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Disaster resilient civil infrastructure systems are essential for disaster resilient
communities. Measuring the resilience of these systems is the first step towards their
improvement. This, however, is not easy: civil infrastructure systems are highly
complex, operate in different ways, and are affected differently in different disasters.
Adding to the complexity are the interdependencies among different systems. The Re-
CoDeS framework for quantifying disaster resilience measures the lack of resilience of
asystem (e.g:, a community) as the amount of the system’s unmet demand for a
considered resource or service over the resilience assessment interval. This paper
extends the Re-CoDeS framework by considering component interdependencies using
a demand/supply approach: whenever the demand of a component is not met by the
currently available supply capacity of the system, that component ceases to operate and
its supply capacity decreases. Interdependency relations among components can change
during the resilience assessment interval as the components’ functionality recovers
following a disaster. The proposed iRe-CoDeS framework is demonstrated on a virtual
community served by three interdependent civil infrastructure systems producing five

types of resources and services.
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Introduction

The ability of civil infrastructure systems (CISs) to provide services during their lifetime is
often challenged by extreme events, such as natural disasters, that can cause an abrupt
decrease in their service-delivering performance. Increasing the disaster resilience of these
systems is adopted by government agencies, owners, and infrastructure managers worldwide
as the preferred strategy to improve the ability of communities to overcome disasters
(Brunner & Giroux, 2009; OECD, 2019; PPD-8, 2011). Resilience can be defined as the
system’s ability to anticipate, absorb and adapt to events potentially disruptive to its function,
and to recover either back to its original state orto an adjusted state based on new post-event
conditions (Didier, Broccardo, Esposito, & Stojadinovi¢, 2018a; OECD, 2019; PPD-8, 2011).
Community disaster resilience has to be quantified so that different strategies for its
improvement can be compared and evaluated (McAllister et al., 2019). Researchers affiliated
with the Multidisciplinary Centre for Earthquake Engineering Research (MCEER) proposed a
framework to quantify seismic resilience of a community using a measure of community’s
function provision over time after an earthquake (Bruneau et al., 2003). The so-called
resilience triangle, tracing the loss and recovery of a community function over time, became
an emblematic illustration of community resilience. Key community functions, such as
provision of electric power, potable water and communications, are provided by its CISs:
thus, it is important to define and assess the performance of community’s CISs after a
disaster. The principal hindrance to this assessment is the interaction among community’s
CISs: lack of function of one CIS can be detrimental to the performance of other CISs
(Kroger, 2008). Hence, to better quantify community disaster resilience, all of its
interdependent CISs have to be considered as a system of systems at the community level.
This paper begins with a review of the state-of-the-art in quantification of disaster

resilience of communities with interdependent CISs. Then, an extension of the Resilience —



Compositional Demand/Supply (Re-CoDeS) quantification framework (Didier, Broccardo, et
al., 2018a; Didier, Broccardo, Esposito, & Stojadinovi¢, 2018b; Didier, Sun, Ghosh, &
Stojadinovic, 2015) that accounts for dynamic interdependencies among CISs, iRe-CoDeS, is
presented. Finally, the iRe-CoDeS framework is used to quantify the disaster resilience of a
virtual community with 3600 inhabitants who occupy the community building stock and are

supplied by three interdependent CISs that produce five types of services and resources.

Quantification of Community’s CIS Disaster Resilience

Based on the MCEER community resilience framework (Bruneau et al., 2003), various
models and methods to quantify the disasterresilience of a community and its CISs have
been proposed (Hosseini, Barker, & Ramirez-Marquez, 2016). Such models consider either
the entire life-cycle of an infrastructure system, accounting for several disasters that can
occur during the lifetime of the system (Yang & Frangopol, 2019), or the relatively shorter
recovery period, spanning from several months to several years after a disaster. This study
focuses on the latter. For example, Reed et al. (Reed, Wang, Kapur, & Zheng, 2016) define
the inoperability of a CIS as the ratio of the number of customer outages over the total
number of customers following a weather-related disaster. He and Cha (He & Cha, 2018) use
network performance measures, such as connectivity measures and efficiency metrics, to
quantify the connectedness and flow efficiency of a CIS network and describe the operability
of'a CIS after a disaster. Moslehi and Reddy (Moslehi & Reddy, 2018) assess monetary
losses to measure system’s performance. They calculate the resilience index by comparing
the actual monetary loss to the maximal possible monetary loss due to the inoperability of a
system during the recovery period. Fang and Zio (Fang & Zio, 2019) define the performance
of a CIS as the ratio between the satisfied demand and the required demand of all considered
nodes (i.e., users). Sharma et al. (Sharma, Tabandeh, & Gardoni, 2017) introduce the

cumulative resilience function to describe the recovery process. Using concepts from



probability theory, they draw an analogy between the cumulative distribution function and
the cumulative resilience function and use the mean and the standard deviation of the
cumulative resilience function to define the center of resilience and the resilience bandwidth.
These two quantities measure system’s resilience and recovery dispersion, respectively.

In addition to measuring the performance of individual CISs during recovery after a
disaster, defining and simulating interdependencies among CISs is another crucial part in
assessing community disaster resilience. Dependency between two CISs is defined as “a
linkage or connection between two infrastructures, through which the state of one
infrastructure influences or is correlated to the state of the other” (Rinaldi, Peerenboom, &
Kelly, 2001). When such dependency is bidirectional, the two CISs are interdependent.
However, in literature, the term interdependency is often used both for unidirectional and
bidirectional dependencies between CISs (Rinaldi et al., 2001).

Kongar and Rossetto (Kongar & Rossetto, 2015) classified interdependency
modelling techniques into two categories: integrated and coupled. The main differences
between the two are the level and the resolution at which interdependency is modelled. The
integrated approach requires more input data, since the modelling is done at a low, CIS
facility or component, level. Coupled techniques model the interdependencies at the CIS
level, thus, requiring less data but also producing less accurate performance estimations.
However, these categories are not necessarily exclusive: combining different levels of
interdependency modelling is also possible (He & Cha, 2020). In fact, one of the biggest
challenges in modelling the behavior of interdependent CISs is the trade-off between model
complexity and computational efficiency. The model needs to be sufficiently detailed to
capture the relevant phenomena, but the increase of model complexity can lead to
implementation issues and high computational costs. Furthermore, the CIS data is often

gathered from multiple sources, and needs to be available, up to date and accurate (Roohi,



van de Lindt, Rosenheim, Hu, & Cutler, 2020). A comprehensive review of interdependency
modelling techniques is presented in (Ouyang, 2014).

Even though there is progress in modelling interdependent CISs, important issues still
need to be addressed to fully understand the recovery of such systems after a disaster. Some
researchers propose coupling values, importance levels or conditional probabilities to
describe the level of interdependency between two components (Guidotti et al., 2016; He &
Cha, 2018; Johansen & Tien, 2018; Poljansek, Bono, & Guti€rrez, 2012; Wang, Stanley, &
Gao, 2018). However, it is not always evident how to obtain specific coupling values or
conditional probabilities. Disasters do not occur frequently, and when they do, data collection
is usually not the first priority of the CIS operators or of the community. Therefore, post-
disaster data is often scarce and unreliable. CISs are also unique systems: their topologies,
operation, and components may vary significantly from one community to the other. Finally,
CISs evolve over time: their components degrade and are renewed, while expansions are
simultaneously implemented to meet new demands. Thus, generalizing from particular
examples is not straightforward.

Using links connecting two components or nodes of different CIS models is another
way to model interdependencies among CISs (e.g., Buldyrev, Parshani, Paul, Stanley, &
Havlin, 2010; Kong & Simonovic, 2019). These links are usually assumed to be static
throughout the recovery period. However, interdependencies among components can change
as the community is recovering. Yu and Baroud considered the dynamic and uncertain
interdependencies among components of different CISs using stochastic block models (Yu &
Baroud, 2020), where a CIS is modeled as a graph whose nodes are divided into blocks. The
probability of an interdependency link between two components is defined on the block level,
and hence, depends on the components’ block membership. Probability of forming an

interdependency link between components from two blocks is defined using a linear



combination of several parameters such as geographic proximity, physical connection and
social vulnerability.

Viewing interdependencies between CISs as links between components, might not be
sufficient to describe important phenomena occurring between interdependent CISs. For
example, a user can be linked to a certain electric power generator, the supplier. The loss of
functionality of this supplier does not, however, necessarily affect the user if there is a
different power generator that can supply the user, or if a mobile power generator that can
meet the demand of the user for electric power is readily available (Sun, Bocchini, &
Davison, 2020). In fact, a user requests a service or a resource, not a particular supplier.
Additionally, if a user is inoperable (e.g., due to its own damage, damage to its supply chain,
etc.) and cannot consume the resourees or services provided by a certain supplier, the unused
resources or services could be redirected to other users ready and able to consume them.
Moreover, such assumptions often neglect that one supplier may meet the demand of several

users, or that the demand of one user may be met by several suppliers.

Re-CoDeS Community Disaster Resilience Quantification Framework

The CIS interdependency model presented in this paper is based on the Re-CoDeS
community disaster resilience quantification framework (Didier et al., 2015; Didier,
Broccardo, et al., 2018a, 2018b). The Re-CoDeS framework quantifies the lack of resilience
(LoR) of a system as the amount of the unmet demand for the resource or service (R/S) the
considered system is producing over time. Examples of a R/S are electric power, potable or
cooling water and cellular communication. The number of R/Ss considered in a community
disaster resilience assessment is 7.

A system in the Re-CoDeS framework is defined as a set of components that
exchange R/Ss according to the system’s R/S distribution model. Thus, a system can be a

CIS, a subsystem of a CIS, a part of the community, or the entire community.



A component is the lowest level of system discretization considered in the Re-CoDeS
framework. With respect to R/Ss, a component can be: a supplier (e.g., a solar power plant
produces electric power, but does not demand any R/S from the system); be a user (e.g.,
inhabitants of a building stock unit demand electric power and potable water, but do not
supply the system with any R/S); be both a supplier of one R/S and a user of other R/Ss (e.g.,
a water pump supplies potable water, but demands electric power and communication

services to operate).

R/S demand model

The amount of a R/S that a component i € {1, ..., I} needs to operate at time ¢ is labelled

D; r/s(t), where I is the total number of components in the considered system. The system’s
demand for a R/S at time #, Dy g/5(t), is the aggregate sum of all component demands in the

considered system:

Dsys,R/S(t): Z Di,R/S(t) (1)
i€{T, 0}

Component demand for R/Ss changes over time: it might increase, decrease or stay
the same. For example, a decrease in demand for electric power may occur after an
earthquake because some building stock units are unoccupied due to damage. Similarly,
certain CIS components may be damaged and not functioning, annulling their R/S demands
until they are repaired. Examples of an increase in post-disaster demand are: an increase in
emergency calls taxing the Cellular Communication System (Didier, Baumberger, et al.,
2018); and an increase in water demand for firefighting (Scawthorn, 2020). Additionally,
population relocation (e.g., to emergency shelters), resource conservation measures (e.g.,
potable water saving measures), and different daily and seasonal demand patterns (e.g., less

water consumed during nighttime or in winter) can affect the demand for R/Ss.



R/S supply capacity model

The system’s supply capacity, S Scys’ r/s(t), is the amount of a R/S produced at time # by the
considered system. Similar to the system’s demand (Eq. [1]), the system’s supply capacity for
a R/S at time 7 is the sum of the supply capacities of all the components in the considered

system:

Sgys,R/S(t) = z SfR/S(t) (2)

i€{T,..1}

where SfR /s(t) is the supply capacity of a component i € {/, ..., I} supplying R/S at time .

R/S distribution model

To be consumed, R/Ss produced by the suppliers must be distributed to the users. However,
system’s ability to distribute R/Ss may be diminished after a disaster. Damage to distribution
networks, prioritization, conservation rules or safety measures can disturb or prevent R/S
distribution. Leaks or breaks in pipes can cause transfer losses, while disconnected electric
power transmission lines prevent electric power from reaching the users, even though electric
power plants may still be operational. Lastly, R/S supply available to a certain component
may also depend on its distribution priority: if a user has a high priority (e.g., a hospital), the
available R/S supply may be dispatched to that component first, neglecting other components.
The R/S distribution model @r/s describes the transfer of R/S between components

within a system. The amount of R/S available to a component 7 at time ¢ is:

SE () = rys (sz ss(se s S s, Curys (), -+, Crrpys (0, SEays (0, -+, S 5 (8, SEiafs () ) (3)

where I’ is the total number of components supplied before the considered component i. In

fact, S’z /s(t) depends on: the supply capacities of all components that can supply component



C

i with the considered R/S at time ¢ (SfR/S(t), ) S,,’R/S

(t)); the consumption of all

components that have a higher priority than the considered component i,

(Crrys(), ., Crrg /S(t)), that is, the amount of considered R/S consumed before it is
allocated to component 7; and the losses that occurred while transferring the R/S to other

components before reaching the considered component i (Sf [f,t/ (), .., S Ic,g /s (t),S lC ;zlfs ().

R/S consumption model

The amount of R/S consumed by component i at time £ is labeled C; g /s(t). It is the smaller of

the component R/S demand D; g/s(t) and the component R/S available supply Si'z s (t):

Cirys(t) = min( ir/s () Di,R/s(t)) (4)

The system-level consumption of a R/S at time ¢ is the sum of the R/S consumption of all of

its components:

Covsgs@® = ) Cinys(®) (5)

i€(1,...0}

Component damage and recovery models

The damage state of a component evolves during the system resilience assessment interval

T = [to, tr], where #9is the beginning and #ris the end of resilience assessment interval. All
components are assumed to be undamaged and fully functional at time #) when a disaster
happens. Damage states of each component immediately after the disaster are determined
using component vulnerability functions, conditional probabilities that a component suffered
a certain damage level conditioned on the intensity of the disaster at the location of the
component. Such functions link the intensity of a disaster at the location of the component to

its damage state. Components are repaired after a disaster at a certain repair rate, specific to



each component. The recovery process is represented by a decrease of component damage
state and a corresponding increase in component functionality, reflected in the evolution of
demand, supply capacity and consumption of components during the system resilience

assessment period. More details are available in (Didier, 2018).

R/S lack of resilience quantification

Disaster resilience of a system is quantified by tracing the post-disaster evolution of the
demand, supply capacity and consumption for a R/S within the system (Figure 1). Lack of
Resilience (LoR) is observed when the demand of a system for a R/S cannot be met by the
available supply. Disaster resilience is quantified using an integral system-level measure of

LoR defined as:

tr
LORsys,R/S = (Dsys,R/S(t) - Csys,R/S(t))dt (6)

to

Note that neglecting the evolution in R/S demand reduces the Re-CoDeS LoR metric to a loss
of supply capacity metric similar to the functionality metric proposed by MCEER (Bruneau
et al.,2003). Ignoring the evolution of R/S demand simplifies disaster resilience
quantification: the evolution of damage and repair of the R/S suppliers only is tracked.
However, abstracting R/S demand from CIS resilience assessment may be misleading since
the main purpose of such systems, to meet the current user demand for the R/S they produce,
is not considered. For example, focusing solely on supply leads to investing limited resources
and services in recovering the system that, once recovered, serves little or no purpose as the

users are not ready to consume the recovered supply capacity.
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Figure 1: Lack of Resilience of a system as defined in the Re-CoDeS compositional demand
Dsy s r/s(t), supply capacity S SCySIR Js(t) and consumption Cgy 5 r/s(t) framework (Didier,

2018)

iRe-CoDeS extension of the Re-CoDeS framework

An extension of the Re-CoDeS framework, iRe-CoDeS, to enable disaster resilience
quantification fora system-of-interdependent-systems (e.g., a community with
interdependent CISs), is presented in this section.

Re-CoDeS defines the demand of a component as a set of R/Ss that enable that
component to operate. Therefore, whenever this demand is not met by the system, the
component ceases to operate and perform its role in the considered system, reflected in the
decrease of its supply capacity. This is simulated in iRe-CoDeS by extending the system R/S
distribution model to simulate component interdependencies. Thus, iRe-CoDeS is a disaster

resilience quantification framework that views a system-of-interdependent-systems as an
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assembly of components whose ability to operate is constrained by their interdependencies,
simulated as a flow of resources and services among components using a demand/supply-
based approach.

The main elements of iRe-CoDeS are presented next, together with the extended
notions of R/Ss, components, localities, and the demand/supply-based dynamic

interdependency model.

Resources and Services (R/Ss)

iRe-CoDeS refines the Re-CoDeS notion of a R/S by further classifying it into a utility or a
transfer service. Utilities represent R/Ss supplied by CISs, while transfer services enable the

transfer of these utilities from a supplier to a user.

Components, localities and links

As in Re-CoDeS, a component is the lowest level of system discretization considered in the
iRe-CoDeS framework. Each component is characterized by its state, comprising its
instantaneous.demand, supply capacity and consumption values for each R/S, as well as its
instantaneous damage and functionality levels. A .component can supply and demand none,
one or several R/Ss.

Some components need utility R/Ss to operate. If the transfer of a utility from a
supplier to a user requires a distribution network, the demand for the corresponding transfer
service is assigned to the user component. Therefore, instantaneous component demand
values include the amounts of utility R/Ss a component needs to operate and the amounts of
transfer services needed to deliver utility R/Ss from a supplier to the component.

Component instantaneous R/S supply capacity, demand and consumption are affected
by its current damage and functionality levels. Component damage level quantifies the

damage state of a component throughout the resilience assessment interval and takes values
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ranging from 0 (no damage) to 1 (complete damage). As in Re-CoDeS, a component damage
level is set immediately after a disaster using that component’s vulnerability function, and is
decreased during recovery at that component’s repair rate. Component functionality level
describes how much of the component’s function has been lost due to damage and recovered
due to repairs after a disaster. Functionality level of a component varies between 0 (no
functionality) to 1 (full functionality).

The relation between component’s damage and its functionality level are defined
using functions. For example, a component with a binary damage-functionality function has a
functionality level of 1 if the damage level is 0y and a functionality level of 0 otherwise.
Functionality level of a component with a linear damage-functionality function increases
linearly as its damage level decreases due to repairs. Other component behavior types can be
constructed in iRe-CoDeS by defining the above-stated functions as needed. The iRe-CoDeS
framework presented herein calculates the instantaneous supply capacity of a component as
the product of its current functionality level and its supply capacity at full functionality,
accounting for the drop in the supply capacity due to component damage. Meanwhile,
component demand is kept at its pre-disaster level as long as the functionality level is non-
zero, otherwise, the demand is set to zero.

The relation between the availability of R/Ss a component needs to operate and its
ability to supply R/Ss also needs to be defined: this is where the main aspect of component
interdependency is captured. A simple relation is assumed in the presented iRe-CoDeS
framework: a component ceases to operate if any of the R/Ss it needs to operate are not
available, reducing its R/S supply capacity to zero. Therefore, for a component to operate at
its current (non-zero) functionality level, all its R/S demands must be met in full. More

complex interdependency relations can be implemented as needed.
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A locality is a geographically localized unit that may contain none, one or more
components. A link is a component that provides a transfer service for a utility between two
localities. Two localities can be linked by none, one or several links.

A component in a locality can be an element of a facility (e.g., a power generator), a
facility (e.g., an electric power plant or a building occupied by its inhabitants), or an
assembly of facilities and buildings (e.g., a city). The transfer of utilities inside a locality is
unconstrained, i.e., the links inside a locality are abstracted. A neighborhood is an example
when such abstraction may be justified if the considered system is an entire city. The scope of
a locality depends on the desired level of spatial discretization of the system. At the highest
level of discretization, each component is in a separate locality, connected using links. On the
other hand, at the lowest level of discretization all components are in a single locality.

Links are components and behave in the same way: increase of link damage leads to a
decrease of link functionality level that leads to a dectease in transfer service supply capacity
of that link. Some links may need utility R/Ss to function. For example, a tunnel needs
electric power for lights and ventilation to function in a transportation system.

In the presented iRe-CoDeS framework, functionality of a link may be pre-
conditioned by functionality of a link carrier, e.g., a bridge carrying water pipes and
electricity cables. This functional dependency between the carrier and the carried link is
modelled using the demand/supply approach, too. Specifically, a bridge provides carrier
service to the links on the bridge. When damaged, the functionality level of a bridge is

decreased, reducing its supply capacity for carrier services.

Implementing the iRe-CoDeS system R/S distribution model

Different types of R/Ss are distributed using different methods. In the presented version of

iRe-CoDeS, transfer services are distributed by employing optimal path algorithms that
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identify transfer paths between localities to maximize the ability of the systems to transfer
R/Ss with respect to the available transfer service supply capacities of links. Utilities are
distributed among components following the R/S distribution algorithm presented next, the

main element of which is the System Matrix.

System Matrix

The System Matrix contains the state information for all system components, one row per
component. It is used to track the changes of the component states and the dynamics of the
system R/S distributions in each time step of the resilience assessment interval. The structure
of the System Matrix is used to increase the.computational efficiency of interdependency
modelling and LoR evaluation by vectorizing. An illustrative example presented in the
Appendix I shows a System Matrix of a simple five-component community (Figure A1 and

Table Al).

Utility R/S distribution algorithm

Once damage and functionality levels of components are set at the beginning of each time
step of the resilience assessment interval, the task of distributing the available transfer
services and utility R/Ss among the system components begins, one R/S at a time. When
utility R/Ss are distributed, the components (i.e., the rows of the System Matrix) are ordered
in decreasing priority for the utility R/S being distributed first, following the system R/S
distribution model (Eq. [3]). Starting at the top of the R/S distribution priority list, an attempt
1s made to satisfy the demand of each component for the distributed R/S using the supply of
that R/S from any one or more of the identified suppliers that have a higher priority than the
considered component (i.e., are in rows above the component in the System Matrix). If the
supply available to the component is higher or equal than its demand, the component

consumes the R/S it needs in full, and contributes to the system-level consumption of the
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distributed R/S Csy5 g/s(t) calculated using Eq. [S]. However, if this is not the case, the
component does not consume the R/S and ceases to operate, thus, the supply capacity of the
component is set to zero, simulating interdependency effects. This process is repeated until
the end of the R/S distribution list (i.e., the R/S distribution vector from Appendix I).

The amount of supply available to the component depends on the state of the R/S
distribution networks after a disaster. Therefore, the transfer service demand of a component
related to the transfer of the considered utility R/Ss is compared to the transfer service supply
capacity of the optimal path, consisting of one or several links, connecting the component and
the supplier. If the transfer service demand of such a utility R/S transfer is lower than the
transfer service supply capacity, the utility R/S is transferred and the component consumes
the utility R/S and continues to operate. Otherwise, the supply available to the component is
set to zero and the component ceases to operate, simulating interdependency effects. The link
damage and functionality states are accounted for, for example, to prevent distribution of EP
due to a fault in the Electric Power Transmission System (EPTS), or to reduce the amount of
PW transmitted due to leaks and breaks in the pipes of the Water Supply System (WSS). The
topology of the link network as well as the R/S flow laws are taken into account to find paths
between R/S suppliers and users. Different measures of path optimality can be used to assess
the paths, such as the path length or the amount of transfer losses accumulated along the path
in the presented iRe-CoDeS framework. An example sequence of distributions of utility R/Ss
in a five-component community (Figure A1) immediately after disaster-induced damage

(Table A1) is shown in Figure A2.

Demand/supply-based Interdependency modelling

Interdependency among components is modeled using component R/S demands (R/Ss needed
for its operation) that are supplied by components belonging to various community systems

(i.e., CISs). In the presented iRe-CoDeS framework, it is assumed that a component ceases to

16



operate if its demands for R/Ss required for its operation are not met in full, regardless of its
own damage. Consequently, the supply capacities of such components are set to zero.

Loss of operation due to interdependency, not due to direct damage, may lead to
inoperability of other components, causing an interdependency loop among components.
Such loops are accounted for in the presented iRe-CoDeS framework by repeatedly
distributing R/Ss among components inside a time step of the LoR assessment until the
system reaches a stable state, as explained later in this section. To efficiently allocate
computational time for such repeated R/S distributions it is necessary to identify
interdependent R/Ss — those R/Ss whose total supply capacity can change during
interdependency modelling. In this way, computational time is saved by not repeating R/S
distributions that cannot affect the total supply capacities of other R/Ss. For example, electric
power (EP) is an interdependent R/S, if the suppliers of EP, the electric power plants (EPPs),
demand other R/Ss to operate. Hence, when these demands are not met, the EP supply
capacity will change, increasing the LoR and potentially causing further interdependency
loops. An example of an independent (i.e., a non-interdependent) R/S is the potable water
transfer service, since the pipes supplying this service do not demand other R/Ss to operate.
Therefore, the potable water pipe supply capacity cannot change due to interdependency
effects. Thus, independent R/Ss are distributed only once in a time step of LoR assessment.

Two assumptions are made in the presented iRe-CoDeS framework to efficiently
account for interdependency feedback loops in a LoR assessment time step (Hefti, 2019;
Henken, 2019). First, the effect of interdependency loops is considered only in terms of R/S
supply capacity, not R/S demand. This ensures that, in a LoR assessment time step, the
supply capacity can only decrease while the demand cannot change due to interdependency
effects. Therefore, even though the supply capacities of a component are set to zero when its

demand for a certain R/S is not met, the R/S demands of the component remain in the System
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Matrix and in the LoR assessment for that LoR assessment time step. As components can
have demands for multiple R/Ss, this assumption allows the components inoperable due to
the unmet demand for one R/S to consume other R/Ss, potentially reducing the supply
available to lower-priority components. In effect, the sensing capabilities of the system are
assumed to be slower than the length of the LoR assessment time step. This assumption
resolves the causality present in an interdependency loop. Specifically, for a component that
needs several different R/Ss to operate, determining which-unmet R/S demand triggered the
interdependency loop requires an algorithm that does not depend on the order of R/S demand
checking. Such an interdependency modelling algorithm is explained later in this section.
Second, the interdependency loop is confined to a time step of the community LoR
assessment interval. Thus, inoperability of components due to an interdependency loop
occurring in a time step does not cause inoperability of components in the next time step.
Instead, the interdependency loop is examined anew in.each LoR assessment time step.
These two assumptions make it possible to model the interdependencies among
components of different CISs, as presented by the interdependency modelling algorithm in
Figure 2¢. At the beginning of each time step of community LoR assessment it is assumed
that the reduction of supply capacity and demand of a component is due only to its damage
state (i.e., the drop in the functionality level) as it stands in the recovery process, not due to
the unmet demand for one or more R/Ss it needs to operate. Therefore, it is assumed that all
demands of a component are met and that further R/S distributions can only decrease the
supply capacity of the system. Then, the total supply capacities of the system for each
interdependent R/S are calculated. They serve to identify when the demand/supply-based
interdependency modeling algorithm terminates (i.e., when the system reaches a stable state),
by comparing the total supply capacities before and after distributing interdependent R/Ss as

described in the next paragraph.
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The R/S distribution sequence (RSDS) defines the order in which the interdependent
R/Ss are distributed. The length of this sequence is equal to n; /s, the number of considered
interdependent R/Ss. The R/S distribution process starts with the first interdependent R/S,
following the order defined in the RSDS. If the demand of a component for that R/S is not
met during this distribution process (e.g., all the available R/S quantities are distributed to
higher-priority components), that component ceases operation and its supply capacity is set to
zero, while its R/S demands remain unchanged. The R/S distribution process continues with
the next R/S in the RSDS, accounting for the changes in the supply capacities of the
components examined previously, until the last R/S in the RSDS is distributed. If the R/S is a
utility, R/S distribution is performed using the System Matrix and the R/S distribution
algorithm. If the R/S is a transfer service, the R/S distribution is performed using optimal
path algorithms (Figure 2c¢).

However, the orderin which R/Ss are distributed, defined in the RSDS, is arbitrary.
One pass through the RSDS does not capture all possible permutations of the R/S distribution
order. This, in turn, means that some of the interdependency loop triggers may be missed. To
account for this, the RSDS is performed 7z s times in a row, defining a R/S distribution
vector (RSDV), where nZ /s 1s the length of the RSDV using the same RSDS and starting
always from the state of the community systems attained at the end of the previous R/S
distribution (Hefti, 2019). It can be shown by induction that such a concatenation of RSDSs
into an nZ /s-long sequence accounts for all possible permutations of the R/S distribution
order in each time step of the resilience assessment interval. Once R/Ss are distributed
according to the RSDV, the total supply capacities are calculated once again, and they are
compared to the total supply capacities before the R/S distributions defined in the RSDV.
When two consecutive RSDV runs result in the same total supply capacities of all

interdependent R/Ss, the demand/supply-based interdependency modelling algorithm stops:
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the system reached a stable state (i.e., a run through an RSDV, where all the possible ways in

which R/Ss can affect each other are considered, does not change the total supply capacities).

Compared to the original Re-CoDeS framework, iRe-CoDeS requires (nZ /s — Nir/s)

more R/S distributions at each time step of the LoR assessment interval to simulate the

interdependency effects, increasing the computational effort. Figure A2 in Appendix I

illustrates the application of the proposed demand/supply-based interdependency modelling

algorithm in a resilience assessment of a simple five-component community.
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Figure 2: iRe-CoDeS algorithm to quantify community disaster resilience (a); the “distribute

independent R/Ss” step of the iRe-CoDeS algorithm (b); and the demand/supply-based
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interdependency modelling algorithm (c) imbedded in the “distribute interdependent R/Ss”

step of the iRe-CoDeS community resilience assessment algorithm (a)

iRe-CoDeS resilience assessment algorithm

The algorithm for quantifying the post-disaster LoR of a system-of-interdependent-systems is
shown in Figure 2a. The inputs are system properties (component properties and system
topology) and the initial damage levels of the components induced by a disaster. The
recovery process is then simulated in a time-stepping loop by decreasing component damage
according to its repair rate. Each time step of the LoR assessment involves calculating the
current supply capacity and demand of all components based on their current damage levels,
distributing independent R/Ss to calculate their consumption, distributing interdependent
R/Ss and simulating interdependeney effects (as explained in the previous section), and,
finally, recovering the components by decreasing their damage level by their repair rate. The
distribution of transfer services (i.e., identifying optimal paths between localities) is done
before distributing utilities whose distribution réquires transfer services in both “distribute
independent R/S” and “distribute interdependent R/S” blocks (Figure 2). This procedure is
repeated at each time step until the system reaches a pre-defined recovery target (e.g.:
damage levels of all components are zero; functionality of certain CISs restored to post-

disaster target levels). The LoR for each R/S of the community is computed using Eq. [6].

Case study of a virtual community supplied by interdependent CISs

In the following section, disaster resilience of a virtual community supplied by three
interdependent CISs is quantified using iRe-CoDeS. The community consists of 20 localities,
32 components in localities, 2 bridges, 27 potable water pipes (PWPs), cooling water pipes
(CWPs) and electric power transmission lines (EPTLs), and 3600 inhabitants in 9 Building

Stock Units (BSUs). The topology of the virtual community is shown in Figure 3.
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Power Plants (EPPs), Building Stock Units (BSUs), Base Station Controllers (BSCs), Potable
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Figure 4: Simplified functionality of the CISs

The main purpose of the case study is to model the interdependencies between the
different CISs: thus, the CISs functionality is deliberately simplified (Figure 4). Physical and
technical laws regarding the R/S distribution (e.g., hydraulic flow laws and electric power
transmission rules) are not considered in this case study. The case study utility R/Ss are: the

Electric Power (EP) supplied by the Electric Power Supply System (EPSS); the high-level
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communication (HLC) supplied by Base Station Controllers (BSCs) followed by the low-
level communication (LLC) supplied by Base Transceiver Stations (BTS), both part of the
Cellular Communication System (CCS); and the Potable Water (PW) and Cooling Water
(CW) supplied by the components of the Water Supply System (WSS), the Potable Water
Facilities (PWFs) and the Cooling Water Facilities (CWFs). Table A2 in Appendix II
summarizes pre-disaster component supply capacities, repair rates, and the numbers of the
considered components in the virtual community, while Table 1 summarizes their R/S
demands before the disaster. The case study transfer.services are: the CW transfer services
(CWTSs) and the PW transfer services (PWTSs), supplied by CWPs and PWPs, respectively;
and the electric power transfer service (EPTS) supplied by EPTLs. For simplicity, the PWPs,
CWPs and EPTLs are assumed have the same topology (i.e., geo-location and connectivity
properties), as presented in Figure 3. The transfer service supply capacity of these links is
assumed to be infinite, hence, when functional (1.e., their functionality level is above 0), these
links can transfer any amount of utility R/Ss. Transfer of HLC and LLC is wireless, hence, no
physical links are needed.

Inhabitants of the community populate the building stock units. Each BSU in the
virtual community is considered to house 400 people. The portion of the demand imposed on
the EPSS and WSS by the inhabitants of the BSUs (Table 1) is, for simplicity, assumed to
decrease in proportion to BSU occupancy, i.e. functionality level, after a disaster (Didier et
al., 2017). However, demand for LLC services does not depend on BSU damage and
functionality directly, but only on the number of inhabitants remaining in the community
after a disaster (Didier et al., 2017). A time-dependent function describing the change of
demand for LLC is given in Eq. [7], representing the immediate post-disaster increase in
demand due to emergency calls, and the subsequent return of the demand to the pre-disaster

level. Changes in the number and spatial distribution of community inhabitants after a
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disaster due to relocation into temporary shelters or out-migration is not considered in this

case study.

Dpsy,1c(t < to) pre-disaster
Dgsy 1rc(t) = 10 - Dgsy pic(t = to) disagter (7)
DBSU,LLC . (t — 1) . e_0'3 > DBSU,LLC(t < tO) pOSt-dlsaSter

Table 1: Pre-disaster demand for utility R/Ss per each component of the virtual community

Component

EPP | BSC | BTS | CWF | PWF | BSU
Demand for:
Electric Power [MWh] 02 | 02 | 0.1 0.2 0.1 7.7
High Level Communication [E] - - 50 - - -
Low Level Communication [E] 0.001 - - 0.001 - 33.3
Cooling Water [M1/day] 0.05 | 0.05 - - - -
Potable Water [Ml/day] - - - - - 0.086

In this-case study, initial damage levels of components are assigned arbitrarily to
simulate the effects of a virtual disaster, and are shown in Tables A3 and A4. A more realistic
simulation of initial damage for the same virtual community exposed to an earthquake is
presented in (Blagojevi¢, Kipfer, Didier, & Stojadinovié, 2020b, 2020a).
Damage/functionality functions of the EPPs, BSUs, BSCs and CWFs are linear, while the
BTSs, PWFs, CWPs, PWPs and EPTLs are modelled as binary components. For simplicity,
the repair of all components is assumed to start immediately after the disaster (at time #9) and
proceed simultaneously at a repair rate specified for each component (Table A2), resulting in
a decrease of component damage levels in each time step of community resilience assessment

until component damage is eliminated. The disaster recovery of the community is assumed to
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end when the damage levels of all of its components reach zero, i.e., all components are

damage-free.

Demand/supply-based interdependency modelling

Table 1 presents the assumed amount of utility R/Ss each component needs to operate and,
therefore, highlights their interdependencies. For example, a BTS needs 0.1 MWh of EP and
50 E (Erlang, 1925) of HLC to operate. If the transfer of a utility R/S to a component requires
a distribution network, then a corresponding transfer service demand for the same amount of
R/S is assigned to that component. Thus, the BTS has a transfer service demand for EPTS of

0.IMWHh, corresponding to the amount of EP it needs.

System R/S distribution model

Utility R/Ss are distributed according to component priorities: these differ for each utility
R/S, but remain constant.during the LoR assessment interval. In this case study, distribution
of a utility R/S always starts from the components producing that utility R/S. Then, the
suppliers of other utility R/Ss have a priority over the BSUs, as shown in Figure A3.
Component priorities among the suppliers of R/Ss other than the one being distributed are
arbitrarily assumed, but are the same at each time step.

Since the transfer of a utility R/S among components in the same locality is
unconstrained, optimal paths are defined for each locality pair (e.g., one pair is: locality 103
and locality 105). Transfer of utility R/Ss is assumed to be possible in both directions (e.g.,
the same optimal path is used to transfer a utility R/S from locality 103 to locality 105 and
from locality 105 to locality 103). Then, if a utility R/S needs to be transferred between a
supplier and a user in different localities, the optimal path connecting that locality pair (the
locality of the supplier and the user) is used. Optimal paths are calculated for each transfer

service separately. A simple optimal path algorithm is employed in this case study. For each
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locality pair and each transfer service, the optimal path is obtained from a set of pre-defined
potential paths, consisting of different links. Due to the simplifying assumption that all links
are binary components and have an infinite transfer service supply capacity, an optimal path
is any path from the set of pre-defined paths in which all links are functional (i.e., have a 0
damage level, and hence, a functionality level of 1). If no such path exists between two
localities for a considered transfer service, the utility R/S requiring that transfer service is not
transferred. Consequently, transfer losses are not considered, meaning that the entire amount
of utility R/S is either transferred or it is not. The optimal path algorithm is ran at each time
step of the resilience assessment interval, calculating optimal paths between all locality pairs
for each transfer service separately. Since all transfer services in this case study are
independent R/Ss and all utility R/Ss are interdependent; the distribution of transfer services,
(i.e., the optimal path search) is performed before distributing utility R/Ss (Figure 2). Once

calculated, optimal paths remain constant in a time step of the resilience assessment interval.

Virtual community resilience assessment results

Disaster resilience of the virtual community is assessed with respect to each considered utility
R/S using the presented iRe-CoDeS framework. LoR plots for the considered utility R/Ss are
shown in Figures 5-9, and present the system’s supply capacity, consumption and demand for
the considered utility R/S over the resilience assessment interval. The LoR is quantified as
the area between the consumption and demand curve (Eq. [6]), using a time step equal to one
day.

To illustrate the effects of interdependencies between the CISs on community disaster
resilience, the results of the analyses with and without interdependency consideration are
presented together. Algorithm presented in Figure 2a is used in both cases. However, in the
independent case, the R/S demands of a component do not have to be met for that component

to operate and have a supply capacity and the operation of components is affected only by
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their damage level. In the interdependent case, the unmet demand of a component results in
setting its supply capacity to zero, regardless of its damage state.

The virtual community recovered to its pre-disaster state in 60 time steps (i.e., 60
days). The number of considered interdependent R/Ss is n;z/s = 5 (i.e., all of the utility R/Ss
and no transfer service R/Ss), hence, the RSDS has five elements and the RSDV has 25
elements (i.e., n% /s = 25). Therefore, within each time step of the LoR assessment interval,
at least one run through the entire RSDV that involves 25R/S distributions is performed. For
this case study, 2275 utility R/S distributions among 32 components were performed for the
entire resilience assessment interval with interdependencies considered. This resilience
assessment, implemented in Python, took approximately 1.3 seconds on a laptop with 16GB

RAM and Intel Core 17-8750H 2.2Ghz CPU.

The dashed blue and green lines in Figures 5—9 represent the supply capacity S fys, R/S
and consumption of the community Csy z/s ., respectively, for the independent case, while the

continuous blue and green line represent the supply capacity S&*

sys,r/s and consumption of the

community Cgysrys., respectively, for the simulations with interdependencies considered.
The community’s demand, Dy, s /s for a R/S is the same for both cases, since it is assumed

that the component inoperability caused by interdependency effects affect only the supply

capacity and not the demand. The values between the time steps are linearly interpolated. The
R/S LoRs of the system are labelled as LoRgy,s /s and LORgy /s, for the independent and

interdependent cases, respectively.

Disaster resilience of the virtual community regarding electric power

The considered disaster causes damage to the EPPs, lowering the supply capacity of EP
available to the virtual community (Figure 5). However, the evolution of supply capacity

available to the community in the independent and interdependent resilience assessments is
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not the same. In the independent case, the total supply capacity drops from 8OMWh to
S0MWh due to the damage to the EPPs. When interdependencies are considered, the supply
capacity drops to zero, since the demand of the EPPs for CW and LLC cannot be met. Thus,
the interdependencies have an adverse effect on the supply capacity of the EPSS. The
demand for EP also decreases due to the damage to the EP users, such as BSUs and BTSs.

Even though the supply capacity for EP is higher than the demand, the consumption
of EP is almost zero immediately after the disaster in the independent and interdependent
resilience assessments. This is due to the damage suffered by the EPTLs that cannot supply
enough EPTS to transfer the EP from the EPPsto the users. Therefore, only the users located
at the localities that contain EPPs, localities 301 and 305 (Figure 3), can consume EP
immediately after the disaster, since it is assumed that the transfer of R/Ss within a locality is
unconstrained. The jumps in the consumption C,; gp on days 4, 7 and 10 after the disaster,
occur when EPTLs connecting the EPPs with the users in other localities are repaired. In
contrast, Cg,s zp remains zero until day 9, since this is the time needed to repair the suppliers
of CW and LLC and their distribution networks to meet the demand of EPPs. The system

LoRgs /s = 272.77MWh in the independent case, while LORg, g z/s = 456.86MWh in the

interdependent case, showing a significant effect of CIS interdependencies on the EP

resilience of the virtual community.
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Figure 5: Disaster resilience of the virtual community regarding EP

Disaster resilience of the virtual community regarding the high-level communication

Figure 6 presents the HL.C LoR plots. The disaster causes damage to both BSCs, the suppliers
of the HLC. However, immediately after the disaster, HLC supply S _fysl nic drops from 600E
to 350E, while S SC;S nc drops to zero because the BSCs cannot be supplied with EP and CW.
The LoR plot for EP in the interdependent case (Figure 5) shows that the EPSS is not
producing any EP until day 10 after the disaster. On day 10, all demands of the EPPs can be
met and they start producing EP and supplying the BSC at locality 105, resulting in an
increase in S SC;S nic- The other BSC at locality 303 is supplied with enough CW only on day
16, resulting in another increase of S SC;S uLc (Figure 6), as well as an increase in the
consumption of CW (Figure 9). The step-wise increase in the HLC demand, Dy ¢, is due

to the binary character of the users of HLC, the BTSs. Since BTSs are binary components, a
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jump in HLC demand occurs when a BTS is fully repaired (i.e., its damage level is zero). In
addition, BTSs begin to function and produce LLC only when their demand for HLC if fully
met. This causes an important drop in HLC consumption from day 22 to day 35, even though
the HLC supply is available and HLC demand exists. Jumps in HLC consumption occur on
day 27 and day 35 in both independent and interdependent resilience assessments when the
HLC demand for the BTSs at localities 305 and 307, respectively, is fully met. The system
LoRs are 900E and 2650E in the independent and the interdependent cases, respectively,
showing a remarkable effect of the unmet BSCs demand for EP and CW in the first 15 days
after the disaster. An installation of emergency EP diesel generators and CW coolers at BSCs

is an effective way to reduce this HLC LoR in the virtual community.
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Figure 6: Disaster resilience of the virtual community regarding the HLC

Disaster resilience of the virtual community regarding the low-level communication

LLC is provided by 11 BTSs in the virtual community. The LLC LoR plot is shown in Figure

7. Due to the increase in emergency calls after a disaster, LLC demand peaks on the first day
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after the disaster and decreases to the pre-disaster level by day 10. The binary character of the
BTSs results in a stepwise increase of the system’s LLC supply capacity in both

independent and interdependent cases. LLC LoR in the interdependent case is about 10%
higher, due mainly to the unmet demands of some BTSs for EP and HLC in the first 15 days

following the disaster.
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Figure 7: Disaster resilience of the virtual community regarding LLC

Disaster resilience of the virtual community regarding potable water

Figure 8 shows the PW resilience of the virtual community. After the disaster, the demand for
PW drops due to the damage suffered by the building stock. The PW demand increases as the
BSUs are repaired. The PW supply capacity available to the community drops to zero in both
interdependent and interdependent cases because the PWFs are treated as binary components,
and all community PWFs suffered a certain amount of damage due to the disaster (Table A3

in Appendix II). Hence, none of them was operational immediately after the disaster. The
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stepwise increase of the PW supply capacity occurs when a PWF is fully repaired. In this

case study, the interdependency between PWFs and the EPSS did not have a large effect on
the functionality of the PWFs. The EPSS delayed the increase of the total PW supply capacity
by one time step: in the independent case the first PWF was operational on day 9, and in the
interdependent case it was operational on day 10.

One of the consequences of dynamic interdependency modelling in iRe-CoDeS can
be seen on days 25, 40 and 53, when an unexpected decrease in PW consumption occurs.
This is because the PW demand (of the inhabitants returning to the repaired BSUs) increases
faster than the PW supply capacity. On days 25; 40 and 53 the demand of certain BSUs
increases to a point where the current PW supply cannot meet their demand in full. This
results in redirecting the available PW supply to other BSUs with lower PW demand that can
be fully met at that time step. As their demand is lower, their consumption is also lower and,
thus, there is a drop in the.consumption of PW. On days 29, 48 and 56 the PW supply
capacity increases, due to the repaired PWFs, leading to an increase in PW consumption. This
change in how the PW users (i.e., the BSUs) are supplied by the same PW suppliers
illustrates how iRe-CoDeS can simulate the change of interdependency relations among

components as the community is recovering.
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Figure 8: Disaster resilience of the virtual community regarding the PW

Disaster resilience of the virtual community regarding cooling water

The CW LoR plot is shown in Figure 9. The total CW supply drops from the pre-disaster
0.2Ml/day to 0.055Ml/day in the independent case and to zero in the interdependent case. In
the independent case, the total CW supply capacity starts to increase immediately after the
disaster, since the CWFs are recovering. However, in the interdependent case, the total CW
supply capacity remains zero until day 10, similarly to other CISs of the virtual community.
On day 10, the EPSS recovers, the CWFs are supplied with EP and start to supply the virtual
community with CW again. Thereafter, the total CW supply capacities in both cases are the
same. The stepwise increases in CW consumption are, again, due to the assumption that a
user demand has to be fully met for consumption to start. Therefore, jumps in CW
consumption occur once the CW supply capacity is large enough to fully meet the demand of
BSCs and EPPs, and once the distribution network (i.e., the water pipes) can transfer the CW

from CWFs to BSCs and EPPs. The difference in CW LoRs in independent and
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interdependent cases is primarily due to the unmet demand of CWFs for EP and LLC in the

first 10 days after the disaster.
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Figure 9: Disaster resilience of the virtual community regarding the CW R/S

Conclusion

This paper presents a disaster resilience quantification framework for systems-of-
interdependent-systems, the iRe-CoDeS framework. The framework extends the Re-CoDeS
disaster resilience quantification framework that measures the resilience of a Civil
Infrastructure System (CISs) using the Lack of Resilience (LoR) metric. LoR is a measure of
CIS performance, relevant for making rational decisions on how to increase community
disaster resilience. It represents the unmet demand of the community for a resource or a
service provided by the considered CIS over the resilience assessment interval. The iRe-
CoDeS framework discretizes a system (e.g., a community) into components that can belong
to various subsystems of the considered system and are located in or between localities.

Components can supply the system with one or multiple resources or services and/or demand
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one or multiple resources or services from the system. Components recover, and thus increase
their functionality, due to repairs that decrease their damage level at a predefined repair rate
in each time step of the resilience assessment interval. Interdependencies among components
are modeled through the resources and services they need to operate. Interdependency
relations among components of a system are not pre-defined: instead, they depend on the
post-disaster component supplies and demands for various resources and services, on the
state of the distribution networks, and on the component prioritization during resource and
service distribution, all of which can vary during the tesilience assessment interval.
Additionally, components can be supplied by different suppliers at different times during
system recovery. Therefore, the interdependencies modeled in the iRe-CoDeS framework are
dynamic, not static, making it possible to consider changes in interdependency relations
between components over time. Furthermore; interdependency loops, situations when failure
of one component to function triggers failures of other components, are expected to occur.
The presented iRe<CoDeS framework features a demand/supply-based interdependency
model and a resource and services distribution algorithm to resolve such interdependency
loops and, thus, enables quantification of community disaster resilience considering
interdependencies among community components.

A case study on a virtual community is used to demonstrate the presented iRe-CoDeS
framework. The virtual community consists of the building stock, the electric power supply
system, the cellular communication system and the water supply system. After a virtual
disaster, damage levels are assigned to each component of the community, followed by a
recovery process that lasts until all components are damage-free. The virtual community
supply, demand and consumption of the resources and services, such as the electric power or
potable water, over the resilience assessment interval are presented in LoR plots. Two iRe-

CoDeS resilience assessments are conducted, one with and the other without considering
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component interdependencies. A comparison of the LoR plots reveals a significant reduction
of virtual community disaster resilience due to interdependencies. Furthermore, an analysis of
the supply, demand and consumption changes at both the system and the component levels,
enabled by the presented iRe-CoDeS framework, reveals the causes of disaster resilience
reduction. Such findings point to rational and effective resilience improvement interventions,
as components and CISs that are significantly impaired by the interdependency effects are
identified. Reducing the dependency of such components on other CISs can effectively
increase community disaster resilience. Notably, the iRe-CoDeS resilience assessment
without considering interdependencies reveals.the upper limit of such resilience improvement
measures. If such upper limit does not meet the community resilience objectives, alternative
measures, such as increases of component robustness and/or system redundancy, should be

considered.
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Appendix 1

Ilustrating the System Matrix

A simple five-component community example is presented to illustrate the System Matrix
and its use to track the evolution of a system after a disaster. The community (Figure A1)
consist of an Electric Power Plant (EPP) that supplies electric power (EP), two Base
Transceiver Stations (BTSs) supplying communication services (COM), a Cooling Water
Facility (CWF) producing cooling water (CW), a Building Stock Unit (BSU) that supplies
housing for the community inhabitants, as well asthe links between the three community
localities. The EPP, BSU and CWF are components with a linear damage-functionality
function (i.e., are linear components), while the BTSs havea binary damage-functionality
function (i.e., are binary components). The System Matrix for this community (Table A1)
lists the component damage and functionality levels, as well as their demand and supply for
the three considered utilities, before and immediately after a disaster. Note, for example, that
the functionality level of the EPP, a linear component, is reduced to 0.6 due to its 0.4 damage
level. Conversely, the functionality level of the BTS, a binary component with a damage
level of 0.4, is 0, resulting in no COM supply capacity and no demand for other utilities.
Finally, the functionality level of the BSU is 0.6, resulting in an EP demand drop to 0.6,
assuming that the smaller number of inhabitants in the damaged BSU will consume
proportionally less EP. However, community inhabitants’ demand for COM is assumed to
increase 10 times immediately after the disaster, due to emergency calls (Didier et al., 2017).

Community-level demand and supply capacity for each R/S, Dy g/s(t) and S Scys' r/s(t), can

be calculated using Eq. [1] and Eq. [2], by summing up the “Component demand” and

“Component supply” columns of the System Matrix, respectively. For example, pre-disaster
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Dsyspp(t <ty) =4 and S sys,gp(t < to) = 5, while post-disaster Dgys gp(t = ty) = 2.6 and

Séysep(t = to) = 3 in units of EP.

PO

BTS EPP
7 \
@
Link

- BTS
Y a

BSU

Figure Al: Community with five components and three localities

Table Al: Pre- and post-disaster System Matrix of the five-component community shown in

Figure Al

Damage | Functionality | Component demand | Component supply
Locality | Component

level level EP |COM| CW | EP | COM| CW

Pre-disaster

1 EPP 0.0 1.0 0 1 1 5 0 0
1 BTS 0.0 1.0 1 0 0 0 1 0
2 CWF 0.0 1.0 1 1 0 0 0 3
3 BTS 0.0 1.0 1 0 0 0 2 0
3 BSU 0.0 1.0 1 1 0 0 0 0

Post-disaster

1 EPP 0.4 0.6 0 1 1 3 0 0
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1 BTS 0.0 1.0 1 0 0 0 1 0
2 CWF 0.4 0.6 1 1 0 0 0 1.8
3 BTS 0.4 0.0 0 0 0 0 0 0
3 BSU 0.4 0.6 0.6 10 0 0 0 0

Hllustrating the utility R/S distribution algorithm

A sequence of distributions of utility R/Ss, namely EP, CW and COM, in the five-component
community (Figure A1) immediately after disaster-induced damage (Table A1) is shown in
Figure A2 to illustrate the proposed utility R/S distribution algorithm and the evolution of the
System Matrix. The “Supply distribution evolution” columns track how much of each R/S is
available after it is distributed to a€omponent, while the “Demand met?” column entries are
1 if the demand of a component for a R/S is met, otherwise they are 0. EP is distributed first,
starting from the EPP, which has a supply capacity of 3 units. Distribution of EP (first System
Matrix in Figure A2) starts, in the order of decreasing priority, with a BTS consuming 1 unit
of EP, followed by CWF consuming I unit of EP, further diminishing the EP supply. Finally,
BSU, the last component on the priority list, consumes 0.6 units of EP, leaving 0.4 unit of EP
as an EP supply margin. Distribution of CW (second System Matrix in Figure A2) from the
CWF, which supplies 1.8 units of CW in total, unfolds in a similar manner: the EPP
consumes 1 unit of CW, leaving 0.8 units as supply margin. Note that the order of
components in the “Component” columns of the first and the second System Matrix in Figure
A2 differs according to the component priority for distribution of the considered utility R/S.
Distribution of COM (third System Matrix in Figure A2) unfolds until the EPP consumes all
of the remaining supply capacity, diminished due to disaster-induced damage. This leaves the
CWF and the BSU without the COM utility R/S. The inhabitants of the BSU cannot satisfy

their demand for COM (emergency calls), while the CWF ceases to operate since its demand
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for COM cannot be met. The red arrows in the third System Matrix in Figure A2 indicate that
the BSU and the CWF ceased to operate due to the lack of COM R/S. In this example, it was
assumed that links among the localities are not damaged, hence, there are no transfer losses

and the distribution networks are in their pre-disaster state.

O
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R/S distribution vector: [EP, CW, COM, EP, CW, COM, EP, CW, COM]

| Total supply capacities: S5 pp = 3 Shyscom = 1 Siysew = 1.8

Distribution of EP:

Supply distribution

LOTED"W ¢ Component demand Component supply evolution Demand met?
EP COM w EP COM | cw COM | Cw EP COM | cw
1 EPP 0 1 1 3 0 0 1
1 BTS 1 O 0 O . 0 1
2 CWF 1 0 0 0 0 1.8 1
3 BTS 0 0 0 5] 0 0 1
3 BsU 0.6 10 0 0 0 0 1

Distribution of CW:

Locality

Component demand

Component supply

Supply distribution

Demand met?

D Component evolution

EP COM cw EP COM cw EP COM CW EP COM | cw
2 CWF 1 0 0 0 0 1.8 1 1.8 1 1
1 EPP 0 1 1 2 0 0 = 1.8-1=0.8 1 1
1 BTS 1 0 0 0 1 0 2 0.8 1 1
3 BTS 0 0 0 0 0 0 1 0.8 1 1
3 BSU 0.6 10 0 0 0 0 0.4 0.8 1 1

Distribution of COM:

Supply distribution

LUcIaDllty Component Component demand Component supply evolution Demand met?
EP | COM oW EP COM | cw EP coM W EP [ COM | cwW
1 BTS 1 0 0 0 1 0 2 1 0.8 1 1 1
3 BTS 0 o 0 0 0 0 1 1 0.8 1 1 1
1 EPP 0 1 1 3 0 0 3 1-1=0 0.8 1 1 1
2 CWF 1 1 0 0 0 o 1 1 0-1<0 1.8 1 0 1
3 BSU 0.6 104 0 0 o o 07 0-10<0 0.8 1 0 1
Distribution of EP:
Locality Compenent demand Component supply Supp\ydlstvrlbmron Demand met?
D Component evolution
EP CoM W EP COM W EP COM | cw EP |COM| Cw
1 EPP 0 1 1 3 0 0 3 0 0.8 1 1 1
1 BTS 1 o o o T 0 3-1=2 1 08 1 1 1
2 CWF 1 ] 0 0 0 0 2-1=1 0 1.8 1 0 1
3 BTS 0 0 0 0 0 0 1 1 08 1 1 1
3 BSU 0.6 10 0 Y 0 0 1-0.6=0.4 0 0.8 1 0 1

Distribution of CW:

Supply distribution

Locality

Component demand

Component supply

li ?
Loc:)ltv Component Component demand Component supply evolution Demand met
EP com W EP COM | cw EP com cow EP | COM | cw
2 CWF 1 0 0 0 0 0 3 0 0 1 0 1
1 EPP 0 1 1 0 0 O 3 0 1 0-1<0 1 1 0
1 BTS 1 0 0 0 1 0 2 1 1 1 1
3 BTS 0 0 0 0 0 ] 1 1 0 1 1 1
3 BSU 0.6 10 0 0 0 0 0.4 0 0 1 0 1
Distribution of COM:
Supply distribution

Demand met?

92usnbas uonNQUISIP 574

D Component evolution
EP coMm cw EP com cw EP com cw EP | COM | CwW
1 BTS 1 0 0 0 1 0 2 1 0 1 1 1
3 BTS 0 0 [ 0 0 0 1 1 0 1 1 1
1 EPP 0 1 1 0 0 0 3 1-1=0 0 1 1 0
2 CWF 1 1@ 0 0 o a T 1 0-1<0 0 1 0 1
3 BsU 0.6 10 [ 0 0 0 0.4 0-10<0 0 1 0 1
Distribution of EP:
N Supply distribution
LUT;hty Component Component demand Component supply evolution Demand met?
EP Ccom cw EP com cw EP COM ow EP |COM | CwW
1 EPP 0 1 1 Q 0 0 0 0 0 0 1 Q0
1 BTS o 0 Q T o 0-1<0 1 0 0 1 1
2 CWF 1€ [ o 0 0 4] 0-1<0 0 0 0 0 1
3 BTS 0 0 0 0 0 2] 0 1 "] 0 1 1
3 BSU 0.6¢ 10 0 0 0 O 0-0.6<0 0 0 0 0 1
Distribution of CW:
Locality Component demand Component supply Supply distribution Demand met?
o Component evolution
EP com cw EP CoM | cw EP com w EP | COM| CW
2 CWF 1 0 0 0 0 0 0 0 0 0 0 1
1 EPP 0 1 14 o Q 0 0 o 1 0-1<0 0 1 0
1 BTS 1 0 0 0 0 0 0 1 0 0 1 1
3 BTS 0 0 0 0 0 0 0 1 0 0 1 1
3 BSU 0.6 10 0 0 0 0 0 1 0 0 0 1
Distribution of COM:
Locality Component demand Component supply supply ﬂ:sh‘wbulmn Demand met?
10 Component evolution
EP oM CW EP COM CwW EP COM CW EP | COM | cw
1 BTS 1 0 0 0 0 0 0 0 0 0 1 1
3 BTS 0 0 0 0 0 0 0 0 0 [ 1 1
1 EPP 0 1« 1 0 0 0 0 ! 0-1<0 0 0 0 0
2 CWF 1 1 Q o o 0 o 0-1<0 0 0 0 1
3 BSU 0.6 10 0 a Qo i} 0 0-10<0 0 0 0 1

c

Total supply capacilies:SfyS'Ep =0 Sgsco

=0 Sscys,CW=D
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Figure A2. Initial damage state and three repeated R/S distribution sequences using RSDV
[EP, CW, COM, EP, CW, COM, EP, CW, COM]. CWF ceases to operate at the end of the
first RSDS pass due to lack of COM, EP ceases to operate during the second RSDS pass due
to lack of CW, and the entire system shuts down during the third RSDS pass due to lack of
EP.

Hllustrating the demand/supply-based interdependency modelling algorithm

The five-component community example (Figure A1) is here used to illustrate the proposed
interdependency modelling method (Figure 2c). We assume that interdependent R/Ss are EP,
CW and COM. The RSDS [EP, CW, COM] for the three R/Ss in this community stipulates
that EP will be distributed first, CW second and COM third, each following its own
component priority ordering.

Distribution of EP (Figure A2, first sub-table) and CW (Figure A2, second sub-table)
shows that the demand of all five components for these two R/Ss can be met, (as shown by
the green arrows inFigure A2). However, the shortage of COM means that the demands for
COM by the CWF and the BSU, the lowest-priority components, cannot be met (Figure A2,
third sub-table). To signify this, the indicators in the ‘“Demand met?” columns for these
components are set to zero for the CWF and the BSU (as shown by the red arrows in the third
table of Figure A2). Lack of COM causes the CWF to cease operation, setting its CW supply
capacity to zero at the end of the first run through the RSDS. This, in turn, triggers an
interdependency loop. Namely, the change in the CW supply capacity, due to the
inoperability of the CWF caused by the unmet demand for its COM R/S, causes a shortage of
CW that affects the EPP, which stops supplying EP. This triggers the interdependency loop
one more time. Due to the lack of EP, the remaining components of the community cease to
operate, bringing the entire community to a standstill immediately after a disaster. Changing
the order of components in the RSDS to [COM, CW, EP] would trigger am interdependence

loop during the first pass through the RSDS in the community resilience assessment.
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However, selecting the R/S distribution order, i.e., the permutation of R/Ss in the RSDS, to
trigger the interdependency loop which causes the largest LoR in the assessed community a
priori is difficult. This is particularly true during the recovery process when, due to possibly
unequal repair rates, different components of the community would be repaired (and able to
function if their R/S demands were met) at different instances in time.

In this five-component community example, conducting 3 repeated passes through the
RSDS in a single time step of community resilience assessment, while changing the
component R/S supply capacities without altering their R/S demands, traverses through all
possible R/S distribution order permutations and identifies the critical R/S distribution order

[EP, CW, COM, EP, CW, COM, EP, CW, COM] that triggers an interdependency loop. The

3 passes through the RSDS are shown in Figure A2, with red lines indicating the occurrences
when a lack of an R/S causes an otherwise functional component to cease operation. Thus, at
the expense of additional computational effort (e.g., distributing EP twice before the final
interdependency loop is triggered), the trice-concatenated RSDS pass was effective. A second
run through the entire RSDV, that starts from the system state attained at the end of the first
run through the RSDV, will not cause changes in the total supply capacities of all
interdependent R/Ss. Hence, the algorithm would terminate and the LoR assessment would
proceed to the next time step (Figure 2).

The presented example assumed that transfer service supply capacity would not
change due to interdependency effects (i.e., all transfer services are independent R/Ss).
However, if a component that supplies transfer services, and belongs to one of the optimal
paths, has a demand for utilities (e.g., a tunnel for EP) that is not met during the R/S
distribution sequences, the transfer service supply capacities of the paths would change.
Therefore, the transfer service in question would need to be redistributed in the RSDS (i.e.,

the transfer service supply capacity of the paths would need to be recalculated).
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Appendix 2

Case study: Component priorities for utility R/S distribution

Figure A3 illustrates the assumed R/S distribution priorities in the virtual community
considered in the case study. For example, the distribution of EP starts from the EPPs, and
continues to meet the demand of BSCs, BTSs, CWFs, PWFs and finally BSUs. Only
components that have a demand for an R/S are included in the distribution priority lists (e.g.,
EPP does not require HLC, and is therefore, not included in HLC’s priority list). The
priorities among the same-type components (e.g.,-all EPPs in the virtual community) are

assumed arbitrarily.

R/S distribution priorities
EP HLC LLC CW PW

q 2 -

»&)]
=c
G»e

=)

=)

Figure A3: Component priorities for the distribution of R/Ss in the case study virtual

community

Table A2 summarizes all case study components, their number, supply capacities and their
repair rates. Tables A3 and A4 summarize the initial damage levels of components of the virtual

community due to a virtual disaster.
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Table A2: CIS components and the R/Ss they provide

Supply
Total
capacity Number of | Repair Total
Component R/S Unit Supply
per components rate Demand
Capacity
component
EPP EP [MWh] 40 2 0.01 80 72.4
BSC HLC [E] 300 2 0.01 600 550
BTS LLC [E] 45 11 0.05 495 300
CWF Cw [Ml/day] 0.06 4 0.01 0.24 0.2
PWF PW [Ml/day] 0.2 4 0.05 0.8 0.774
BSU Housing | Inhabitants 400 9 0.01 3600 3600
CWP CWTS / Inf. 27 0.05 Inf. /
PWP PWTS / Inf. 27 0.05 Inf. /
EPTL EPTS / Inf. 27 0.05 Inf. /
Bridge CS / Inf. 2 0.01 Inf. /

/ - values not considered in the case study

[E] — Erlang (Erlang, 1925)

Table A3: Initial damage levels of links and bridges between localities due to a virtual

disaster.
Start End Initial Damage Level
Bridge
Locality Locality CWP PWP EPTL
101 102 0.27 0.27 0.19 /
101 201 0.35 0.35 0.47 /
102 202 0.25 0.25 0.34 /
102 103 0.15 0.15 0.49 /
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103 203 0.45 0.45 0.42 /
103 104 0.45 0.45 0.45 /
104 105 0.06 0.06 0.19 /
105 205 0.03 0.03 0.33 /
105 106 0.10 0.10 0.05 /
106 107 0.22 0.22 0.05 /
106 206 0.02 0.02 0.18 /
107 207 0.23 0.23 0.11 /
201 202 0.32 0.32 0.20 /
201 301 0.14 0.14 0.23 0.50
202 203 0.34 0.34 0.13 /
203 303 0.01 0.01 0.23 /
205 305 0.13 0.13 0.29 /
205 206 0.28 0.28 0.43 /
206 207 0.21 0.21 0.14 /
206 306 0.14 0.14 0.14 /
207 307 0.35 0.35 0.23 /
301 302 0.22 0.22 0.10 0.00
302 303 0.08 0.08 0.10 /
303 304 0.27 0.27 0.10 /
304 305 0.39 0.39 0.10 /
305 306 0.15 0.15 0.24 /
306 307 0.11 0.11 0.18 /
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Table A4: Initial damage levels of components in localities due to a virtual disaster

Initial Damage
Locality | Component
Level
103 BSU 0.42
103 BSU 0.44
103 BTS 0.44
103 BTS 0.03
103 PWF 0.55
105 BSU 0.53
105 BSU 0.13
105 BSU 0.51
105 BTS 0.30
105 BTS 0.62
105 BTS 0.20
105 PWF 0.27
105 CWF 0.62
105 BSC 0.33
301 EPP 0.18
301 BTS 1.00
301 CWF 1.00
303 BSU 0.10
303 BSU 0.13
303 BSU 0.60
303 BTS 0.51
303 BTS 0.08
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303 BTS 0.85
303 CWF 0.43
303 BSC 0.49
303 PWF 0.07
305 EPP 0.60
305 BTS 1.00
305 CWF 1.00
307 PWF 0.47
307 BTS 0.35
307 BSU 0.20
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