationship can be said to be sensitive to the selected distribution
(Eadie & Favis‐Mortlock, 2010).
These updated return periods are then assigned to the simulated intensity measures, and
subsequently, to the consequences produced by the hydrometeorological hazard events
associated with those intensity measures.
The final step involves calculating annualized risk estimates using the updated return
periods considering the uncertain relationship between return periods and consequences.
Annualized risk is a monetized estimate representing the consequences a network
manager and/or society should expect to absorb every year on average over a long period
of time as a result of the occurrence of hazard events. It is then here assumed that network
managers use annualized risk in their decision making as one of multiple factors affecting
the design of their risk reduction plans (i.e., other factors may not be related to risk; e.g.,
socio‐economic information).
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Figure 6‐2. Process of simulation reduction technique
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Figure 6‐3. Illustrative representation of the uncertain relation between return periods and
consequences given a median return period‐intensity measure relationship

Figure 6‐4. Illustrative shift of return period given the use of an upper percentile return period‐
intensity measure relationship

It is possible for network managers to consider other risk metrics (e.g., the full distribution
of consequences, the consequences associated with events of a particular return period).
Nonetheless, as observed in the following example, given the uncertain relationship
between return periods and consequences, the use of annualized risk (i) reduces the
dimension of the risk outcome space from three to two, and (ii) accounts for the effects of
events of multiple return periods. The example includes a proposed formula for
annualized risk in the context of this work.
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6.3
6.3.1

Example
Model description

Hackl et al. (2018) [Chapter 4] presented a simulation‐based modelling environment
(hereon referred to as the model) to support the estimation of the probable consequences
of rainfall‐triggered flood and mudflow events on a road network in the region
surrounding Chur, Switzerland (605 km of roads, of which 51 km are high speed roads,
and 121 bridges). The process followed by the model is shown in Figure 6‐5 [please note
that additional details of the activity “model physical and functional capacity loss” can be
found in Lam, Heitzler, et al. (2018) [Chapter 3]].
The model generated rainfall events of specific return periods that resulted in flood and
mudflow events that affected objects in the road network, more specifically, bridges
through local scour, and pavement sections through mud‐blocking and inundation. Losses
of physical capacity (i.e., physical damages) were converted to losses of functional capacity
(i.e., loss of level of service, loss of functionality) following the approach of Lam and Adey
(2016) [Chapter 2]. These latter type of losses helped to determine how society changed its
use of the network (i.e., traffic changes).
Data size reduction techniques were applied as described in Heitzler et al. (2017a) along
with a number of visualization techniques to support various use cases related to the
management of the network (Heitzler et al., 2017b).
The model used to generate the rainfall events is described in Hackl et al. (2017). These
events underwent a calibration process to generate rainfall events of a desired return
period. This process required first estimating the discharge resulting from a simulated
rainfall event at the location of a river gauge station of interest (in the example the station
was the Rhein ‐ Domat/Ems station), and then comparing this discharge with the predicted
discharge at that location based on historical data. The step to determine the suitability of
the event is highlighted in orange. If the event was not found suitable, the sequence flow
highlighted in blue had to be followed to generate a new (upscaled or downscaled) rainfall
event.
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Figure 6‐5. Process of simulation‐based modelling environment
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A total of 1200 rainfalls events of various return periods were generated: 100 events for
return periods 2, 5, 10, 25, 50, 100, 250, 500, 1000, 2500, 5000, and 10,000. The main goal of
running several simulations for the same return period was to quantify the uncertainty of
the consequences of these events.

6.3.2

Direct and indirect costs58

Consequences were monetized. The direct costs were estimated to be the sum of the costs
for each intervention to restore damaged objects. Therefore, the interventions to be
executed depended on the damage states of the objects. Table 6‐1 presents these costs for
the damage states of interest. These costs consisted of fixed costs (e.g., costs associated with
site setup) and variable costs (e.g., CHF m‐3 of concrete). Cost estimates were based on the
work of Staubli and Hirt (2005), and complemented with data from a survey conducted by
D’Ayala et al. (2015).
The indirect costs were composed of societal costs due to prolonged travel time and loss of
connectivity. These costs were accrued during the occurrence of the hazard events and
throughout the restoration period, for all trips through the network. The number of daily
trips through the network was estimated to be 196,035.
The increased travel time per trip was estimated, and monetized at CHF 23.29 h‐1 (VSS,
2009b). The additional costs of vehicle operation were also considered, specifically
additional fuel consumption and vehicle maintenance. The mean fuel price was
approximated to be CHF 1.88 L‐1 with a mean fuel consumption of 6.7 L per 100∙veh‐km,
and the operating costs per vehicle without fuel consumption was assumed to be CHF
14.39 per 100∙veh‐km (VSS, 2009a).
The costs due to loss of connectivity were estimated based on the quantified unsatisfied
demand (i.e., number of missed trips). Every hour of trip delayed was estimated to cost
CHF 83.27.
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Costs taken from the literature were adjusted to 2017 levels.
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Table 6‐1. Restoration costs for bridge local scour, road section inundation, and road section
mud‐blocking

Event

Description of damage state
(Hackl et al., 2018)

Fixed
costs

Variable
costs

[CHF]

[CHF pier‐1]

Bridge
First noticeable changes in bridge response
local scour Significant changes in the bridge response

16 000

24 000

30 000

40 000

Lack of pier stability to support the bridge

48 000

64 000

[CHF]

[CHF m‐2]

3500

16.50

9600

165.00

14 400

325.00

[CHF]

[CHF m‐2]

Encroachment limited to verge/hard strip

3500

16.50

Blockage of hard strip and one running lane

9600

165.00

14 400

325.00

Presence of sediments and debris
Road
section
Elements of the road section slightly damaged
inundation
Loss of subgrade layer

Road
section
mud‐
blocking

6.3.3

Complete blockage of carriageway and/or repairable
damage to surfacing

Results of non‐extreme hydrometeorological hazard events

The Hydrology Division of the Swiss Federal Office for the Environment published a
datasheet for the station of interest [please refer to BAFU (2017)], whose content was based
on discharge data from 1899 to 2015. Specifically, the datasheet contained reference data
points representing the 97.5, 50 and 2.5‐percentile return period‐discharge relationships
that were obtained using Generalized Extreme Value (GEV) distributions and the Delta
Method—the latter of which implied that the distribution of discharge values per return
period was assumed to be normally distributed. Since the datasheet excluded the
parameters of the GEV distributions, maximum likelihood estimation was used to
determine the parameters of those distributions (Figure 6‐6). The resulting distribution
helped determine the discharge amounts corresponding to the return periods of interest
(Table 6‐2).
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Figure 6‐6. Return period vs. discharge
Table 6‐2. Discharge amounts for return periods of interest using return period‐discharge
relationships of specific percentiles
Return period (year)

Discharge (m3/s)
2.5‐percentile

50‐percentile

97.5‐percentile

2

738

800

868

5

943

1021

1106

10

1053

1153

1258

25

1167

1304

1444

50

1237

1407

1577

100

1296

1501

1707

250

1361

1615

1872

500

1402

1694

1993

1000

1436

1767

2111

2500

1475

1855

2262

5000

1499

1916

2373

10000

1519

1972

2481

The costs obtained using the distribution representing the 50‐percentile return period‐
discharge relationship are presented in Figure 6‐7. A spatially‐distributed representation
of part of the cost in a sub‐area (outlined in red) in the region of study for a given hazard
event of 500‐year return period is displayed in Figure 6‐8. The indirect costs are mapped
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Figure 6‐7. Estimated (a) direct and (b) indirect costs when using the 50‐percentile return period‐
discharge relationship

to specific network objects (e.g., where delays were observed, not caused). Indirect costs
due to loss of connectivity are not shown in Figure 6‐8 as these costs cannot be mapped to
specific objects.
From these results, it was observed that more simulations would need to be run in the
future to eliminate the fluctuation of cost estimates per percentile (e.g., the 97.5 percentile
of the direct costs for 2‐year return period events is higher than the 97.5 percentile of the
direct costs for 5‐year return period events), and instead, observe consistent patterns of
increasing costs. The cost fluctuation was an inherent result of the model used, where each
random rainfall event was modelled independently. At this point, for the purpose of this
example, the set of simulations was deemed to be complete.
Annualized risk estimates were calculated for all return period‐cost relationship
percentiles (i.e., in increments of one percent). For this specific example, the annualized
risk (AR) related to a network (X) for costs associated with a specific return period‐cost
relationship percentile (c ) and for hydrometeorological hazard events with return
periods associated with a specific return period‐discharge relationship percentile (rp )
given a series of i hazard events (h) that generate n discharge amounts (d) at a point of
interest is presented in Equation (6‐1). The annualized risk was defined as the sum product
of the costs of the specified percentile (first term), and the percentile‐specific likelihoods of
observing those costs (second term), for all n discharge amounts. Note that pcf ∙ was
defined as the inverse percentile function that determined the percentile selected for the
variable inside parenthesis. Similarly, rp ∙ was defined as the function that determined
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Figure 6‐8. A 500‐year return period scenario and associated costs in a sub‐area within the region
of study

the return period for the selected events inside parenthesis considering a return period‐
discharge relationship of a percentile. This equation assumed that (i) there was only one
cost value per discharge amount, and (ii) the events were arranged in increasing order of
discharge, or return periodicity for that matter (e.g., 100, 250, 500, rather than 500, 100, 250).
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For this example, given the fluctuation of costs described in the third paragraph of this
section, minor updates to the cost had to be made. Whenever the cost value of a given
return period was less than that of the previous (and hence lower) return period, the former
was replaced by the latter. This is illustrated in Equation (6‐2).
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Such assignment was related to the assumption that if the stochastic rainfall event that led
that to the cost value in the lower return period, a similar event of higher return period
(e.g., the same rainfall pattern but with higher rainfall intensity) would cause at least the
same level of cost. The cost in the latter period could be assumed to be higher, but without
additional modelling, such estimate could not be determined.
The annualized risk results demonstrated a gradual increase in the distribution of the risk
related to direct costs and a steeper increase in that corresponding to indirect costs (Figure
6‐9). The range in the former was not negligible, however.
Network managers can use these outputs along with annualized risk limits to determine
the non‐exceedance probabilities of those limits [please refer to the work of Lam, Adey, et
al. (2018) [Chapter 5]]. Such probabilities can provide a basis for decision making. For
instance, if the annualized risk limit associated with direct costs is CHF 1 million and that
associated with indirect costs is CHF 3 million, then the likelihood of observing those levels
of annualized risk or higher (i.e., non‐exceedance probability) are approximately 0.44 and
0.91, respectively. While the non‐exceedance probability related to indirect cost may be
regarded as acceptable by network managers, the non‐exceedance probability associated
with direct costs may be regarded as unacceptable, leading network managers to take
action to reduce risk.
In this short illustration, it is assumed that both decision variables can be treated
independently (i.e., the unacceptability of either factor leads to the design and
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Figure 6‐9. Distribution of annualized risk related to (a) direct and (b) indirect costs when using
the 50‐percentile return period‐discharge relationship

implementation of risk reduction plans). Please note that the stated limits are presented for
the purpose of exemplifying a decision making process—some consideration was given to
assign reasonable limits, however, where a limit can be qualified as reasonable if at least
one network manager is foreseen to adopt such a limit. The subject of setting limits is not
elaborated in this work.

6.3.4

Application of simulation reduction technique

The first step in applying the proposed technique required the determination of the
extreme scenarios by the network manager through the selection of a set of return period‐
discharge relationship percentiles. In practice, this can be a daunting task considering the
engagement of multiple stakeholders that may have different views on the climate
scenarios to evaluate. One recommendation may be to explore the uncertainty space by
selecting at least a handful of percentiles. Another recommendation may be to specifically
evaluate the impact related to the most extreme hydrometeorological event (i.e., worst
scenario) as proposed by Kunreuther et al. (2013). Such an approach can be related to the
stress tests described by Avdeeva and van Gelder (2014).
For this example, it was assumed that network managers would be interested in assessing
the costs of extreme hydrometeorological hazard events, whose return period‐discharge
relationships are approximately one and two standard deviations away from the median
relationship (i.e., 2.5, 16, 84, 97.5 percentiles). While the selection of upper relationship
percentiles was expected given rising concerns of future severe climate scenarios and an
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increasing number of flood events, estimating the risk associated with a decrease in
periodicity of hydrometeorological hazard events may still lead to the implementation of
a risk reduction plan. Therefore, it was decided that lower relationship percentiles would
also be included in the analysis to complement the results.
The results showed large variations among the obtained returned periods (Table 6‐3).
These differences were more evident when comparing the return periods associated with
relatively large discharge amounts. In the cases of lower relationship percentiles, return
periods associated with the highest discharge amounts either were estimated to be a value
above 100,000 year return period or one that was close to infinity (Inf). Neither of these
values could be used in the analysis.
The next step in the process was to estimate the annualized risk given the selected return
period‐discharge percentiles. As expected, the results demonstrated similar trends
independent of the selected percentile (Figure 6‐10).
Following the previous short illustration on the possible use of annualized risk limits for
decision making (i.e., CHF 1 million for direct costs and CHF 3 million for indirect costs),
the non‐exceedance probabilities for each of the limits were found to be approximately
0.54, 0.49, 0.39 and 0.34 for the annualized risk associated with direct costs, and
approximately 0.95, 0.92, 0.89 and 0.87 for the annualized risk associated with the indirect
costs, when using the 2.5, 16, 84 and 97.5 percentile return period‐discharge relationships,
respectively. By using the same limits, then it was assumed that network managers did not
set higher or lower limits when assessing the impacts of extreme hydrometeorological
hazard events. In other words, the limits were independent of the return period‐discharge
percentile. While this assumption may not be regarded as realistic by those arguing that
network managers should be more or less tolerable to consequences caused by future
climates, the assumption was plausible given the context of this work. In this context,
actions are needed today, and therefore, part of setting such limits involves considering
the present institutional contexts and financial capacities of network managers, both of
which play key roles in determining appropriate risk limits.
The resulting non‐exceedance probabilities related to direct costs led us to conclude that,
even under climate scenarios with a reducing periodicity, the costs could be large enough
to immediately proceed to design and implement a risk reduction plan for the road
network in the region surrounding Chur. Moreover, it could also be concluded that the
probabilities related to indirect costs may no longer be acceptable as the frequency of flood
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Table 6‐3. Derived return periods by discharge using return period‐discharge relationships of
specific percentiles
Discharge
(m3/s)

Return period (year)
2.5‐percentile

16‐percentile

50‐percentile

84‐percentile 97.5‐percentile

800

3

2

2

2

2

1021

8

6

5

4

4

1153

22

14

10

8

6

1304

111

44

25

17

13

1407

552

110

50

30

21

1501

5438

299

100

52

34

1615

Inf

1298

250

106

61

1694

Inf

4604

500

176

93

1767

Inf

19781

1000

287

139

1855

Inf

Inf

2500

532

227

1916

Inf

Inf

5000

828

320

1972

Inf

Inf

10000

1265

443

events increases. For this example, in the absence of direct cost estimates, indirect cost
estimates would have led to the development and execution of risk reduction plans
considering that scenarios of increasing flood event frequency were integrated as part of
the analysis.

6.4

Conclusion

Simulation‐based modelling environments can support the estimation of risk due to the
occurrence of hazard events, and provide network managers with information that can
lead to the generation of plans to reduce the estimated risk. Such modelling environments
can be useful in particular when testing various hazard events, including extreme
hydrometeorological hazard events. Network managers can, therefore, benefit from these
tools to evaluate the physical and functional impact of future climates on their networks.
In doing so, the entire network management community is confronted with three
challenges: (i) the generation of future hazard scenarios, (ii) the assessment of their impact
in a way that the results can be used for decision making, and (iii) performing these tasks
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Figure 6‐10. Distributions of annualized risk related to (a) direct and (b) indirect costs for return
period‐discharge relationships of various percentiles

with the least computational resources without compromising the ability of the modelling
environment to quantify the uncertainty surrounding risk estimates.
While the latter challenge is specifically addressed through the proposed simulation
reduction technique, the work presented here does not neglect the first two challenges. The
technique eliminates the needs to re‐run simulations to determine the impact of extreme
hydrometeorological hazard events when risk estimates exist for non‐extreme events,
largely reducing the level of effort, and assigns available resources in generating enough
hazard scenarios to be able to quantify the uncertain relationship between associated
consequences and return periods. The effort may also shift from studying the climate
effects on a small network to analyzing these effects on a larger (and more complex)
network. Through the presented technique, network managers do not need to specify
future hazard events, but use the uncertainty of the return period‐intensity measure
relationship to make decisions today regarding potential interventions to reduce the
probable damages and loss of level of service caused by such extreme hazard events, and
hence, procure the safety of users.
The technique was illustrated by an example road network in the region surrounding
Chur, where a simulation‐based modelling environment was used to run 1200 rainfall
events of up to 10,000‐year return period. It was through this example that important
lessons could be drawn, specifically:
 designated return periods are sensitive to the distribution of choice to represent
the return period‐intensity measure relationship,
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the estimation of probable indirect consequences (as an additional decision
variable to probable direct consequences) can help network managers reach
decisions on whether to implement a risk reduction plan or not, and if so, on the
design of the plan, and
the inclusion of return period‐intensity measure relationships of percentiles below
the median can still lead to a risk reduction plan—this latter point can be useful in
cases where disagreements exist regarding future climate scenarios.

Future work should focus on:
 the consideration of future non‐climate scenarios (e.g., network growth and
modifications, variations in mobility habits, changes in the automobile industry,
deterioration) to be coupled with the extreme hydrometeorological hazard events
as such types of stressors have been found to be relevant in the past [e.g., You,
Connelly, et al. (2014)],
 the selection of appropriate return period‐intensity measure percentiles to support
decision making without affecting the validity of the updated return periods or
underestimating the probable consequences,
 the exploration of applications where risk metrics other than annualized risk are
used (e.g., the use and evaluation of three‐dimensional risk surfaces to characterize
risk changes based on return period‐intensity measure relationships, return
periods and consequences), and
 the analysis of risk estimates disaggregated throughout space to support the
design of risk reduction plans.
With respect to the last two points, future work should continue to evaluate visualization
techniques to improve the communication and analysis of probabilistic risk estimates that
are time‐dependent and spatially distributed.
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Chapter 7
Resilience assessment methodology
using stress tests

This chapter proposes a methodology to determine the state of resilience of
systems to multiple hazard events that integrates the method of Chapter 5 for
conducting stress tests to consider diverse modeling assumptions, addressing the
gap identified in Section 1.5. The presented methodology can be applied to
different types of systems and hazards, and can be supported by the modeling
environment described in Chapter 4.

Determining the state of resilience of systems before an event occurs requires a
methodology to (a) assess system performance when considering the occurrence of such
types of events in combination with a number of modeling assumptions, and (b) evaluate
the system performance with respect to target levels.
The quantitative methodology for resilience assessment presented in this chapter
integrates the method of conducting stress tests detailed in Chapter 5. Figure 7‐1 presents
an overview of this methodology, which, for a given test, requires following these steps.


Select hazard events that share a common feature (e.g., magnitude, return
period). Section 1.3 highlighted the importance of considering the aleatory
uncertainty associated with the occurrence of hazard events by testing the system
performance when considering multiple hazard events that share a common
feature (e.g., magnitude, return period) to draw a collective conclusion from the
test. This facilitates the evaluation of the resilience assessment results. No
recommendation on the number of events to be included in a single test is
presented in this work as this decision depends on various factors, including the
location of the physical network and its configuration and size. Managers should
consult with experts and society.
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Specify modeling assumptions to use in the stress test. These assumptions may
be attributed to the events to model, the relationships that exist among these events
and ought to be modeled, and the models used to describe these events. Section
5.2.1 introduced the concept of stress tests for systems, which are focused on
representing at least one uncertainty in the modeling environment with values that
are considerably worse than the corresponding median or mean values. Chapter 5
and Chapter 6 included illustrations where uncertainties were presented as
probability distributions and representations of these uncertainties were presented
as extreme values of these distributions (e.g., an increased probability of failure of
objects, and an increased probability of hazard occurrence). Additionally, it is
possible to consider modeling assumptions that are not associated with probability
distributions. These may include plausible scenarios that may emerge during and
after the hazard event, which are challenging to forecast (e.g., variations in the
demand for service as a result of the hazard event). To facilitate the evaluation of
the resilience assessment results, the modeling assumptions need to be selected in
a way that these can be evaluated by the same criteria. The example in Chapter 8
presents an analysis of how the selection of modeling assumptions can have an
impact on determining the state of resilience of a system. Detailed guidance on the
selection of modeling assumptions would be of great value to managers (please
refer to Chapter 9 for further discussion).



Determine evaluation criteria. This step includes three sequential tasks59: (a)
identify the service to use as the system performance metric (i.e., metric to qualify
resilience)60, (b) set the corresponding performance target level, and (c) decide on
the acceptable non‐exceedance probability of the performance target level. The
products of these tasks are similar to those presented in Section 5.2.1 (i.e.,
consequence indicator, consequence limit and non‐exceedance probability of the
consequence limit), with an important distinction. On one hand, Section 5.2.1
introduced consequence indicator values and associated consequence limits as
quantities that are aggregated over time into a single value (i.e., risk). On the other
hand, in a resilience assessment, the system performance is represented by a time
series. The performance target level may also be a time series as a result (please
refer to Figure 1‐3 for an illustration).

Additional information on these tasks can be found in Section 1.3.
Multiple metrics may be considered as indicated in Section 1.3.
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Build a modeling environment to assess the resilience of the system. The
guidance introduced in Section 4.2 may be used to design and implement a
modeling environment capable of quantifying the spatially and temporally
distributed levels of service loss and restoration when the system is subjected to
multiple hazard events. Some situations in the development process of the
modeling environment may merit the revision of the modeling assumptions or of
the evaluation criteria. These situations may include facing constraints on the
events and relationships that can be modeled and having access to limited data.
These constraints and limitations may be attributed in some cases to the
availability of resources within an infrastructure management organization (e.g.,
time, financial, data) to develop new models or approaches to obtain proxies.



Model system performance. This task requires running the model to estimate the
system performance when considering the occurrence of the selected hazard
events and the agreed modeling assumptions. In some cases, it may be desired to
combine some of these assumptions in a single run (e.g., increasing post‐hazard
demand for service while considering an increased probability of failure of
objects), as opposed to testing them individually on separate runs. Modeling
assumptions need to be coupled carefully, however, to avoid obtaining system
performance values that cannot be understood or evaluated. This was raised as an
issue in Section 5.2.1.



Determine the state of resilience using evaluation criteria. Managers compare
the system performance with the set target levels, and use the agreed evaluation
criteria to determine whether a system is resilient or not to the selected hazard
events. If the system is resilient, the manager has the option to run additional
simulations using other modeling assumptions not considered previously61. If the
system is not resilient, the manager may proceed to evaluate and implement
solutions to make the system resilient to the tested hazard events. As noted in
Section 1.3, when multiple services are used as system performance metrics in the
resilience assessment, all performance target levels need not to be exceeded for the
system to be resilient.

Managers may also conduct a new stress test using hazard events of larger magnitude or return
period, and possibly other modeling assumptions and evaluation criteria.
61
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Figure 7‐1. Overview of the resilience assessment methodology using stress tests
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Chapter 8
Example

This chapter demonstrates how the methodology of Chapter 7 can be used to
determine the state of resilience of the road system located in the area around Chur
that is subjected to rainfall‐triggered flood and mudflow hazard events. The
modeling environment used is an updated version of that presented in Chapter 4
that additionally considers alternate demand levels for road service in addition to
modeling assumptions related to the uncertain relationship between hazard loads
and assigned return periods and the uncertain behavior of objects when these are
subjected to hazard loads. The last section in this chapter provides some insights
on how managers may use the resilience assessment results to identify possible
types of solutions. A discussion on the assumptions made in this demonstration is
included in Chapter 9.

8.1
8.1.1

Modeling environment to assess the resilience of the system
Background

The modeling environment used in this example has been documented in previous
chapters and publications. An initial proof of concept was documented in Hackl et al.
(2015), Adey, Hackl, et al. (2014) and Heitzler et al. (2016). The first version of the modeling
environment is detailed in Hackl et al. (2016), Chapter 3 [published as Lam, Heitzler, et al.
(2018)], Hackl et al. (2017), Heitzler et al. (2017b), Heitzler et al. (2017a) and Chapter 5
[published as Lam, Adey, et al. (2018)]. The second version is described in Chapter 4
[published as Hackl et al. (2018)], including Appendix E, and Chapter 6 [Lam et al. (in
review)]. Chapter 4 and Appendix E contain all the details of the modeling environment
with the exception of the modification described in the forthcoming Section 8.1.2.
Therefore, readers are first directed to Chapter 4 and Appendix E, and then to Section 8.1.2
for detailed information related to the modeling environment.
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The modeling environment supports the integration of heterogeneous models, which are
organized into modules (please refer to Figure 4‐1), to estimate the time‐dependent level
of service loss and restoration of a road system when subjected to multiple rainfall‐
triggered flood and mudflow hazard events. The modeling environment is implemented
to follow the process presented in Figure 5‐8 and Figure 5‐9. Moreover, its design supports
the testing of assumptions related to the uncertain relationship between hazard loads and
assigned return periods (as described in Chapter 6) and the uncertain behavior of objects
when these are subjected to hazard loads (as described in Chapter 5).

8.1.2

Enhancement to model time‐dependent road service demand

A modification to the modeling environment was implemented as part of this work to
support the consideration of alternate demand levels for road service (i.e., time‐dependent
road service demand), a needed feature to determine the state of resilience of systems using
stress tests. To be resilient, a system must perform adequately within target levels in a
variety of plausible scenarios, including that of a changing demand for road service. As
defined in Chapter 4, the modeling environment only considered a constant demand for
road service (i.e., time‐independent road service demand), aiming to quantify the
opportunity cost of a deteriorated road level of service due to hazard events.
Estimating changes in the demand for road service due to the occurrence of hazard events
in a modeling environment requires understanding the factors that drive those changes.
Previous works concerning the study of changes in the demand for transport service
during and after an actual hazard event [e.g., Iida, Kurauchi, and Shimada (2000), Kontou
et al. (2017)] highlighted that understanding such factors presents several challenges,
including having access to data (e.g., in and post‐hazard traffic data). Some works have
proposed methods to obtain such data. Otsuka, Work, and Song (2016) introduced a
method to use sensor data during and after a hazard event to model the changes in the
demand for road service. As discussed by these authors, sensors cannot be guaranteed to
be in working condition following a hazard event, however. Another approach is that of
Hara and Kuwahara (2015) who used probe vehicle and smartphone GPS data. This
approach, however, is dependent on receiving consent to access and analyze such private
data.
L. Chang, Elnashai, and Spencer (2012) proposed a method to develop scenarios of post‐
hazard demand for road service when using an origin‐destination matrix [another
illustrative application of this method is found in Guo, Liu, Li, and Li (2017)]. Rather than
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predicting changes in the demand for road service, L. Chang et al. (2012) recommended
using an scenario‐based approach that considers the likely post‐hazard needs of society
and the location of facilities and places associated with these needs. For example, the need
of receiving medical care would be associated with the location of a hospital [an attractive
facility as defined by L. Chang et al. (2012)], and the need to avoid contamination would
be associated with the location of a chemical facility (an unattractive facility). The number
of trips to destination zones would be adjusted based on whether these zones have
attractive or unattractive facilities. Due to its flexibility to integrate a wide array of demand
for road service scenarios by modifying an origin‐destination matrix, the method of L.
Chang et al. (2012) was integrated into the modeling environment of Chapter 4 to support
the testing of assumptions related to the demand for road service.

8.2

Conduct the stress test

The road system used in the stress test is that located in the region of Chur, Switzerland
(please refer to Figure 4‐2), and comprises approximately 121 bridges and 605 km of roads,
including 51 km of national roads. While the modeling environment supported the
estimation of traffic throughout this network, only a subset of the network (i.e., 104 bridges
and 476 km of roads, including 47 km of national roads) was used in the damage estimation
(please refer to Figure 5‐7). This means that only the latter set of objects could be affected
by the rainfall‐triggered flood and mudflow hazard events, causing bridge local scour,
road section inundation, road section mud‐blocking, and eventually, speed and capacity
reduction.
This section is organized according to the steps outlined in Chapter 7. It is worth noting
that none of the content used in the stress test has been validated by the manager of the
road system, local experts or other stakeholders.

8.2.1

Select hazard events that share a common feature (e.g., magnitude,
return period)

The stress test conducted used 100 simulations of rainfall events of 100‐year return period.
The rainfall events were determined using the routine discussed in Hackl et al. (2017) and
the stream gauging station Domat/Ems (No. 2602) as the reference location of interest.
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8.2.2
8.2.2.1

Specify modeling assumptions to use in the stress test
Return period‐discharge functions

Upper‐percentile return period‐discharge functions were used in the stress test to account
for possible climate variations, specifically those likely to lead to large impacts on the
system (please refer to Chapter 6 for the related discussion). The upper percentiles selected,
84.135 and 97.725, represented one and two standard deviations above the median
relationship—a normal distribution was assumed since the delta method was used to
estimate the uncertain return period‐discharge relationship. The use of two upper‐
percentile functions helped investigate the impact of their selection on the determination
of the state of resilience of systems. The 50, 84.135 and 97.725‐percentile return period‐
discharge functions resulted in discharges of 1502, 1606, 1711 m3/s, respectively, at the
stream gauging station Domat/Ems (No. 2602) for a 100‐year return period event. These
functions were used in the stress test as indicated in Chapter 562.

8.2.2.2

Fragility functions for bridge local scour, road section inundation and
road section mud‐blocking

Intensity measure‐damage limit state exceedance probability relationships, which are
represented by fragility functions, were used to consider the probable underperformance
of objects in the network (please refer to Chapter 5 for the related discussion and an
application). The same upper percentiles used to represent the return‐period‐discharge
functions, 84.135 and 97.725, were considered. The fragility functions for bridge local scour,
road section inundation and road section mud‐blocking are shown in Figure 8‐1 through
Figure 8‐3. The parameters used to build these lognormal functions [please refer to
Equation (4‐2)] are found in Table 8‐1 through Table 8‐3 (with the exception of the
parameters to build the mean functions shown in the referenced figures, which were not
used in the example).
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Upper‐percentile return period‐discharge functions were not used as detailed in Chapter 6.
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Figure 8‐1. Fragility functions for bridge local scour
Table 8‐1. Fragility function parameters for bridge local scour
Damage Label
state

50‐percentile

84.135‐percentile

97.725‐percentile

1‐pier
bridge

2‐pier
bridge

1‐pier
bridge

2‐pier
bridge

1‐pier
bridge

2‐pier
bridge

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

s

operational

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

s

monitored

5.53

0.45

4.68

0.41

4.95

0.45

4.11

0.40

4.53

0.44

3.69

0.41

s

capacity‐
reduced

8.34

0.47

7.46

0.42

8.00

0.46

7.13

0.42

7.71

0.46

6.83

0.42

s

Closed

10.09 0.51

9.13

0.45

9.77

0.51

8.83

0.44

9.51

0.50

8.60

0.43
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Figure 8‐2. Fragility functions for road section inundation
Table 8‐2. Fragility function parameters for road section inundation
Damage Label
state

50‐percentile

84.135‐percentile

97.725‐percentile

major road minor road major road minor road major road minor road
𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

s

operational

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

s

monitored

2.65

0.72

1.55

0.91

2.24

0.57

1.14

0.81

2.05

0.51

0.95

0.79

s

capacity‐
reduced

2.93

0.84

2.24

0.91

2.52

0.64

1.83

0.78

2.34

0.56

1.64

0.72

s

closed

3.16

1.08

2.65

1.00

2.75

0.84

2.24

0.83

2.56

0.74

2.05

0.75
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Figure 8‐3. Fragility functions for road section mud‐blocking
Table 8‐3. Fragility function parameters for road section mud‐blocking
Damage Label
state

50‐percentile

84.135‐percentile

97.725‐percentile

major road minor road major road minor road major road minor road
𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

𝛍

𝛔

s

operational

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

s

monitored

7.68

0.78

7.69

0.84

5.37

1.02

4.87

2.16

‐

‐

‐

‐

s

capacity‐
reduced

9.98

0.77

9.74

1.52

7.69

0.84

5.38

0.77

2.84

1.37

‐

‐

s

closed

16.30 4.31

9.98

0.77

7.93

0.49

7.45

1.38

7.39

1.69

‐

‐
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The estimation of the parameters associated with the fragility functions for bridge local
scour followed the process described in Sections 4.3.3.5, 5.3.5.163 and E.2.5.1.
The estimation of the parameters associated with the fragility functions for road section
inundation followed the process described in Sections 4.3.3.5 and E.2.5.2, assuming that
the average inundation depth at which passenger cars start to float followed a triangular
distribution64 with a mean of 30 cm and extreme values of 15 cm and 60 cm65. The median
inundation depth was also assumed to follow a triangular distribution, proportional to that
of the corresponding inundation depth at which passenger cars start to float.
The estimation of the parameters associated with the fragility functions for road section
mud‐blocking followed a process similar to that described in Sections 4.3.3.5, 5.3.5.2 and
E.2.5.3. The iterative sampling of four expert survey results was excluded, and instead, the
entire survey set was used in the maximum likelihood estimation. The 97.725‐percentile
fragility functions for all the damage limit states associated with minor road section mud‐
blocking and the 97.725‐percentile fragility function for the monitored damage limit state
associated with major road section mud‐blocking could not be determined. The data used
suggested that the related damage limit state exceedance probabilities should be set to one
for any given mudflow volume.

8.2.2.3

Demand for road service

To demonstrate the impact of employing a time‐dependent road service demand in the
stress test, changes were made to the origin‐destination matrix based on events that could
occur at different time steps in a simulation. The following illustrative events were
explored as part of this work.

Please note that the parameters presented in Table 5‐6 are associated with the 95‐percentile fragility
functions and the mean fragility functions (i.e., 50‐percentile functions when a normal distribution is
assumed for the exceedance probabilities of critical scour depth per discharge value).
64 Law (2011) discussed how a triangular distribution can be used in the absence of random variable
data.
65 The latter two points were inferred from the work of Pregnolato et al. (2017), where these points
were found to match the inundation depths at which small and 4WD vehicles could no longer travel
on an inundated road section.
63
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During the first 24 hours of the hazard event, the (daily) number of trips on the
network was reduced to 50%. This reduction was related to anticipated difficulties
in traveling through areas potentially affected by the flood and mudflow hazard
events. The original number of trips was estimated to be approximately 196,035.



During the second 24 hours of the hazard event66, the number of trips on the
network was reduced to 25%. This additional reduction could be related
anticipated, exacerbated travel difficulties due to the prolonged duration of the
flood and mudflow hazard events.



During the first 12 days following the hazard event (i.e., during the restoration
period, including the time associated with inspection interventions), an increasing
number of trips on the network was simulated (i.e., 25%, 25%, 25%, 30%, 35%, 45%,
55%, 70%, 80%, 90%, 95%, 100%). This change could be linked to the progressive
recovery of the region (e.g., employees returning to their place of work, companies
conducting business as usual again).



During the hazard event and the first three days following the hazard event,
additional trips to and from the only hospital in the region and a privately‐owned
healthcare facility67 were considered, which represented 10% of the original
number of trips on the network.



During the hazard event and the first three days following the hazard event,
additional trips to shelters located outside of the region and accessible through the
main highway and roads were considered, which represented 5% of the original
number of trips on the network.



On the seventh day of the restoration period, additional trips from the shelters to
the region were considered (i.e., sheltered population returning home), which
represented the aggregate number of trips made to the shelters in earlier time steps
(please see previous bullet point).

This period is applicable for hazard events lasting over 24 hours.
The hospital has two groups of facilities located near each other. The privately‐owned healthcare
facility is also in the vicinity of the hospital.

66
67
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Starting on the fourth day of the restoration period (i.e., after inspection
interventions) until the network was completely restored, additional trips
originating from outside the region using the main highway were considered,
which were equivalent to 5% of the original number of trips on the network. These
trips were associated with the restoration process (e.g., emergency support,
restoration crews, clean‐up crews, other contractors). The same number of trips
(i.e., 5% of the original number of trips on the network) was additionally modeled
leaving the region using the main highway to represent the return to origin of
vehicles associated with the restoration process.

Depending on the state of the network, the traffic model in the modeling environment
could estimate an additional number of missed trips, due to lack of connectivity and
significant traffic‐related delays.

8.2.3

Determine evaluation criteria

The aggregate service used as system performance metric was the average travel time per
trip (through the network), measured in minutes. The use of additional aggregate metrics
(e.g., number of missed trips) and disaggregate metrics (e.g., average travel time per trip
to the hospital or healthcare facility, average travel time per trip per type of commute) is
subject of future work. The next section, Section 8.2.6, however, presents an interpretation
of the average travel time per trip results in relation to other system performance metrics
such as missed trip ratio and the duration of the restoration period.
The performance target level used in this example was built using the following illustrative
periods of interest68.
1.

68

During the hazard event (i.e., events of one or two‐day duration), the target
average travel time per trip was set to 200% of the average travel time per trip
estimated before the hazard event (hereon referred to as the pre‐hazard estimate),
defined to be approximately 9.18 minutes [hazard period].

Text appearing in brackets corresponds to the period and sub‐periods used in Table 8‐8.
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2.

During the first three days of the restoration period (i.e., time used to conduct only
inspection interventions), the target average travel time per trip was set to 150% of
the pre‐hazard estimate [restoration period: inspection].

3.

From the third day of the restoration period until the eighth day, the target average
travel time per trip decreased linearly from 150% to 125% of the pre‐hazard
estimate. The most critical restoration needs in the system (e.g., the need to restore
system connectivity) can be thought to occur during this period [restoration
period: first stage].

4.

From the eighth day of the restoration period until the eighteenth day, the target
average travel time per trip decreased linearly from 125% to 110% of the pre‐
hazard estimate [restoration period: second stage].

5.

From the eighteenth day of the restoration period until the twenty‐eighth day, the
target average travel time per trip decreased linearly from 110% to 100% of the pre‐
hazard estimate [restoration period: third stage].

6.

From the twenty‐eighth day of the restoration period onward, the average travel
time per trip remained at its pre‐hazard estimate level [restoration period: beyond
target].

The twenty‐eighth day of the restoration period, hence, represented the maximum
restoration duration target. If this target was met, adequate system performance was
guaranteed thereafter. If this target was not met, system performance could not be
guaranteed to be adequate (i.e., system performance could be adequate despite ongoing
restoration interventions).
The non‐exceedance probability of the target average travel time per trip was set to 90%,
as recommended by Section 5.2.1, to reflect a level of certainty conducive to determining
the state of resilience of the system.

8.2.4

Build modeling environment to assess the resilience of the system

Please refer to Section 8.1.
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8.2.5

Model system performance

The modeling assumptions used in the stress test, grouped in scenarios, are presented in
Table 8‐4. A total of 1000 simulations were conducted (i.e., 100 hazard events for each
scenario). The corresponding runtimes of flood and mudflow hazard events, damage and
traffic estimations, and restoration interventions using a cluster of 36 CPUs are indicated
in Table 8‐5. The 1000 simulations included 24,950 time step computations during the
hazard period and 60,407 time step computations during the restoration period, for a total
of 85,357 time step computations. These runtimes exclude the runtime of rainfall
estimations, which was approximately 19 hours for all 300 rainfall events (i.e., 100 events
for each of the return period‐discharge function percentiles).

8.2.6

Determine the state of resilience using evaluation criteria

This section presents the results of the stress test and their interpretation to support the
identification of potential solutions to make the system resilient. Interpretations were made
considering that the assumptions presented up to this point were valid (for a discussion
regarding these assumptions, please refer to Section 9.2). In addition to the content and
summary tables included in this section, readers are directed to Appendix F, where
scenario‐specific figures that support this section’s arguments can be found.

8.2.6.1

Summary of results

The stress test was not passed, and therefore, the system was not determined to be
resilient. None of the scenarios investigated resulted in adequate system performance (i.e.,
90% probability that the target average travel time per trip as specified in Section 8.2.3 is
not exceeded).
The summary of system performance is presented in Table 8‐6. Scenarios 1 and 7 (both
with a 50‐percentile return period‐discharge function and a time‐independent road service
demand) exhibited the best system performance while Scenarios 8 and 10 (both with a 50‐
percentile return period‐discharge function and a time‐dependent road service demand)
the worst performance. Another scenario of inadequate system performance comparable
to those of Scenarios 8 and 10 was Scenario 6, which also considered a time‐dependent
road service demand. Illustrations of system performance for each scenario are found in
Section F.1.
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Table 8‐4. Modeling assumptions per scenario
Event or relationship

Description

Return period‐discharge function

50‐percentile

Scenario
1

2

•

•

84.135‐percentile

3

•

4

•

Demand for road service

•

Time‐independent

•

•

•

•

Time‐dependent

•

6

7

8

9

10

•

•

•

•

•

•
•

•

•

97.725‐percentile
Fragility functions for bridge local 50‐percentile
scour, road section inundation and
84.135‐percentile
road section mud‐blocking
97.725‐percentile

5

•

•

•

•

•
•

•
•

•
•

•

Table 8‐5. Estimated runtimes per scenario (100 simulations each)
Scenario

Estimated runtime
(hours : minutes)

Scenario

Estimated runtime
(hours : minutes)

1

26:18

6

32:34

2

28:03

7

35:39

3

32:07

8

33:26

4

29:43

9

35:17

5

37:29

10

29:42

The most significant system performance differences among scenarios could be attributed
to the use of a time‐dependent road service demand. Compare, for example, differences in
system performance between Scenario 5 and 6, or between Scenarios 7 and 8. Furthermore,
when assuming a time‐independent road service demand, the use of upper‐percentile
fragility functions (i.e., 84.135 and 97.725) yielded results that were comparable to those
obtained when using upper‐percentile return period‐discharge functions (i.e., Scenario 3
compared to Scenario 7, and 5 to 9). Nonetheless, the results associated with the use of
these functions were observed to be different when the demand for road service was
assumed to be time‐dependent (i.e., Scenario 4 compared to Scenario 8, and 6 to 10).
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Table 8‐6. Summary of system performance
Scenario

Number of simulations
Adequate performance

Inadequate performance

1

64

36

2

37

63

3

55

45

4

18

82

5

49

51

6

6

94

7

61

39

8

1

99

9

46

54

10

1

99

In selected simulations, the system performance amounted to 10 times the pre‐hazard
estimate. The number of simulations with such a system performance is presented in Table
8‐7. These simulations need to be analyzed in the future to determine the cause of the
excessive average travel times per trip obtained (e.g., one possible route for a well‐transited
origin‐destination path, which was severely affected). Some trips in these simulations
would likely need to be re‐categorized as missed trips due to their prolonged duration.

8.2.6.2

Inadequate system performance

To better understand the inadequate system performance, a time series of instances when
the performance target level was exceeded was plotted for each scenario (please refer to
Section F.2). Table 8‐8 presents a summary of these findings for each investigated period:
the hazard period and the restoration period, with the latter divided into five sub‐periods
demarked by the events enumerated in Section 8.2.3 (i.e., events 2 through 6).
According to Table 8‐8, the largest number of inadequate system performance instances
was observed:
 during the hazard event and the time of inspection interventions for scenarios with
a time‐independent road service demand, and
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Table 8‐7. Number of simulations per scenario with at least one instance of system performance
above 10 times the pre‐hazard estimate
Scenario

Number of simulations

Maximum observed average
travel time per trip (min)

1

5

226.62

2

0

34.96

3

4

226.62

4

0

27.98

5

9

226.62

6

0

43.29

7

4

209.43

8

1

130.52

9

16

767.72

10

16

784.45

Table 8‐8. Summary of the average number of instances of inadequate system performance per
time step in a given period
Scenario

Period
Hazard

Restoration
Inspection

First stage

Second stage

Third stage

Beyond target

1

12.5

29

6

0

0.8

1.4

2

0.5

3

2

0

6.9

10.1

3

15

30

6.6

0.5

1.4

1.6

4

0.5

3

2.6

0.3

9.1

15.2

5

19.5

32

11.4

0.3

2.6

1.7

6

0.5

2

4.4

0.3

11.5

17.9

7

8.5

15

0.8

2.9

1.6

1.2

8

0.5

0

0.6

2.5

11.3

18.2

9

15

30

14.4

4

2

1.8

10

0.5

0

7

4.1

11.4

20
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during the third stage of the restoration period and after (i.e., beyond target) for
scenarios with a time‐dependent road service demand.

The contrast in system performance between these sets of scenarios (i.e., time‐independent
vs. time‐dependent road service demand levels) could be partially explained by the
number of trips simulated. During the hazard period and the time of inspection
interventions, the number of trips to be taken was lower in the case of a time‐dependent
road service demand, leading to an apparent adequate system performance (i.e., in general,
a lower number of vehicles on the network implies decreased congestion). A discussion on
this apparent adequate system performance is found in Section 9.2. During the third stage
of the restoration period and beyond, additional trips were considered in the case of a time‐
dependent road service demand. These trips accounted for trips related to the restoration
process (an additional 10%). The system did not have the capacity to accommodate such
an increase, and hence, failed to meet the performance target level.

8.2.6.3

Missed trip ratios

Changes in the number of missed trips are presented in Section F.3. In all scenarios, except
Scenario 1, missed trip ratios were generally higher in cases of inadequate system
performance than in cases of adequate performance. At first instance, this could be deemed
counterintuitive as it was previously noted in Section 8.2.6.2 that a lower number of
vehicles on a network would generally reduce congestion; this situation would present an
opportunity for the system to improve its performance (e.g., vehicles can travel at
increasing speeds). However, in the case of the conducted stress test, hazard events leading
to an inadequate system performance caused trips of prolonged duration in addition to
eliminating a larger number of trips.
In scenarios with a time‐independent road service demand, missed trip ratios were
observed to be different when upper‐percentile fragility functions were used instead of the
corresponding 50‐percentile functions (i.e., Scenarios 7 and 9 with respect to Scenario 1).
However, the use of upper‐percentile return period‐discharge functions had a limited
effect (i.e., Scenarios 3 and 5 with respect to Scenario 1). When considering a time‐
dependent road service demand, nonetheless, the use of upper‐percentile fragility
functions or the use of upper‐percentile return period‐discharge functions resulted in
missed trip ratios that were comparable to those of obtained when using the respective 50‐
percentile functions (i.e., Scenarios 4, 6, 8 and 10 with respect to Scenario 2).
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8.2.6.4

Duration of the restoration period

The distribution of the duration of the restoration period varied by scenario (please refer
to Section F.4). Table 8‐9 presents the number of simulations per scenario whose restoration
period exceeded the maximum restoration duration target of 28 days set in Section 8.2.3.
The use of upper‐percentile fragility functions was found to have a larger impact on the
duration of the restoration period than the use of upper‐percentile return period‐discharge
functions. There was little to no distinction between the use of 84.135‐percentile fragility
functions and that of 97.725‐percentile functions.
Two simulations for each scenario always resulted in significantly large restoration periods
(i.e., 200 days or more). These simulations should be examined individually in the future,
including the flood and mudflow hazard events associated with these simulations.

8.2.6.5

Recommended solutions to further explore

Given these results, possible actions that could be taken into consideration to make the
system resilient are outlined next. While the recommendations are generic, specific
instances of such recommendations could be included in the modeling environment and
used in additional testing to determine their impact on system performance from the time
of hazard event occurrence until the end of the restoration period (i.e., interventions that
aim to improve the system performance in specific period may also improve the
performance in another period). The modeling environment can help estimate the impact
of interventions once these are integrated into the appropriate models. The results of these
additional simulations can help justify the interventions and their investment. The
investigation of specific interventions and their consideration in additional stress tests
should be subject of future work.


69

If trips can be anticipated to occur during the hazard event and during the first
three days of the restoration period (when inspection interventions occur) that are
comparable to those modeled in the scenarios linked to a time‐independent road
service demand, then it would be worth investing in measures that specifically
result in an improved system performance during these periods. Such measures
include protection from flood and mudflow hazard events69, retrofitting of objects,

No existing hazard protection infrastructure was considered in the modeling environment.
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Table 8‐9. Summary of the duration of the restoration period per scenario with respect to
maximum restoration duration target
Scenarios

Maximum restoration duration target
Non‐exceeded

Exceeded

1, 2

39

61

3, 4

22

78

5, 6

7

93

7, 8

2

98

9, 10

2

98

and increased redundancy, especially in relation to routes where a large number
of daily trips is likely to be observed after a hazard event. Table 8‐10 indicates the
percentage of instances of inadequate system performance during these periods
that would no longer be inadequate if the interventions generated system
performance improvements of one, two and three minutes of average travel time
per trip.


In general, results seem to be more sensitive to the use of upper‐percentile fragility
functions than to that of upper‐percentile return period‐discharge functions. For
that reason, conducting a pre‐hazard inspection intervention on objects is
recommended to identify the objects that are likely to exhibit poor performance
when subjected to flood and mudflow hazard events. This information would be
valuable in the prioritization process of retrofitting activities (as outlined in the
previous point), and in future stress tests.



If trips can be anticipated to occur during the latter part of the restoration period
(i.e., third stage and beyond target as indicated in Section 8.2.3) that are
comparable to those modeled in the scenarios linked to a time‐dependent road
service demand, then measures that aim to increase the capacity of the system,
specifically along routes where a large number of daily trips is likely to be
observed during the restoration period, should be evaluated. Table 8‐11 indicates
the percentage of instances of inadequate system performance during these
periods that would no longer be inadequate if an increase in capacity led to
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Table 8‐10. Percentage of inadequate system performance instances mitigated during hazard
event period and the first three days of the restoration period for scenarios considering a time‐
independent road service demand
Scenario

Percentage of inadequate system performance instances mitigated when
interventions improve performance by the following times
1 minute

2 minutes

3 minutes

1

1.78%

4.46%

10.71%

3

5.00%

6. 67%

12.50%

5

5.19%

8.89%

9.63%

7

‐

‐

6.45%

9

7.50%

16.67%

22.50%

Table 8‐11. Percentage of inadequate system performance instances mitigated during the latter
part of the restoration period for scenarios considering a time‐dependent road service demand
Scenario

Percentage of inadequate system performance instances mitigated when
interventions improve performance by the following times
1 minute

2 minutes

3 minutes

2

99.15%

99.72%

99.86%

4

99.43%

99.81%

99.91%

6

99.52%

99.84%

99.92%

8

99.72%

99.92%

99.95%

10

99.65%

99.93%

99.95%

improve performance. The gains are estimated to be significant. A follow‐up
discussion in relation to these gains is presented in Section 9.2.


The number of simulations exceeding the maximum restoration duration target
can be reduced by 22 to 28% for Scenarios 1 through 6 by restoring the level of
service at a slightly higher speed. The duration of the restoration period associated
with these simulations are within four to five days to the target. This solution
seems attainable considering that the inspection interventions were assumed to
occur over the course of three days without any restoration intervention taking
place within this time. Viable solutions may include reducing the time of
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inspection and conducting restoration interventions in parallel as inspection
results become available. Furthermore, restoration interventions of temporary
character (e.g., the installation of pre‐fabricated bridges designed for emergency
situations to transport patients to health centers and to deliver humanitarian aid)
may be considered to accelerate the return of system performance to original
levels.
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Chapter 9
Conclusions

This chapter includes a summary of accomplishments associated with the
dissertation work, specifically outcomes and key findings, along with a discussion
on the main limitations of this work, including those that relate to the example
presented in Chapter 8. Moreover, this chapter includes a discussion of future
research, including those of broader character to outline much needed work to
support managers making their systems resilient. This chapter ends with a set of
reflections on the importance of this work and the conditions needed to implement
it in practice.

9.1

Objectives, outcomes and key findings

The main objectives of this dissertation have been met through:
 the introduction of a definition of a resilient system that can be used in the
management of systems (Section 1.3),
 the development of a quantitative methodology focused on conducting stress tests
to help managers determine if their systems are resilient to multiple hazard events
when considering different modeling assumptions (Chapter 7), and
 the demonstration of how this methodology can be used to determine the state of
resilience of a road system (Chapter 8).
The scientific outcome of this dissertation is advancing the field of infrastructure
management through the introduction of this quantitative methodology, which supports
the integration of different modeling assumptions (using stress tests) into the performance‐
based, target‐oriented resilience assessment of systems—a critical function that was
identified as a research gap in the literature included in Sections 1.3 and 1.4. The
quantitative methodology is applicable to (a) combinations of diverse types of hazard
events, (b) sets of uncertain hazard events that are different in size, (c) systems of various
scales, and (d) time‐dependent events that may be observed until services are fully
restored. Therefore, the methodology makes a specific contribution to the body of
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knowledge presented in Section 1.4, and implicitly, to those presented in the overview of
Chapter 5 and in Sections 2.2, 3.1, 4.1, 5.1 and 6.1.
Consequently, the associated societal outcome of this work is delivering improved
information to managers through the application of the presented methodology. The
impact of having access to this information are better management decisions, and if these
decisions are implemented (please refer to Section 9.5 for a discussion on the conditions
needed to implement the proposed methodology in practice), a likely adequate system
performance during and after the occurrence of hazard events similar to those used in
stress tests.
To accomplish the main objects of this dissertation and reach the described outcomes, the
following activities were necessary. These activities are grouped according to the key
findings of this work.
1.

Resilient systems can be defined quantitatively in terms of their performance
and performance target levels. Section 1.3 presented a definition of a resilient
system that is focused on the assessment of system performance during the
occurrence of probable hazard events and thereafter until the end of probable
restoration interventions. The resilience assessment, which is conducted using a
modeling environment, supports the quantification of the time‐dependent system
performance and the comparison of this performance to a target level. The results
of this comparison help determine the state of resilience of the system: the system
is resilient, or the system is not resilient. The methodology presented in Chapter 7
supports the identification of a resilient system (or of a non‐resilient system) as
defined in Section 1.3. Having demonstrated its implementation in Chapter 8, this
definition can be of benefit to managers tasked to make their systems resilient, as
highlighted in Section 1.2, and may be used to direct conversations on defining
resilient systems into consensus.

2.

System performance, defined as spatially and temporally distributed service or
services, is dynamic, and as a result, can be quantified during and after the
occurrence of multiple types of hazard events. Determining the state of resilience
of a system requires the modeling of system performance, specifically the time‐
dependent level of service loss and restoration due to hazard events. Models for
level of service loss and restoration over time due to the occurrence of single types
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of hazards that are modeled as time‐independent events70 and the occurrence of
multiple types of hazards that are modeled as time‐dependent events71 were
introduced in Chapter 2 and Chapter 3, respectively. These models consider the
level of service loss and restoration of individual objects, and aggregate these
levels of service to determine the corresponding level of service at the
infrastructure scale over time. These models do not require the use of large
computational resources, and thus, can be applied to large systems. In fact, the
road system used in Chapter 8 as part of the example included 104 bridges and 476
km of roads (i.e., 74,466 road sections) that were subjected to flood and mudflow
hazard loads.
3.

Uncertainties, including those associated with modeled hazard events, can be
considered in the quantitative assessment of system performance, and therefore,
in the determination of the state of resilience of systems. A modeling
environment was presented in Chapter 4 that supports the quantification of
spatially and temporally distributed system performance while considering the
aleatory uncertainty related to the occurrence of a large set of hazard events and
the propagation of this uncertainty throughout the modeling. Other uncertainties
can be integrated into the modeling environment due its modular construct, which
supports the update and replacement of comprising models. The modeling
environment of Chapter 4 was used in Chapter 8 as part of the example, and
supported the estimation of road system performance when considering the
occurrence of 300 rainfall events of the same return period leading to spatially and
temporally distributed flood and mudflow hazard events. Modeling the system
performance when considering the occurrence of multiple hazard events can
greatly benefit societies that have not been previously (or recently) exposed to such
events.

4.

The testing of various modeling assumptions can be integrated into the
quantitative assessment of system performance using stress tests, and hence,
into the determination of the state of resilience of systems. Despite the
importance of considering multiple modeling assumptions in a resilience

Examples may include an earthquake hazard event that is simulated in a single time unit.
Examples may include combined flood and mudflow landslide hazard events that are simulated
in a time series.

70
71
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assessment as indicated in Section 1.3, no work in the literature was found to
support the testing of these assumptions. This was concluded in Section 1.5. The
quantitative method for conducting stress tests presented in Chapter 5 provides a
framework to run these types of tests by representing at least one uncertainty with
values that are considerably worse than the corresponding median or mean values.
When conducting stress tests, managers can determine with a level of confidence
the adequacy (or inadequacy) of system performance when their systems are
subjected to multiple hazard events. The method of Chapter 5 was used as the
foundation of the methodology presented in Chapter 7 to determine the state of
resilience of systems to multiple hazard events. Chapter 8, which demonstrated
the implementation of this methodology on a road system, included the testing of
modeling assumptions related to a probable underperformance of objects in the
network when subjected to hazard loads, possible climate variations, and a time‐
dependent road service demand.

9.2

Main limitations of the work
1.

The stress test conducted considered a narrow number of types of modeling
assumptions. The example covered three types of modeling assumptions: those
associated with (a) a probable underperformance of objects in the network when
subjected to hazard loads, (b) possible climate variations, and (c) alternate demand
levels for service. Other assumption types could have been integrated into the
example, including the probable increased occurrence of mudflow events, a
possible increase of restoration costs and times in a post‐hazard context, and time‐
dependent number of crews available to support the restoration efforts. With the
integration of other models to determine the state of resilience of systems other
than road systems or when considering the occurrence of hazards other than
combined floods and mudflows, additional assumptions would be necessary.
With all of these possibilities, an important question emerges: how can managers
select the type of modeling assumptions to consider in a stress test? Some may be
tempted to answer this question by suggesting the introduction of modeling
assumptions based on their individual uncertainties (e.g., prioritizing the most
uncertain elements). This, however, may not be consistent with the definition of a
stress test, as indicated in Section 5.2.1. The use of the most uncertain modeling
assumption in a stress test may not imply “considerably worse” results, regardless
of the percentile selected (e.g., some may not have a comparable effect on system
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performance). In some cases, modeling assumptions that have large effects on
system performance carry significant uncertainty, in others, do not. Answering the
aforementioned question requires turning to the forthcoming discussion.
2.

In addition to considering a narrow number of types of modeling assumptions,
the stress test conducted considered a narrow number of modeling assumption
percentiles. The stress test in the example of Chapter 8 showcased the use of two
upper percentile functions for object fragility and return period‐discharge
relationship. These sets of percentiles, which were selected based on exploratory
conceivable management decisions, were used to demonstrate the impact of
percentile selection for cases where uncertain elements in the model are
represented by probability distributions. Two general conclusions could be drawn
from this demonstration: (a) the impact of upper‐percentile functions on system
performance when using a modeling environment such as that of Chapter 4 may
not be easily determined without conducting simulations, and (b) sometimes, the
use of upper‐percentile functions does not change the outcome of determining the
state of resilience of systems. Nonetheless, their use is important to understand the
system performance under different circumstances. Percentiles other than those
selected could have been used in the stress test, in particular percentiles between
the median and 84.135. Moreover, in the specific case of fragility functions, upper‐
percentile fragility functions could have been assigned to selected objects in the
network (e.g., those that can considerably impact system performance if their
integrity is compromised) rather than to all objects.
Now, it is worth returning to the previous question (here updated to consider
percentiles): how can managers select the modeling assumptions to consider in a
stress test? Assuming a robust modeling environment, this question may be best
answered by systematically studying the individual and combined contributions
of modeling assumptions to system performance. This study would be similar to
a global sensitivity analysis. This analysis would require an uncertain element to
be represented by a set of discrete functions of different percentiles, for as many
percentiles as possible, and the use of these functions to determine the impact of
the associated uncertain element on the overall system performance uncertainty.
Such an approach, however, would demand large computational resources, and
therefore, the use of modern uncertainty quantification techniques should be
considered in this analysis. The results of this analysis would be the basis for
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recommendations to managers on the modeling assumptions to consider in a
stress test.
3.

As a type of modeling assumption, the service demand was found to be a key
determinant to the state of resilience of systems. Despite its significant role, a
scenario‐based approach was used to estimate the time‐dependent service
demand using a limited number of trips changes. As indicated in Section 8.1.2,
in and post‐hazard demand models for road service are not available in the
literature. Hence, a scenario‐based approach was used that required modifying (in
a deterministic manner) the origin‐destination matrix used in the traffic model
based on plausible assumed network user choices. Other choices could have been
integrated (e.g., adapting network user choices based on the level of inundation,
additional consideration to rescue vehicles, residents no longer returning to the
region due to a prolonged restoration period) and in a different manner (e.g.,
probabilistic).
This work, and other similar studies, can benefit from a systematic process, backed
by field data associated with previous hazard events, to make modifications to the
origin‐destination matrix. These data are limited at the moment, however. If data
existed, these would be scattered, without the needed resolution, and in some
instances, difficult to access. Technological trends (e.g., increasing use of sensors)
seem to indicate that more data would be available in the future, however. While
a time‐independent road service demand may seem unrealistic for the entire
duration of the hazard and restoration periods, such demand can be helpful in the
process of identifying solutions that may be conducive to a minimum system
disruption. At the same, it would not be fair to regard a system resilient solely
because the associated demand for service happens to be low during a hazard
event and the days to follow, and that low level can be met (this particular case is
further considered in the next point). In addition to road systems, other systems
(e.g., water, power) may face similar challenges in adequately estimating their in
and post‐hazard demands for service.

4.

Besides considering a narrow number of modeling assumptions, the stress test
used evaluation criteria that consisted of only one system performance metric.
The average travel time per trip was used in the example as the system
performance metric. An alternative to this option would be to evaluate this
performance in light of multiple metrics, aggregate and disaggregate, rather than
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a single metric. The missed trips ratios discussed in Section 8.2.6.3 and shown in
Section F.3, for instance, can help understand the apparent adequate system
performance exhibited at certain time steps: less vehicles on the network generally
means reduced congestion, and improved travel times through the network. Such
a performance is labeled apparent because levels of missed trips during these time
steps may be excessive, and thus, unacceptable. A systematic study on previous
works focusing on system performance metrics, such as those in Section 1.4, can
yield positive results in determining adequate system performance metrics for
different systems. It would be critical to relate such metrics to the basic capabilities
of individuals as suggested in Section 1.3.
5.

Along with considering only one system performance metric, the evaluation
criteria of the stress test included a performance target level that was illustrative.
There is a need to develop quantitative in and post‐hazard system performance
standards, or at least a consistent process that can be followed to arrive to such
standards. A considerable advantage would be a process that supports the
identification of performance target levels that meet broader and significant
societal objectives such as the basic capabilities of individuals. This would require
the manager to work together with experts and society. Until then, the task of
determining performance target levels will remain ambiguous, and subject to an
erroneous determination of the state of resilience of a system.
For instance, a slight change in the performance target level used in the example
of Chapter 8 can lead to significant changes in the evaluation of system
performance. An increase of 5% in the desired average travel time per trip (i.e.,
from approximately 9.18 minutes to 9.64 minutes) to account for a possible new
point of equilibrium in the system (i.e., system anticipating to adapt as mentioned
in Section 1.2) can lead to a different understanding of system performance. Table
9‐1 shows the updated interpretation of system performance, with the most
significant changes exhibited in cases of time‐dependent road service demand
(please compare to Table 8‐6). In this illustration, managers can benefit from
having a better understanding of the meaningful implications of selecting 9.64
minutes instead of 9.18 minutes as their performance target level, beyond the fact
that 9.64 minutes means slightly longer trips.

6.

The modeling environment used in the example to demonstrate the resilience
assessment methodology using stress tests was partially calibrated, but not
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Table 9‐1. Summary of system performance when considering an increase of 5% to the
performance target level
Scenario

Number of simulations
Adequate performance

Inadequate performance

1

66

34

2

89

11

3

58

42

4

81

19

5

53

47

6

74

26

7

63

37

8

80

20

9

49

51

10

78
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validated. A key and challenging aspect of the work presented is the calibration of
models used to estimate system performance and their coupling. As indicated in
Section 4.5, data available for calibration may only exist today for selected models,
and therefore, only partial calibration may be possible. Moreover, due to lack of
system‐wide, in and post‐hazard data, it is not possible to validate the modeling
environment in its entirety. Only partial validation would be possible today.

9.3

Prioritized recommendations for future research
1.

Additional stress tests can improve the understanding of systems and their in
and post‐hazard performance, and lead to standards. As suggested in Section 9.2,
other modeling assumptions (i.e., types and percentiles) should be tested as part
of a systematic effort to identify the contribution of modeling assumptions to
system performance (e.g., through global sensitivity analysis). This testing would
also present an opportunity to contribute to the development of refined
recommendations on a systematic process to estimate variations of service
demand, the use of aggregate and disaggregate system performance metrics,
whether individual or combined, and the process to determine performance target
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levels. A transdisciplinary collaboration should be considered for these activities,
in particular to support linking system performance metrics and target levels to
the capabilities of individuals. This collective effort may lead to a series of new
system performance standards to conduct resilience assessments using stress tests.
2.

Enhancing the computational performance of the modeling environment is an
important step towards conducting additional stress tests. The runtime of
simulations can be considered computationally costly (please refer to Table 8‐5).
There is a need to streamline the estimations and clean up the code base (as
indicated in Section 4.6) to make the modeling environment more efficient, and to
consider the use of modern uncertainty quantification techniques. These steps are
of particular importance if:
 the level of service loss of objects is to be represented by realizations of the
individual damage limit states instead of the expected value, which would
require the correlation of the realized damage limit states of objects
throughout the network in the process of estimating the states of the
system,
 other uncertainties are to be considered in the estimation of system
performance,
 models are to be improved, especially those associated with the modeling
of inspection and restoration interventions,
 the number of simulations for a given set of hazard events is to increase
(i.e., in most cases, 1000 simulations are not sufficient to gain a full
understanding of a large, complex system),
 the number of sets of hazard events is to increase to estimate system
performance over a wide range of return periods or magnitudes72,
 collaborations with other researchers are to be pursued in the future, who
may employ models demanding more computational resources than those
already part of the modeling environment, or
 the modeling environment is to integrate the effects of other types of
hazards, other types of systems and their interdependencies.

Such extended analysis may yield results that could be summarized as shown in Sections 4.4.3,
6.3.3 and 6.3.4.
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The latter will drive needs to identify additional modeling assumptions for stress
tests, system performance metrics and performance target levels associated with
interdependent systems and multiple types of hazards (i.e., of cascading
relationship as described in this work and of non‐cascading relationship such as
earthquake hazard events and rainfall‐triggered flood hazard events that occur in
series within the same period of analysis73).

9.4

Possible extensions of the work
1.

The resilience assessment methodology can be adapted to support the
identification of return periods that can be associated with inadequate system
performance. A modified version of the methodology presented in Chapter 7 can
be used to determine the lowest return period associated with the state of non‐
resilience. Such determination can benefit managers interested in the average
frequency of observing an inadequate system performance over an extended
period of time when considering a number of modeling assumptions, and
determine if such average frequency is acceptable. When system performance is
measured in this manner (using the same modeling environment, the same
modeling assumptions and performance evaluation criteria), the comparison
between the performance of two or more systems is possible in terms of the
estimated return periods (e.g., with 90% confidence, system A may observe an
inadequate performance on average every 50 years over an extended period while
system B every 100 years). This new type of assessment, which would require an
improvement in computational efficiency as highlighted previously, would be an
important stepping stone into the benchmarking of resilience, and the systematic
identification of hazard events and conditions that would lead to inadequate
system performance.

2.

The resilience assessment methodology can be used as the foundation of a
methodology to select the best interventions to make systems resilient. If the
system performance is found to be inadequate, managers should evaluate and
implement solutions to make their systems resilient. For the example presented in

73 Considering the effects of earthquake hazard events and rainfall‐triggered flood hazard events
may build on the work of Chapter 2 and that of the chapters associated with rainfall‐triggered flood
hazard events (i.e., Chapter 3 through Chapter 6 and Chapter 8).
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Chapter 8, some general recommendations were included in Section 8.2.6.5. Much
more thought needs to be given, however, to transition from possible general
recommendations to an optimal intervention program, where specific
interventions are planned, including their target location and time of execution.
This transition would require the consideration of the range of possible
interventions, along with their estimated costs, times and impact on system
performance, the latter of which would be obtained through additional modeling
(e.g., using a modeling environment such as that of Chapter 4), and possible
optimized sequences of conducting these interventions. Additional considerations
should be given to interventions pertaining to other systems that may need to be
executed at the same time. The set of optimal interventions would represent the
interventions that make the system resilient at the least cost. Managers would then
disburse the needed funds to make their system resilient, or in cases of funding
constraints, suggest investigating how close their system performance could get to
the target level for a funding level that may be acceptable. Linking performance
target levels with the capabilities of individuals is a critical step to understand the
implications of funding levels lower than that required to make the system
resilient.

9.5

Closing remarks

The societal outcome of this work is delivering improved information to managers through
the application of the methodology of Chapter 7 to determine the state of resilience of
systems to multiple hazard events. While the prioritized recommendations highlight the
need to conduct stress tests to better understand the implications of decisions on modeling
assumptions and evaluation criteria, managers can use the methodology today and work
towards improving their choices on modeling assumptions and evaluation criteria.
In practice, the application of the methodology requires additional considerations and
effort beyond the scientific work outlined in Section 9.3, including the following.


An enabling policy and regulatory environment is needed to first recommend and
guide the development of a series of new system performance standards to
conduct resilience assessments using stress tests, and later develop, enforce and
update these standards. Such an enabling policy and regulatory environment is
also needed to specify the most appropriate governance framework.
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The implementation of this governance framework would likely require the
restructuring of infrastructure management organizations (e.g., new teams) and
an internal cultural change within these organizations (e.g., new collaborations).
Careful planning and adequate resources, including the proper technical
assistance, would be needed to strengthen the capacity of these renewed
organizations74 to adopt the methodology of Chapter 7, and attain the technology
platform needed to conduct stress tests. Renewed organizations should conduct
stress tests periodically as (a) new models and data become available, and (b)
required levels of service change over time, driven by socio‐economic
development, new technologies, and the value assigned to resilience by society
(e.g., society is increasingly valuing climate‐related resilience, society places a
higher value on resilience after the occurrence of a hazard event).

The need for a methodology that can be used by managers to determine the state of
resilience of their systems to multiple hazard events is evident. The work presented in this
dissertation meets this need. Furthermore, the methodology proposed in Chapter 7 can be
used as a blueprint for new methodologies to determine the state of resilience of any
system to any stressor, whether natural, economic, human or technological. If such
methodologies are conceived, implemented and integrated (e.g., in a metamodeling
environment), managers would be able to identify the needed interventions to make our
infrastructure resilient.

Some capacities may include the abilities of organizations to collect the needed data and to
collaborate with external partners (e.g., those responsible for the assessment of hazard events).
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Appendix A
Notation
The notation used throughout the manuscript is presented by chapter or appendix.

A.1. Chapter 1: Introduction
Variable
1

𝕖ℙ

𝒯

Definition
Acceptable non‐exceedance probability

a

A modeling assumption used in a stress test

𝐚

Set of modeling assumptions a used in a stress test

C𝒮

Cost function to monetize the aggregate level of service 𝒮 loss

h

A hazard event

𝐡

Set of hazard events h

|𝐡|

Number of hazard events in the set 𝐡

n

A service to be used as a metric to qualify resilience

𝐧

Set of services n used as metrics to qualify resilience

ℙ

Probability

Resilience

Resilience of a system X

Risk

Risk associated with a system X

𝒮

Original level of service of system X

𝒮 h, t

Function to estimate time‐dependent level of service loss and
restoration of system X

𝒮

𝒯,

h, t

Function to describe the performance target level of system X
(time‐dependent and hazard event‐dependent)

𝒮

𝒯,

t

Function to describe the performance target level of system X
(time‐dependent)

𝕊
t

A resilient system
,

Start time of the hazard event affecting system X
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Variable
t

,

X

Definition
Completion time of the restoration events on system X
A system

A.2. Chapter 2: Functional loss assessment and restoration analysis to
quantify indirect consequences of hazards
Variable

Definition

AAC

Average annual consequences for network X

AADC

Average annual direct consequences for network X

AAIC

Average annual indirect consequences for network X

D

Downtime of object x

D

Downtime of network X

DC

Expected direct consequences associated with network X

ds

Damage limit state i for object x

E

Expected value

event

Hazard event H

FCL

Functional capacity loss during inspection for object x

FCL

Functional capacity loss during restoration for object x

FCL

Initial functional capacity loss for object x

FCL

Functional capacity loss threshold for object x to determine if an
intervention is required

FCL t

Functional capacity loss for object x at time t

Function

Flow‐based or non‐flow based model for network X

H

A hazard event

𝐈𝐱

Set of inspection activities that may be conducted on object x

IC

Expected indirect consequences associated with network X

im

Intensity measure experienced by an object x when a hazard event
H occurs

IT

Estimated duration time of inspection for object x

lanes

Number of lanes for object x

length

Length of object x
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Variable

Definition

n

Number of damage limit states

P

Probability

R

Restoration intervention j for object x

RDC

Expected restoration direct costs for object x

RT

Restoration time for object x

speed

Free‐flow speed through object x

t

Current time step

t

Occurrence time of a hazard event H at object x site

t

Occurrence time of a hazard event H at network X area

t

Completion time of inspection activities for object x

t

Completion time of inspection activities for network X

t

Start time of inspection activities for object x

t

Start time of inspection activities for network X

t

Completion time of restoration activities for object x

t

Completion time of restoration activities for network X

t

Start time of restoration activities for object x

t

Start time of restoration activities for network X

TT t

Travel time through object x at time t

TT t

𝐗

Travel time through link 𝐗 at time t

var

Variance

x

An object

𝐗

A link

X

A network

z

Number of network objects

α, β

Parameters of the Bureau of Public Roads equation (Martin &
McGuckin, 1998)
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A.3. Chapter 3: Modelling the functional capacity losses of networks exposed
to hazards
Variable

Definition

ds

Damage (limit) state i for object x

𝔼

Expected value

FCL t

Functional capacity loss for object x at time t

FCL

Functional capacity loss during inspection for object x

FCL

Functional capacity loss during restoration for object x

FCL

Initial functional capacity loss for object x

FCL

Functional capacity loss threshold for object x to determine if an
intervention is required

H

A hazard event

H

Hazard event i

H

Hazard event j, which causes physical damages and functional
capacity losses

H

Hazard event k, which causes functional capacity losses only

𝑰

Set of inspection activities that may be conducted on object x when
a hazard event H occurs

im

Intensity measure experienced by an object x when a hazard event
H occurs

𝒊𝒎 , 𝒊𝒎

Chain of intensity measures experienced by an object x when a
hazard event H, or hazard event i occurs (respectively)

im T

Intensity measure experienced by an object x at time T when a
hazard event H occurs

im T

Intensity measure experienced by an object x at time T when
hazard event H occurs

im T

Intensity measure experienced by an object x at time T when
hazard event H occurs

im t

, im t

, im t

Intensity measure experienced by an object x at time t, time t ,or
time t (respectively) when hazard event H occurs

n

Number of damage states

ℙ

Probability

RC

Restoration cost for object x
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Variable

Definition

RT

Restoration time for object x

t

Current time step

t

,t

Completion time of a hazard event H, or of hazard event i at object
x site (respectively)

t

Completion time of inspection activities for object x

t

Completion time of restoration activities for object x

t

Occurrence time of a hazard event H at object x site

t

,t

Start time of a hazard event H, or of hazard event i at object x site
(respectively)

t

Start time of inspection activities for object x

t

Start time of restoration activities for object x

T

A time step

x

An object

A.4. Chapter 4: Estimating network related risks: A methodology and an
application in the transport sector
Variable

Definition

C

Costs associated with hazard event i

C

Direct cost function

C

Indirect cost function

dc

Direct cost

E

Hazard events

E

Network events

E

Object events

E

Societal events

E

Source events

i

Inundation depth

ic

Indirect cost

ℙ

Probability

ℛ

Risk
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Variable

Definition

ℛ

Annualized risk

s

Possible damage state of an object

s ,s ,s ,s

Operational, monitored, capacity‐reduced and closed damage
states, respectively

S

Realized damage state of an object

t

A time step

T

Return period of the hazard event i

v

Maximum acceptable speed

v

Maximum allowed speed

λ

Functional loss

〈λ〉

Expected functional loss

μ

Logarithmic mean

Ξ

Intensity measure of a hazard event at an object location

σ

Logarithmic standard deviation

Φ

Standard normal cumulative distribution function

A.5. Chapter 5: Stress tests for a road network using fragility functions and
functional capacity loss functions
Variable

Definition

D

Inundation depth

D

,D

D

,

%

,D

,

%

D

,

%

,D

,

%

Illustrative inundation thresholds to determine level of
restoration (thresholds are associated with a given percentile)

D

Maximum inundation level experienced

ds , ds , ds , ds

Damage states

E

Expected value

FCL

Initial functional capacity loss of object x

Haz ,

Temporally (t) and spatially (s) bounded hazard events

Mod

Model

Net

Temporally (t) and spatially (s) bounded network events

,
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Variable

Definition

Obȷ ,

Temporally (t) and spatially (s) bounded object events

Out

Output

RC

Restoration costs for inundated road sections

RC

, RC

Minimum and maximum restoration costs for inundated road
sections (respectively)

Rel

Relationships

Risk

Risk

RT

Restoration times for inundated road sections

RT

, RT

Minimum and maximum restoration times for inundated road
sections (respectively)

Scr ,

Temporally (t) and spatially (s) bounded source events

Soc ,

Temporally (t) and spatially (s) bounded societal events

v

Feasible speed on the road

v

Speed limit

v

Maximum allowed speed on any given road

x ,x ,x

Sampled percentage of critical depth of local scour to help
determine damage states

y

Critical depth of local scour

y

Local scour depth

α

Median

β

Dispersion

γ

Parameter used to determine functional capacity loss functions
due to inundation

A.6. Chapter 6: Impact assessment of extreme hydrometeorological hazard
events on a road network
Variable

Definition

AR

Annualized risk

c

Costs associated with return period‐cost relationship percentile pc

h

,

ith hazard event that generates the nth discharge amount d at a point
of interest in the network X area
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Variable

Definition

pcf

Inverse function to determine the percentile of a variable

∙

rp
rp

Return period‐discharge relationship percentile pc
∙

X

Function to determine the return period of an event when
considering a return period‐discharge relationship percentile pc
A network

A.7. Chapter 8: Example
Variable

Definition

s ,s ,s ,s

Operational, monitored, capacity‐reduced and closed damage limit
states, respectively

μ

Logarithmic mean

σ

Logarithmic standard deviation

A.8. Appendix D: Modelling the functional capacity losses of networks
exposed to hazards (Chapter 3)
Variable

Definition

d ,d ,d

Binary variable to determine if hazard event i, hazard event j, or
hazard event k (respectively) is considered in the simulation

FCL t

Functional capacity loss for object x at time t

FCL

Functional capacity loss during inspection for object x

FCL

Functional capacity loss during restoration for object x

FCL

Initial functional capacity loss for object x

FCL

Functional capacity loss threshold for object x to determine if an
intervention is required

H

A hazard event

H

Hazard event i

H

Hazard event j, which causes physical damages and functional
capacity losses

H

Hazard event k, which causes functional capacity losses only

𝑰

Set of inspection activities that may be conducted on object x
when a hazard event H occurs
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Variable

Definition

𝒊𝒎

Chain of intensity measures experienced by an object x when a
hazard event i occurs

im T

Intensity measure experienced by an object x at time T when a
hazard event H occurs

im T

, im T

Intensity measure experienced by an object x at time T or time T
(respectively) when hazard event H occurs

im T

, im T

Intensity measure experienced by an object x at time T or time T
(respectively) when hazard event H occurs

im t

, im t

, im t

Intensity measure experienced by an object x at time t, time t ,or
time t (respectively) when hazard event H occurs

RT

Restoration time for object x

t

Current time step

t

,t

Completion time of a hazard event H, or of hazard event i at
object x site (respectively)

t

Completion time of inspection activities for object x

t

Completion time of restoration activities for object x

t

,t

Start time of a hazard event H, or of hazard event i at object x site
(respectively)

t

Start time of inspection activities for object x

t

Start time of restoration activities for object x

T

A time step

T ,T

A time step related to hazard event i, or to hazard event j
(respectively)

x

An object

A.9. Appendix E: Estimating network related risks: A methodology and an
application in the transport sector (Chapter 4)
General
Variable

Definition

B

A bridge

𝐜

A raster cell
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General
Variable

Definition

𝐃𝐄𝐌

Digital elevation model

e

An object

g

Gravitational acceleration

ℓ

A mudflow event

n

A section/subsection of an object

ℙ

Probability

r

A river station

t

A time step

Subscript
Variable

Definition

𝐜

Variable or function associated with raster cell 𝐜

𝐜ℓ

Variable or function associated with raster cell 𝐜 where mudflow ℓ
occurs

𝐜

Variable or function associated with section/subsection n

𝐜𝐫

Variable or function associated with raster cell 𝐜 located at the
watershed outlet that corresponds to the river station r

e

Variable or function associated with the object e

od

Variable or function associated with origin‐destination od

i, j

Running variable (e.g., index of a river cross‐section)

ℓ

Variable or function associated with mudflow ℓ

n

Variable or function associated with the section/subsection n

r

Variable or function associated with river station r

r

Variable or function associated with river station r near bridge B

s

Variable or function associated with damage state i

t

Variable or function at time step t

Rainfall (Section E.2.1)
Variable

Definition

p𝐜,

Precipitation intensity at raster cell 𝐜 at time t
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Rainfall (Section E.2.1)
Variable

Definition

𝐏

Precipitation field at time t

𝐏

Time series of precipitation fields over period τ

𝒫

Precipitation catalogue of historical events

T

Return period of the flood event

T

Return period of the rainfall event

τ

Duration of the rainfall event

Runoff (Section E.2.2)
Variable

Definition

𝐂𝐍

Field of runoff curve numbers

CN𝐜

Curve number for the raster cell 𝐜

d

Travel distance from the most distant raster cell to the watershed
outlet

d𝐜

Travel distance from raster cell 𝐜 to the watershed outlet

f𝐜,

Average inflow into raster cell 𝐜 at time t

f𝐜,

Outflow of raster cell 𝐜 at time t

f𝐜𝐫 ,

Outflow of raster cell 𝐜 at time t

p𝐜,

Precipitation intensity at raster cell 𝐜 at time t

p𝐜,

Accumulated precipitation excess for raster cell 𝐜 at time t

𝐏

Time series of precipitation fields over period τ

Q

,

Base flow for a river station r

Q

,

Hydrographs for river stations r as a function of time t

t

Time of concentration of the watershed

t𝐜

Lag (travel) time from raster cell 𝐜 to the watershed outlet

Δt

Time interval of a hydrograph Q

ρ

Storage coefficient for linear reservoirs

τ

Duration of the rainfall event
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Flood (Section E.2.3)
Variable

Definition

A,

Wetted cross‐sectional area at cross‐section i at time t

b

Channel width at cross‐section i

h,

Water depth at cross‐section i at time t

i𝐜,

Inundation depth at raster cell 𝐜 at time t

𝐈

Time series of inundation fields at time t

L,

Channel reach length between cross‐section i and cross‐section i
1

Q
Q

,
,

Hydrographs for cross‐section i as a function of time t
Hydrographs for river stations r near bridge B as a function of
time t

𝐒 𝐟𝐫𝐢𝐜𝐭𝐢𝐨𝐧

Friction slopes between river cross‐sections

S,

Average friction slope between cross‐section i and cross‐section i
1

T

Return period of the flood event

v,

Average flow velocity at cross‐section i at time t

z

Bed elevation with respect to the datum at cross‐section i

γ

Energy correction factor at cross‐section i

Mudflow (Section E.2.4)
Variable

Definition

c

Cohesion of roots

c

Cohesion of soil

FSℓ,

Factor of safety for mudflow ℓ at time t

l𝐜ℓ ,

Mudflow elevation field at raster cell 𝐜ℓ at time t

𝐋

Mudflow elevation field at time t

ℒ

Set of potential mudflow locations and geometries

m

Fraction between water table depth and the soil depth at time t

p𝐜ℓ ,

Precipitation intensity at raster cell 𝐜ℓ at time t

p𝐜ℓ ,

Precipitation threshold for intensity‐duration function at raster cell
𝐜ℓ and time t

𝐏

Time series of precipitation fields over period τ
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Mudflow (Section E.2.4)
Variable

Definition

Rℓ

Runout length of mudflow ℓ

S

Slope angle

Vℓ

Volume of mudflow ℓ

z

Soil depth

z

Initial water table depth

z

Water table depth at time t

γ

Specific weight of soil

γ

Specific weight of water

τ

Duration of the rainfall event

τ𝐜ℓ ,

Duration of the rainfall event until time t at raster cell 𝐜ℓ

φ

Angle of internal friction

Object fragility (Section E.2.5)
Variable

Definition

a

Pier width for bridge B

𝐃𝐒
h

, 𝐃𝐒

,

,

,

h

Time series of damage state exceedance probabilities
Flow depth directly upstream of the pier

,

h

, 𝐃𝐒

Scour depth for bridge B that is located near river station r at time
t
Critical scour depth

i𝐜,

Inundation depth at raster cell 𝐜 at time t

𝐈

Time series of inundation fields at time t

κ ,κ ,κ

Corrective coefficients

l𝐜ℓ ,

Mudflow elevation field at raster cell 𝐜ℓ at time t

𝐋

Mudflow elevation field at time t

Q

,

Hydrographs for river stations r near bridge B as a function of
time t

S

Realized damage state

s

Damage state i

v

,

Mean velocity of flow directly upstream of the pier
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Object fragility (Section E.2.5)
Variable

Definition

μ

Logarithmic mean for damage state i

σ

Logarithmic standard deviation for damage state i

Φ

Standard normal cumulative distribution function

Object functionality (Section E.2.6)
Variable

Definition

DS

Probability for damage state i at time t

,

, 𝐃𝐒

𝐃𝐒

, 𝐃𝐒

i𝐜,
i𝐜

Inundation depth at raster cell 𝐜 at time t
Inundation depth at raster cell 𝐜 at time t

,

𝐈
v

Time series of inundation fields at time t
Maximum acceptable velocity that ensures safe control of a vehicle
through section/subsection n at time t

,

v
λ

Time series of damage state exceedance probabilities

Maximum allowed speed on section/subsection n
Capacity reduction for section/subsection n given damage state i

,

〈λ〉

Expected capacity reduction for section/subsection n at time t

,

〈ϕ〉

Expected speed reduction for section/subsection n at time t

,

Object restoration needs (Section E.2.7)
Variable

Definition

DS

Probability for damage state i at time t

,

, 𝐃𝐒

𝐃𝐒
〈c〉

,

, 𝐃𝐒

Time series of damage state exceedance probabilities
Expected costs of the intervention for section/subsection n at time t

c

,
,

Fixed intervention costs for section/subsection n given damage
state i

c

,
,

Variable intervention costs for section/subsection n given damage
state i

𝒞
λ

Set of direct cost parameters
,

Capacity reduction during restoration for section/subsection n
given damage state i
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Object restoration needs (Section E.2.7)
Variable

Definition

〈λ〉

Expected capacity reduction during restoration for
section/subsection n at time t

τ

,

Restoration time for section/subsection n given damage state i

,

〈τ〉

Expected restoration time for section/subsection n at time t

,

Network (Section E.2.8)
Variable

Definition

〈c〉

,

Expected costs of the intervention for object e at time t

〈c〉

,

Expected costs of the intervention for section/subsection n at time t

𝓔

Set of edges in the network graph

𝐆

A routable network graph

𝓥

Set of vertices in the network graph

〈λ〉

,

Expected capacity reduction for object e at time t

〈λ〉

,

Expected capacity reduction for section/subsection n at time t

〈λ〉

,

〈λ〉

,

〈τ〉

,

Expected restoration time for object e at time t

〈τ〉

,

Expected restoration time for section/subsection n at time t

Expected capacity reduction during restoration for object e at time
t
Expected capacity reduction during restoration for
section/subsection n at time t

〈ϕ〉

,

Expected speed reduction for object e at time t

〈ϕ〉

,

Expected speed reduction for section/subsection n at time t

Traffic (Section E.2.9)
Variable

Definition

C

Cost function to estimate travel time

d

Demand for a given od‐path

f
𝐨𝐝

P

Function to estimate traffic flow on path P that connects origin‐
destination od
An origin‐destination matrix
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Traffic (Section E.2.9)
Variable

Definition

P

A path

𝒫

,

Set of unfeasible od paths at time t

𝒫

,

Set of feasible od paths at time t

t

,

Initial free flow travel time

t

,

Travel time through edge e at time t

x

,

Traffic flow through edge e at time t

y

,

Initial edge capacity

α ,β

Calibration parameters for traffic estimation through edge e

〈λ〉

Expected capacity reduction for object e at time t

,

〈ϕ〉

,

Expected speed reduction for object e at time t

Restoration (Section E.2.10)
Variable

Definition

𝒫

Set of unfeasible od paths at time t

,

𝐑
x

Restoration program
Traffic flow through edge e before the hazard event

,

〈λ〉

,

〈τ〉

,

Expected capacity reduction during restoration for object e at time
t
Expected restoration time for object e at time t

Direct and indirect costs (Section E.2.11)
Variable

Definition

〈c〉

Expected costs of the intervention for edge e at time t

,

C

Expected direct cost

C

Expected indirect cost

C

,

C

,

C

,

C

,

𝒞

Cost function for loss of connectivity
Cost function for prolongation of travel time
Cost function for travel time
Cost function for vehicle operation
Set of indirect cost parameters
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Direct and indirect costs (Section E.2.11)
Variable

Definition

F

Mean fuel consumption

l

Length of edge e

𝒫

,

Set of unfeasible od paths at time t

𝒫

,

Set of feasible od paths at time t

t

,

Travel time through edge e before the hazard event

t

,

Travel time through edge e at time t

x

,

Traffic flow through edge e before the hazard event

x

,

Traffic flow through edge e at time t

ε

Value of a missed trip

ζ

Mean fuel price

ξ

Value of travel time

ρ

Operating costs excluding fuel
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Appendix D
Modelling the functional capacity
losses of networks exposed to hazards
(Chapter 3)
In this section, changes to various equations introduced in the sections above [Chapter 3]
are presented here to account for the second and third approaches to model the effects of
multiple hazard events, which are described in Section 3.3.2. The changes are progressively
introduced to estimate an object’s functional capacity losses and restoration times due to
multiple hazard events, and when functional capacity losses are independent of physical
capacity losses and when functional capacity losses demand preventive interventions.

D.1. Restricting the modelling of hazard events (second approach discussed
in Section 3.3.2)
In general, the second approach, which limits the number hazard events that can load an
object, requires the introduction of a binary variable for each hazard event i (d ). The value
of these variables helps determine in advance which hazard events may occur and for
which objects (i.e., a binary variable of value 1 for a given hazard event states that the
impact of that event on the object of interest should be accounted for in the estimation of
functional capacity losses and restoration times).
Equations (D‐1) and (D‐2) include the binary variable (d ) in their right‐hand side as minor
modifications to Equations (3‐9) and (3‐13), which already include all other desired
changes for modelling a restricted number of hazard events when considering multiple
events.

292

FCL t |

𝒊𝒎

⎧
⎪
max max
⎪
∈
,
⎪
⎪
max
max
⎪
∈
,
⎪
max FCL |𝑰 , max
max
∈
,
⎨
⎪
max
max
⎪
∈
,
⎪
⎪
max
max
⎪
∈
,
⎪
⎩
0,1 , t
min t
where d
∀x ↔ max

RT |

∈

max

𝒊𝒎

,

FCL |im T

max

∈

max
,

0,

t

t

FCL |im T

d

,

t

t

t

FCL |im T

d

,

t

t

t

,

t

t

t

FCL |im T

d

FCL |im T

d

,

t

t

t

FCL |im T

d

,

t

t

t

0,

t

t

, and t
d

RT |im T

(D‐1)

max t
FCL

d

(D‐2)

To account for events that cause functional capacity losses without observed physical
damage, two binary variables (d , d ) are needed for each type of hazard event, namely
hazard events j that cause physical damages and functional capacity losses, and hazard
events k that only cause functional capacity losses. These binary variables (d , d ) are
introduced in Equations (D‐3) and (D‐4), modifying Equations (3‐10) and (3‐14),
respectively.
When preventive interventions are needed to address functional capacity losses exhibited
during the hazard events period, a binary variable (d ) for all hazard events i is then used
when identifying the objects that need interventions, when determining the functional
capacity loss during restoration, and when estimating the restoration time of those
interventions. Equation (D‐5) includes the use of such a variable with respect to Equation
(3‐11). Equation (D‐2) can be used to estimate the restoration time for this case.
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D.2. Combining the effects of hazard events (third approach discussed in
Section 3.3.2)
The third approach aims at quantifying the combined effects of multiple hazard events.
The main modification required to account for this type of analysis in the estimation of
functional capacity losses and restoration times is conditioning these values to the
combination of intensity measures for all the modelled hazard events (i.e., intersection of
intensity measures). Since the hazards do not have to occur simultaneously, each hazard
event i has its own time step of evaluation T .
Equations (D‐6) through (D‐10) are the modified versions of Equations (3‐9) through (3‐11),
(3‐13) and (3‐14), respectively, when using the updated condition on the right‐hand side of
the equation. In Equations (D‐7), (D‐8) and (D‐10), each hazard event j has its own time
step of evaluation T .
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Appendix E
Estimating network related risks: A
methodology and an application in the
transport sector (Chapter 4)

This appendix is a revised version of the supplement file submitted along with
Hackl et al. (2018). Revisions may include additional information, clarifications,
and standardization of content. The original supplement is licensed under the
Creative Commons Attribution 4.0 License, and may be accessed through
https://doi.org/10.5194/nhess‐18‐2273‐2018‐supplement.

E.1.

Introduction

This file provides supplementary information for the paper “Estimating network related
risks: A methodology and an application in the transport sector” [Chapter 4]. In this file,
the modules used in the risk assessment are explained in more detail. An overview of the
modules and their relationships is given in Figure E‐1. The modules are described in terms
of: inputs, outputs, resources, process, calibration, and assumptions and limitations.
Inputs: The term “inputs” refers to those inputs that are provided by other modules in the
simulation engine, or externally by the network manager.
Outputs: The term “outputs” refers to those outputs that are provided by the module and
can be used by all other modules, or ultimately can be regarded to be the estimated
consequences.
Resources: The term “resources” refers to model specific data, which are needed by the
current module. Depending on the model used for a specific event, these data might
change. For example, while a simple traffic assignment model only needs the network and

298

Figure E‐1. Schematic overview of the modules used for the application75

an origin‐destination matrix, more complex models need additional (sociodemographic)
data such as housing and workplace locations, population and employment statistics,
among others.
Process: This section gives a brief description of how the module is applied.
Calibration: This section describes the process and data used to calibrate the models.
Assumptions and limitations: This section lists some of the major underlying assumptions
and limitations.

Modules, represented by nodes with certain inputs and outputs, are related to the events that need
to be modeled to estimate risk. The assessment starts with the modeling of a random rainfall and its
corresponding runoff. Estimated discharge values at river stations of interest are used to simulate
the flood propagation, including the inundation of the area. A mudflow can be randomly triggered
during the rainfall if accumulated precipitation values exceed certain thresholds. In the next step,
expected damages (i.e., bridge local scour, road section inundation, road section mud‐blocking),
functional losses (i.e., speed reduction, capacity reduction) and restoration needs (i.e., restoration
cost, restoration time) are determined for each affected object in the network. The updated states of
individual objects help define the new state of the entire network. The traffic through the network is
then simulated. Restoration interventions are executed to enable the network to provide an adequate
level of service again by changing the state of damaged objects. The costs for the restoration are
accounted as direct costs, while the costs related to additional vehicle travel time through the
network and missed trips are accounted as indirect costs.
75
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E.2.

Modules

E.2.1. Rainfall
Inputs:
T
– Return period desired to be investigated [years]. This input can be chosen by the
network manager or determined by the desired return period of the flood event T
.
Outputs:
𝐏
– Time series of precipitation fields (i.e., raster file for every time step) over period
τ , where the raster cell values p𝐜, ∈ 𝐏 with t ∈ τ
represented the rainfall intensity
per time step [mm/hour].
Resources:
𝒫
– Precipitation catalogue of historical events, represented as a time series of
precipitation fields, with a spatial resolution of 1 km x 1 km and a temporal resolution of 1
hour. The source data were taken from Wüest et al. (2010).
Process:
The first part of this process was choosing the time series of precipitation fields 𝐏

∈

to be used in a given simulation from the precipitation catalogue of Wüest et al.
𝒫
(2010). This involved two steps: (a) setting the beginning of the rainfall event from this
catalogue using a simple random sampling algorithm, and (b) selecting the duration of the
rainfall event τ .
The latter was accomplished using a simple random sampling algorithm on a scaled Beta
probability distribution representing possible duration lengths, ranging from 1 to 72 hours.
Each return period of interest had an assigned Beta probability distribution, with larger
durations to be observed with higher frequency when modeling events of larger return
periods. To further characterize a rainfall event, a second set of actions was needed to relate
that event to a given return period. The precipitation values p𝐜, ∈ 𝐏 for each raster cell 𝐜
at time t ∈ τ
were iteratively scaled as described in Hackl et al. (2017) until the rainfall
event generated a discharge value at a point of interest matching that of the desired return
.
period. The result of this entire process was a time series of scaled precipitation fields 𝐏
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Finally, in order to match the spatial resolution to be used throughout the entire analysis
(originally set at 1 km x
(set at 16 m x 16 m), the resolution of all precipitation fields 𝐏
1 km), was adapted using a re‐gridding process.
Calibration:
Records from precipitation measurement stations located near the study area (see Figure
4‐2) were used to calibrate the model. Extreme events that had been not recorded were
extrapolated from the data using extreme value statistics.
Assumptions and limitations:
 This approach was limited to modifying historical events to recreate new rainfall
events. In this process, values could be up or downscaled to produce the desired
return period. New events could not be produced (e.g., changes in the movement
of the rainclouds, the spatial coverage of the clouds).
 The rainfall catalogue was limited to the year 2007.
 Rainfall patterns could not span monthly borders.
 A rainfall event could only occur in a period between 1 and 72 hours.

E.2.2. Runoff
Inputs:
𝐏
– Time series of precipitation fields over period τ

[mm/hour].

Outputs:
Q , – Hydrograph for river station r, which was generated using the excess of raster cells
located at the basin outlets, as a function of time t [m3/s].
Resources:
𝐂𝐍 – Raster file with the runoff curve numbers [dimensionless] to predict direct runoff and
infiltration from rainfall excess.
𝐃𝐄𝐌 – Raster file containing the terrain’s elevation (digital elevation model) [m] to
calculate the direction of runoff.
Q , – Base flow for river station r [m3/s].
ρ – Storage coefficient for linear reservoirs [hour].
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Process:
The precipitation excess was computed for each raster cell using the Soil Conservation
Service (SCS) Curve Number (CN) model. This model estimates precipitation excess as a
function of cumulative precipitation, soil cover, land use, and antecedent moisture
(Feldman, 2000):

CN𝐜 ∙ p𝐜,

p𝐜,

50.8

CN𝐜 ∙ CN𝐜 ∙ p𝐜,

5080

203.2

20320

(E‐1)

where p𝐜,
is the accumulated precipitation excess for raster cell 𝐜 at time t, p𝐜, is the
corresponding precipitation value, and CN𝐜 is the curve number for the raster cell 𝐜. Each
raster cellʹs excess was then lagged to the basin outlet. The translation time to the outlet
was computed through a grid‐based travel‐time model:

t𝐜

t

∙

d𝐜
d

(E‐2)

where t 𝐜
is the lag (travel) time from raster cell 𝐜, t
is the time of concentration for
the watershed, d𝐜
is the travel distance from raster cell 𝐜 to the watershed outlet, and
d
is the travel distance from the most distance raster cell to the watershed outlet.
The individual raster cell outflows f𝐜, were routed through a linear reservoir, to account
for the effects of watershed storage. The routing was done using Clarkʹs original
methodology:

f𝐜,

2 ∙ Δt ∙ f𝐜,
f𝐜,
2ρ Δt

f𝐜,

(E‐3)

where f𝐜, is the average inflow to the storage of raster cell 𝐜 at time t composed of the
accumulated precipitation excess p𝐜,
and the outflows of the neighbor cells at t 1, ρ is
a storage coefficient for linear reservoirs (defined in time units), and Δt is the time interval
of a hydrograph Q (here set to 1 hour).
The results from each raster cell were combined to produce the final hydrographs Q , for
each river station r for all time steps t. These flows were estimated by adding the outflow
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values f𝐜𝐫 , of the raster cells 𝐜𝐫 located at the watershed outlet that correspond to the river
station r, and the base flow Q

,

of that station:

Q

,

Q

f𝐜𝐫 ,

,
𝐜𝐫

(E‐4)

Calibration:
The model was calibrated using records from past precipitation events and their resulting
increase in river discharge, measured at the gauging stations located near the study area
(see Figure 4‐2).
Assumptions and limitations:
 The basins could be subdivided into grid‐cells; therefore, all grid‐cells within a
sub‐basin had the same loss‐rates at the beginning of each simulation.
 The infiltration rate would approach zero during a rainfall event of long duration,
rather than constant rate as expected.
 The initial abstraction did not depend upon the rainfall characteristics or timing.
 The storage behavior was simplified in terms of evaporation, infiltration and
groundwater flow, the latter of which was not considered.

E.2.3. Flood
Inputs:
Q , – Hydrograph for river station r as a function of time t [m3/s].
T
– Return period desired to be investigated [years]. This was an alternative to
specifying the return period of the rainfall event. In this case, the simulation engine
produced suitable rainfall patterns, such that the resulting hydrographs led to the targeted
flood event return period.
Outputs:
𝐈 – Time series of inundation fields (i.e., raster file for every time step), where the raster
cell values i𝐜, represented the floodwater depth above ground [m].
Q , – Hydrograph for river station r near the bridge of interest B as a function of time
[m3/s].
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Resources:
𝐃𝐄𝐌 – Raster file containing the terrain’s elevation (digital elevation model) [m] to extract
the geometries and generate the inundated areas.
𝐒𝐟𝐫𝐢𝐜𝐭𝐢𝐨𝐧 – Friction slopes between river cross‐sections, which were estimated using
empirical laws (e.g., the Manning formula).
Process:
The governing equation describing the flow problem of the one‐dimensional hydraulic
model was derived by the energy equation for two neighboring cross‐sections, enclosing a
channel reach of length L , (index i denoted an upstream cross‐section, and index i 1
denoted a downstream cross‐section):

z

h,

γ ∙v,
2∙g

z

h

γ
,

∙v
2∙g

,

S,

∙L,

(E‐5)

where z is the bed elevation with regard to the datum, h , is the water depth at time t, γ
is the energy correction factor, and v , is the average flow velocity at time t, with all of these
variables for a given cross‐section i. Moreover, g is the gravitational acceleration, S ,
is
the average friction slope between both cross‐sections. The average flow velocity v ,
Q , /A , is expressed as a function of the discharge Q , and the wetted cross‐sectional
area A , . At the same time, for a given cross‐section i, this area A ,
h , ∙ b is expressed as
a function of the water depth h , and the width of the channel b . Equation (E‐5) allowed
to compute the water surface profiles from one cross‐section to the next. For most cases,
this was done numerically. Finally, the water depth h , values at each river cross‐section
were interpolated to obtain an inundation field 𝐈 , representing a raster file for time t.
Calibration:
Historic records from gauging stations along the rivers (see Figure 4‐2) were used to
calibrate the model. Extreme events that had not been recoded were extrapolated from the
data using extreme value statistics. Simulation results were compared, additionally, with
hazard maps from the region.
Assumptions and limitations:
 The flow was assumed to be unidirectional (i.e. parallel to the main channel flow).
 No sediment transport or debris were considered.
 Storage and recirculation areas were not considered.
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The model could not reproduce flood events with extreme non‐uniformity and
spatial variability of flow patterns.

E.2.4. Mudflow
Inputs:
– Time series of precipitation fields over period τ
𝐏

[mm/hour].

Outputs:
𝐋 – Time series of mudflow fields (i.e., raster file for every time step), where the raster cell
values l𝐜ℓ , represented the additional elevation caused by the mudflows [m]76.
Resources:
𝐃𝐄𝐌 – Raster file containing the terrain’s elevation (digital elevation model) [m].
ℒ – Set of potential mudflow locations and geometries, where ℓ ∈ ℒ was a mudflow event
with specific location 𝒄ℓ and geometry. The source data were taken from Losey and Wehrli
(2013).
Process:
Potential mudflow locations 𝒄ℓ were obtained from Losey and Wehrli (2013). The
probability that a mudflow could occur was estimated based on precipitation thresholds
obtained by using the empirical intensity‐duration function for sub‐alpine regions
proposed by Zimmermann et al. (1997):

p𝐜ℓ ,

where p𝐜ℓ ,

32 ∙ τ𝐜ℓ ,

.

(E‐6)

is the precipitation threshold in mm/hour and τ𝐜ℓ , is the duration of the

rainfall event until time 𝑡 at the potential mudflow location 𝐜ℓ . For each potential mudflow
location, the respective precipitation values p𝐜ℓ, were extracted from the rainfall model
and used as points of comparisons. If the threshold was exceeded (∑ ∈

𝐜ℓ ,

p𝐜 ℓ ,

p𝐜 ℓ ,

)

at a given time step, a probability of being triggered was assigned to the event, based on
the slope factor of safety (𝐹𝑆) (Skempton & Delory, 1957):

The elevation data contained in the raster files were used to determine the mudflow volume [m3]
deposited on road sections/subsections.

76
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c

FSℓ,

c

m ∙γ
γ
γ ∙ z ∙ sin S

∙ z ∙ cos S
∙ cos S

∙ tan φ

(E‐7)

where c and c are the cohesion of soil and roots respectively, γ is the specific weight of
soil, m
z /z is the fraction between water table depth z at time t and the soil depth
z , γ is the specific weight of water, S
is the slope angle, and φ is the angle of internal
friction. The water table depth z is composed of the initial water table depth z and the
additional depth ∑ ∈
p𝐜ℓ, . All values can be assumed to correspond to the potential
𝐜ℓ ,

mudflow location 𝐜ℓ , and therefore to mudflow ℓ. Based on probabilistic input parameters
(Table E‐1), a Monte Carlo scheme was used to generate j 100,000 FS values. This dataset
was then used to derive the triggering probability (ℙ ℓ|t

∑𝟙

ℓ,

).

The volume Vℓ of each mudflow was estimated by taking into account the runout length
R ℓ of the fan using an empirical relationship proposed by Rickenmann (1999):

Vℓ

Rℓ
15

(E‐8)

The increase in elevation per raster cell was calculated by dividing the mudflow volume
by the area of the fan. The output of the model was a time series of raster files 𝐋 , whose
raster cell values corresponded to the additional elevation caused by the mudflows.
Calibration:
Historical records of rainfall intensity and triggered mudflows were used to calibrate the
triggering probability of these events. The pre‐calculated mudflow locations and
geometries were compared with observations from different test areas and qualitatively
evaluated by experts [see Losey and Wehrli (2013)].
Assumptions and limitations:
 The intensity‐duration function and a probabilistic infinite slope model could
describe the triggering of mudflows.
 This approach was limited to the modification of predefined potential mudflow
locations and geometries. New events could not be produced.
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Table E‐1. Probabilistic inputs for mudflow triggering
Sym.

Description

Distr.

Values

Unit

c

cohesion of soil

Norm

5.04, 2.18

kPa

c

cohesion of roots

Norm

3.41, 2.36

kPa

γ

specific weight of soil

Unif

18, 33

kN/m3

γ

specific weight of water

Det

9.81

kN/m3

z

soil depth

Unif

0.1, 1.5

m

slope angle

Unif

35, 65

Deg

Norm

30, 5

Deg

S
φ

E.2.5.

angle of internal friction

Object fragility

E.2.5.1. Bridge local scour
Inputs:
Q , – Hydrograph for river station r near the bridge of interest B as a function of time
[m3/s].
Outputs:
𝐃𝐒
– Time series of damage state exceedance probabilities considering cumulative
damages for bridges due to local scour.
Resources:
DEM – Raster file containing the terrain’s elevation (digital elevation model) [m] to extract
the river geometries.
e – Objects (i.e., bridges B) with associated properties such as type of bridge and number
of piers.
Process:
Empirical relationships from Arneson et al. (2012) were used to quantify the excavated
depth h , , of an object e B located near river station r due to local scour at time t:
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h

,

,

2.0 ∙ κ ∙ κ ∙ κ ∙ h

,

∙

a
h

.

∙

,

v

.

,

g∙h

(E‐9)

,

where the κ parameters are corrective coefficients, and a
represents the pier width of
bridge B. The relationship between the flow depth directly upstream of the pier h , , mean
velocity of flow directly upstream of the pier v

and discharge Q

,

,

is given in Section

E.2.3. Based on probabilistic input parameters found in Hackl et al. (2016), a Monte Carlo
scheme was implemented to generate 100,000 scour depths h , , and to analyze the
∑𝟙

probability of damage exceedance (ℙ

,

,

,

).

This dataset was then entered into a maximum likelihood estimation function to generate
fragility functions for the four damage states given in Table 4‐1 with respect to flow
discharge Q , . The functions followed log‐normal relationships:

ℙS

s |Q

,

Φ

lnQ

,

μ

σ

(E‐10)

where S represents a realized damage state, s represents a possible damage state i ∈
0,1,2,3 , and Q , represents the hazard intensity measure at river station r near bridge B
at time t. The derived fragility parameters, namely μ

and σ , for bridge local scour

damage states are given in Table 4‐2.
Assumptions and limitations:
 Only local pier scour was assumed while scour at the embankments was neglected.
 The scour process was only determined by the discharge values (i.e. flow
properties).
 Sediment transport was not (directly) considered in the scour depth calculation.

E.2.5.2. Road section inundation
Inputs:
𝐈 – Time series of inundation fields, where each raster cell value i𝐜, represented the
floodwater depth above ground [m].
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Outputs:
𝐃𝐒
– Time series of damage state exceedance probabilities considering cumulative
damages for road sections/subsections due to inundation.
Resources:
n – Section/subsections of the objects with associated properties such as the type of road.
Process:
The fragility functions were constructed assuming that (a) the general width of high‐speed
(major) roads was 12 m and that of local (minor) roads was 6 m, (b) all pavements had a
sub‐base, with major roads having a sub‐base twice as thick as that of minor roads, (c)
major road layers were considered to always be thicker than local road layers, (d) one day
of inundation could compromise the performance of the subgrade layer (Roslan et al.,
2015), and (e) any amount of traffic on a road section with a compromised subgrade layer
would result in reconstruction. Log‐normal fragility functions were fitted based on three
additional assumptions:


The sub‐base of a linear meter of major road section can store 0.35 m3 of water
(Walsh, 2011), leading to assume that inundation depths below 2.92 cm caused
problems to major road sections with 5% probability (the same threshold for minor
road sections was set to 1.46 cm).



An inundation depth of 30 cm is the average depth at which passenger cars start
to float, which implies that objects as heavy as passenger cars can be transported
throughout the road network, leading to assume the collapse of the drainage
function and significant damages to various road elements in addition to making
the subgrade vulnerable with 95 percent probability.



The median inundation depth values of the fragility functions arbitrarily increase
by 5 cm as the damage states increase, with median values of major roads higher
by 10 cm than those of local roads to illustrate that pavement thickness is a
vulnerability factor, as indicated by Z. Zhang, Wu, Martinez, and Gaspard (2008)
and acknowledge that major roads undergo a more rigorous design process than
local roads.
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Table 4‐2 shows the parameters of the fragility function when inundation depth was used
as an intensity measure. Such depth was associated with the need to clean up a given road
section, damages to selected elements, and the eventual loss of the subgrade.
Assumptions and limitations:
 Other modes of failure, in particular, the blockage of drainage, delamination,
erosion and washed out elements can be associated with runoff flow. Although
important to model, these phenomena were not included in the model, but should
certainly be considered in the future.

E.2.5.3. Road section mud‐blocking
Inputs:
𝐋 – Time series of mudflow fields, where the raster cell values l𝐜ℓ , represented the
additional elevation caused by the mudflows [m]77.
Outputs:
𝐃𝐒
– Time series of damage state exceedance probabilities considering cumulative
damages for road sections/subsections due to mud‐blocking.
Resources:
n – Section/subsections of the objects with associated properties such as the type of road.
Process:
As part of a survey conducted by Winter et al. (2013), experts assigned damage state
exceedance probabilities to debris flow volumes for specific damage states and road
categories (i.e., major roads and minor roads). Volumes were understood to intersect a road
section of 500 m. Experts also provided a score representing their level of expertise.
This dataset was used to derive fragility functions for road section mud‐blocking. For every
combination of damage state and road category, four expert responses were randomly
sampled from the survey dataset. This process resulted in different scenarios of
relationships between debris flow volumes and damage state exceedance probabilities.

The elevation data contained in the raster files were used to determine the mudflow volume [m3]
deposited on road sections/subsections.

77
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These sampled relationships, along with the recorded expertise level scores, were entered
into a maximum likelihood estimation function to generate the parameters of the fragility
functions given in Table 4‐2.
Assumptions and limitations:
 The results of the survey by Winter et al. (2013), focused on debris flow, could be
used for determining a relationship between mudflows and road sections.

E.2.6. Object functionality
E.2.6.1. Capacity reduction
Inputs:
𝐃𝐒
– Time series of damage state exceedance probabilities considering cumulative
damages for road sections/subsections due to mud‐blocking.
𝐃𝐒
– Time series of damage state exceedance probabilities considering cumulative
damages for road sections/subsections due to inundation.
𝐃𝐒
– Time series of damage state exceedance probabilities considering cumulative
damages for bridges due to local scour.
Outputs78:
〈λ〉 , – Time series of expected capacity reduction for bridges with scoured piers,
inundated road sections/subsections and mud‐blocked road sections/subsections.
Resources:
n – Section/subsections of the objects with associated properties such the road type.
Process:
The expected capacity reductions were determined as functions of time‐dependent
damage state probabilities79 DS

,

and capacity reduction values λ

,

associated with

section/subsection n and the investigated damage states s (i ∈ 0,1,2,3 ) (see Table 4‐3):

78 The content presented in this section is applicable to bridges as well. The estimation of 〈λ〉
,
follows the same process as the estimation of 〈λ〉 , .
79 Damage state probabilities DS
, are obtained from the set of damage state exceedance probabilities
𝐃𝐒 (i.e., DS ,
DS ,
DS , ).
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〈λ〉

λ

,

,

∙ DS

,

(E‐11)

where 〈λ〉 , ∈ 0,1 is the expected capacity reduction of a specific section/subsection n at
a specific time t in the simulation.
Assumptions and limitations:
 The estimated loss values λ

,

were obtained from a survey conducted by D’Ayala

et al. (2015). The most conservative values were selected whenever possible. For
bridge local scour, the survey had a range of answers for a general bridge local
scour category, which did not necessarily match the proposed damage state
functions of this work.

E.2.6.2. Speed reduction
Inputs:
𝐈 – Time series of inundation fields, where each raster cell value i𝐜, represented the
floodwater depth above ground [m].
Outputs:
〈ϕ〉 , – Time series of speed reduction for inundated road sections/subsections.
Resources:
n – Section/subsections of the objects with associated properties such as maximum allowed
speed.
Process:
During the hazard event period, the relationship between inundation depths and feasible
speed of vehicles on the road was derived from the data presented by Pregnolato et al.
(2017). An exponential function was fitted to these data to describe the limit vehicle speed
in a road as a function of inundation depth.

v

,

i𝐜

,

v

∙e

.

∙

,
0,

𝐜 ,

for i𝐜 ,
30 cm
otherwise

(E‐12)
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where v , is the maximum acceptable velocity that ensures safe control of a vehicle
through section/subsection n at time t when considering the inundation depth i𝐜 , , and
v
is the maximum allowed speed on any road. The functional loss due to speed
reduction for a section n at time t, was determined by:

〈ϕ〉

max 0, v
,

v
v

,

i𝐜

,

(E‐13)

where 〈ϕ〉 , ∈ 0,1 is the expected speed reduction at a specific section/subsection n at
time t in the simulation and v
is the maximum allowed speed on section/subsection n.
Assumptions and limitations:
 The maximum allowed speed v
in Equation (E‐12) was set to be 120 km/h.
 No distinction was made between different types of vehicles (e.g., cars, trucks,
etc.).

E.2.7. Object restoration needs
Inputs:
𝐃𝐒
– Time series of damage state exceedance probabilities considering cumulative
damages for road sections/subsections due to mud‐blocking.
𝐃𝐒
– Time series of damage state exceedance probabilities considering cumulative
damages for road sections/subsections due to inundation.
𝐃𝐒
– Time series of damage state exceedance probabilities considering cumulative
damages for bridges due to local scour.
Outputs80:
〈c〉 , – Time series of the expected restoration costs [CHF] for bridges with scoured piers,
inundated road sections/subsections and mud‐blocked road sections/subsections.
〈λ〉 , – Time series of the expected capacity reduction during restoration intervention for
bridges with scoured piers, inundated road sections/subsections and mud‐blocked road
sections/subsections.

The content presented in this section is applicable to bridges as well. The estimation of 〈λ〉
〈c〉 , , 〈τ〉 , follows the same process as the estimation of 〈λ〉 , , 〈c〉 , , 〈τ〉 , , respectively.

80

,

,

313

〈τ〉

, – Time series of the expected restoration times [hours] for bridges with scoured piers,
inundated road sections/subsections and mud‐blocked road sections/subsections.

Resources:
𝒞

,
,

– Set of direct cost parameters including fixed costs c

and variable costs c

,
,

for

the restoration of bridge local scour, road section inundation and road section mud‐
blocking (see Table 4‐4).

Process:
For each section n in a damage state s (i ∈ 0,1,2,3 ), a restoration intervention was
assigned. Associated with each intervention were (a) the capacity losses due to the
execution of the intervention λ , , (b) the length of time required to execute the
intervention τ

0, and (c) the cost of the intervention c

,

of a fixed part c

,
,

(e.g., site setup) and a variable part c

,
,
,

0. This cost was composed
(e.g., CHF/m2 of pavement,

CHF/m3 of concrete). Based on the derived time series of damage state probabilities81 DS
expected capacity reduction during restoration 〈λ〉 , , the expected restoration costs 〈c〉
and durations 〈τ〉 , for each section were calculated.

〈λ〉

〈c〉

λ

,

c

,

〈τ〉

,

,

,
,

c

τ

,

∙ DS

,

,
,

∙ DS

∙ DS

,

,

,
,

(E‐14)

,

(E‐15)

(E‐16)

Assumptions and limitations:
 Although multiple restoration strategies might be possible (e.g., putting more
effort into the restoration of critical objects), it was assumed that only one strategy
with expected costs and restoration time was implemented.

81 Damage state probabilities DS
𝐃𝐒 (i.e., DS ,
DS ,
DS , ).

,

are obtained from the set of damage state exceedance probabilities
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E.2.8. Network
Inputs:
〈c〉 , – Time series of the expected restoration costs [CHF] for bridges with scoured piers,
inundated road sections/subsections and mud‐blocked road sections/subsections.
〈λ〉 , – Time series of expected capacity reduction for bridges with scoured piers,
inundated road sections/subsections and mud‐blocked road sections/subsections.
〈λ〉 , – Time series of the expected capacity reduction during restoration intervention for
bridges with scoured piers, inundated road sections/subsections and mud‐blocked road
sections/subsections.
〈ϕ〉 , – Time series of speed reduction for inundated road sections/subsections.
〈τ〉 , – Time series of the expected restoration times [hours] for bridges with scoured piers,
inundated road sections/subsections and mud‐blocked road sections/subsections.
𝐑 – Restoration program, defining when each damaged object is to be restored.
Outputs:
𝐆 – A time series of routable network graphs that can be used for traffic assignment.
〈c〉 , – Time series of the expected restoration costs [CHF] for objects e.
〈λ〉 , – Time series of the expected capacity reduction for objects e.
〈λ〉 , – Time series of the expected capacity reduction during restoration intervention for
objects e.
〈ϕ〉 , – Time series of the expected speed reduction for objects e.
〈τ〉 , – Time series of the expected restoration times [hours] for objects e.
Process:
The road network was modeled as a graph 𝐆
𝓥, 𝓔 composed of 1520 vertices (i.e., 37
centroids, 1056 junctions, and 427 changes in road geometric features) and 3202 directed
edges e ∈ 𝓔, also referred to as links or objects.
An aggregation routine of subsectionsʹ functional losses was implemented82, which
computed the expected functional loss at an edge level by identifying the maximum
expected functional loss of the subsections that are part of the edge. The functional loss
related to road capacity reduction 〈λ〉 , for an edge e at time t, was determined by83:

82
83

The aggregation routine considered multiple types of hazards as specified in Chapter 3.
The estimation of 〈λ〉 , follows the same process as the estimation of 〈λ〉 , .
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〈λ〉

max 〈λ〉

,

(E‐17)

,

∈

where 〈λ〉 , is the expected capacity reduction of a specific section/subsection n ∈ e. At the
same time, the functional loss due to speed reduction 〈ϕ〉 , for an edge e at time t was
determined by:
〈ϕ〉

max 〈ϕ〉

,

∈

,

(E‐18)

where 〈ϕ〉 , is the expected speed reduction for a specific section/subsection n ∈ e. The
restoration cost 〈c〉 , and time 〈τ〉 , for an edge e at time t were determined by:

〈c〉

,

〈c〉

,

(E‐19)

〈τ〉

,

(E‐20)

∈

〈τ〉

,
∈

where 〈c〉 , and 〈τ〉 , are the expected restoration cost and time for a specific
section/subsection n ∈ e, respectively.
Assumptions and limitations:
 The section with the worst condition determined the condition of the
corresponding object (i.e., a weakest link approach).
E.2.9.

Traffic

Inputs:
𝐆 – Time series of routable network graphs that can be used for traffic assignment.
〈λ〉 , – Time series of the expected capacity reduction for object e.
〈ϕ〉 , – Time series of the expected speed reduction for object e.
Outputs:
𝒫 , – Time series of od‐paths where no flow is possible84.

84

The number of missed trips can be derived from this variable.
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– Time series of travel time for each edge e in the network.
t ,
x , – Time series of traffic flow for each edge e in the network.
Resources:
𝐨𝐝 – Origin‐destination matrix of the area.
Process:
The traffic flow x , for edge e at time t was estimated by solving the user equilibrium
assignment in Equation (E‐21) subjected to Equations (E‐22) and (E‐23).

x

,

∈ min

,

C

ω dω

(E‐21)

subjected to
f
∈𝒫

f

P

P

, ∀od

d

(E‐22)

,

0, ∀P ∈ 𝒫

,

, ∀od

(E‐23)

where
x

f

,
∈ ∈𝒫

P

(E‐24)

,

where f P is the function to estimate the flow between origin o and destination d on path
P. While 𝒫 , refers to the set of od‐paths where some flow is still possible, 𝒫 , refers to
the set of od‐paths where no flow is possible. The demand constraints Equation (E‐22) state
that the flow on a given od‐path has to equal the demand d
0, for all od. The non‐
negativity constraints in Equation (E‐23) are required to ensure that the solution of the
program will be physically meaningful.
In terms of the cost function C
, which estimates the travel time t ,
through edge e
at time t when using the corresponding traffic flow as an input, has been defined using the
formulation proposed by the Bureau of Public Roads (1964):
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C

x

,

≔

t
1

,

〈ϕ〉

∙ 1
,

α ∙

1

x ,
〈λ〉 , ∙ y

,

(E‐25)

is the initial free flow travel time, 〈ϕ〉 , is the expected speed reduction, α
where t ,
and β are parameters for calibration, with typical values α =0.15 and β =4, 〈λ〉 , is the
expected capacity reduction, and y , is the initial edge capacity.
Calibration:
Data from traffic count stations in the study area were used to calibrate the initial traffic
assignment (i.e., before the hazard events occurred).
Assumptions and limitations:
 A static user equilibrium traffic assignment model, based on the Bureau of Public
Roads function could be used to simulate traffic flow conditions. Although this
model is mathematically simple, computationally inexpensive and widely used in
literature, it has limitations when representing traffic flow (e.g., it is assumed that
travelers have full knowledge of the traffic conditions, which is clearly not the
case). Also, it does not account for changes in the travel pattern after a disruptive
event although studies show that this behavior can be considerably different from
that exhibited before a disruptive event.

E.2.10. Restoration
Inputs:
𝒫 , – Time series of od‐paths where no flow is possible85.
〈λ〉 , – Time series of the expected capacity reduction during restoration intervention for
objects e.
〈τ〉 , – Time series of the expected restoration times [hours] for objects e.
Outputs:
𝐑 – Restoration program, defining when (t) each damaged object (e) is restored and the
assigned work crew.

85

The number of missed trips can be derived from this variable.
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Resources:
x , – Initial traffic flow on the network.
Process:
1. All edges with functional capacity losses greater than 10% were labeled as “objects
in need of restoration”.
2. All edges with a need of restoration were ranked according some prioritization
criteria. First, edges which disconnect parts of the network (e ∈ 𝒫 , ) were
3.

restored. Afterwards, edges with high initial traffic flows x , were prioritized.
The expected restoration durations max 〈τ〉 , for the edges were assigned.

4.

Available work crews were assigned to the top ranked edges. The capacity of the
edges under restoration was set to max 〈λ〉 , .

5.

Once an edge was restored [i.e., after a corresponding period max 〈τ〉

6.

removed from the list of “objects in need of restoration”.
A work crew was assigned to the next object in the ranking (iterate steps 4 through
6).

,

], the edge

Assumptions and limitations:
 Objects were restored only if the capacity loss was greater than 10% otherwise, it
was assumed that the objects were restored during their normal maintenance
process.
 Only one work crew could repair an object (i.e., multiple work crews working on
the same object was not supported).

E.2.11. Direct and indirect costs
E.2.11.1. Direct costs
Inputs:
〈c〉 , – Time series of the expected restoration costs [CHF] for objects e.
Outputs:
C – Expected direct cost for restoring damaged objects.
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Process:
Only restoration costs were considered as direct costs. The overall expected direct cost C
was the sum of the expected direct costs for each intervention executed. It was assumed
that the selected restoration program did not affect intervention costs.

C

max 〈c〉

,

(E‐26)

Cost estimates were based on Staubli and Hirt (2005) and from a survey conducted by
D’Ayala et al. (2015). For each object type and damage state, a restoration strategy was
derived, and for each strategy, cost and duration values were approximated (Table 4‐4).
Assumptions and limitations:
 Costs taken from the literature were adjusted to 2017 price levels.
 Variable costs were only dependent on the length of the edge.

E.2.11.2. Indirect costs
Inputs:
𝒫 , – Time series of od‐paths where no flow is possible86.
𝒫

,

– Time series of od‐paths where flow is possible.

– Time series of travel time for each edge e in the network.
t ,
x , – Time series of traffic flow for each edge e in the network.
Outputs:
C – Expected indirect cost due to prolongation of travel time and missed trips.
Resources:
𝒞 – Set of indirect cost parameters including: the value of travel time (ξ), the mean fuel
consumption (F), the mean fuel price (ζ), operating costs excluding fuel (ρ), and the value
of a missed trip (ε).
l – The length of each edge e in the network
t ,
– The initial travel time on the network.

86

The number of missed trips can be derived from this variable.
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x

,

– The initial traffic flow on the network.

Process:
The indirect costs were comprised of costs for the temporal prolongation of travel and costs
due to a loss of connectivity. The overall indirect costs C were measured as the difference
between indirect costs at time t and the indirect costs at time 0 when the network was fully
functional.
C

,

C
∈𝒫

x

,

C

,

𝒫

(E‐27)

,

,

where C , is a cost function dependent on the edge traffic flow x , through edge e at time
t, where edge e is part of the set of feasible od‐paths 𝒫 , at time t, and C , is a cost function
dependent on a loss of connectivity, which is determined based on the set of unfeasible
paths 𝒫 , at time t.
Temporal prolongation of travel. The cost function attributed to traffic flow included sub‐
functions to estimate the costs related to travel time C , and vehicle operation C , .
C

,

x

,

C

,

x

C

,

,

x

(E‐28)

,

Travel time costs. These costs were estimated based on the increased amount of time
people spent traveling, which was linked directly to the flow on an edge.
C

,

x

t

,

∙x

,

,

t

,

∙x

,

∙ ξ

(E‐29)

is the travel time on edge e at time t in hours and ξ was the value of travel
where t ,
time. Based on the work of the Swiss Association of Road and Transport Experts (VSS,
2009b), ξ was assumed to be 23.02 CHF/hour per vehicle.
Vehicle operation costs. [These costs] were incurred as a result of fuel consumption and
vehicle maintenance.
C

,

x

,

x

,

x

,

∙ l ∙ ζ∙F

ρ

(E‐30)
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where l is the length of edge e, ζ is the mean fuel price (1.88 CHF/liters), F is the mean fuel
consumption (6.7 liters per 100 km per vehicle), and ρ is the operating cost excluding fuel
(14.39 CHF/100∙veh‐km) (VSS, 2009a).
Loss of connectivity. The costs due to a loss of connectivity were estimated based on the
unsatisfied demand per time t and the resulting costs due to a loss caused of the missed
trips.

C

,

𝒫

f

,
∈𝒫

P ∙ ε

(E‐31)

,

where f is a function used to estimate the demand on a given path P for a specific origin‐
destination od, and ε is the monetary loss due to missed trips (i.e., cost of lost labor
productivity per hour). The missed trip cost was assumed to be 83.27 CHF for every time
step of simulation during the hazards event period and 666.16 CHF for every simulation
time step (i.e., eight times 83.27 CHF) for every simulation time step during the restoration
period.
Assumptions and limitations:
 Business interruptions and other indirect costs were not considered.

E.3.

Nomenclature

Please refer to Appendix A.

E.4.

System evolution

Please refer to the original supplement file of Hackl et al. (2018), which can be accessed
through https://doi.org/10.5194/nhess‐18‐2273‐2018‐supplement.
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Appendix F
Example (Chapter 8)
F.1.

System performance

Figure F‐1. System performance for scenario 1
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Figure F‐2. System performance for scenario 2

Figure F‐3. System performance for scenario 3
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Figure F‐4. System performance for scenario 4

Figure F‐5. System performance for scenario 5

326

Figure F‐6. System performance for scenario 6

Figure F‐7. System performance for scenario 7
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Figure F‐8. System performance for scenario 8

Figure F‐9. System performance for scenario 9
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Figure F‐10. System performance for scenario 10

F.2.

Instances of inadequate system performance per time step

Figure F‐11. Instances of inadequate system performance per time step for scenario 1
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Figure F‐12. Instances of inadequate system performance per time step for scenario 2

Figure F‐13. Instances of inadequate system performance per time step for scenario 3
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Figure F‐14. Instances of inadequate system performance per time step for scenario 4

Figure F‐15. Instances of inadequate system performance per time step for scenario 5
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Figure F‐16. Instances of inadequate system performance per time step for scenario 6

Figure F‐17. Instances of inadequate system performance per time step for scenario 7
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Figure F‐18. Instances of inadequate system performance per time step for scenario 8

Figure F‐19. Instances of inadequate system performance per time step for scenario 9
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Figure F‐20. Instances of inadequate system performance per time step for scenario 10

F.3.

Missed trips ratios

Figure F‐21. Missed trips ratios for scenario 1
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Figure F‐22. Missed trips ratios for scenario 2

Figure F‐23. Missed trips ratios for scenario 3
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Figure F‐24. Missed trips ratios for scenario 4

Figure F‐25. Missed trips ratios for scenario 5
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Figure F‐26. Missed trips ratios for scenario 6

Figure F‐27. Missed trips ratios for scenario 7
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Figure F‐28. Missed trips ratios for scenario 8

Figure F‐29. Missed trips ratios for scenario 9
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Figure F‐30. Missed trips ratios for scenario 10

F.4.

Durations of the restoration period

Figure F‐31. Durations of the restoration period for scenario 1
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Figure F‐32. Durations of the restoration period for scenario 2

Figure F‐33. Durations of the restoration period for scenario 3
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Figure F‐34. Durations of the restoration period for scenario 4

Figure F‐35. Durations of the restoration period for scenario 5
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Figure F‐36. Durations of the restoration period for scenario 6

Figure F‐37. Durations of the restoration period for scenario 7
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Figure F‐38. Durations of the restoration period for scenario 8

Figure F‐39. Durations of the restoration period for scenario 9
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Figure F‐40. Durations of the restoration period for scenario 10
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Appendix G
Curriculum vitae
This section is only available in the printed version of this manuscript.

