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Abstract

Resilience refers to the ability of a system to absorb and mitigate the impact of poten-

tial disruptions and return to normal operational conditions. The above notion of resilience

allows us to distinguish two stages in a system’s post-disruption response, the absorptive

dimension and the recovery dimension [6]. The absorptive dimension is related to a sys-

tem’s robustness and capacity to mitigate initial loss posterior to a disruption. Meanwhile,

the recovery dimension is the system’s rapidity to return and reach an acceptable level of

functionality after the disruption occurrence [7].

A social-physical (SP) system’s post-disruption response is related to its resilience capac-

ity so building more resilient systems is the key to managing and dealing with unexpected

disruptions. However, many resilience actions typically involve economic impacts, which

limit their implementation [6]. This problem has been documented in different contexts.

For example, during the early stages of pandemic mitigation, strict lockdowns are effective

against virus propagation but may lead to harmful economic effects in the communities

[8]. Therefore, finding a balance between being resilient and the costs of being resilient is

essential.

This dissertation proposes implementing stochastic dynamic optimization models based

on an infinite horizon Continuous-Time Markov Decision Processes to balance the interven-

tion investment and enhance an SP system’s overall resilience. We do so by reducing the

initial drop in performance and the recovery time during the post-disruption response. Since

the system’s evolution is progressive and involves uncertainty, we can model the system

response as a Markov process.

In the models’ formulation, we use common elements in resilience literature to provide

a broader framework that facilitates the application in different disruption scenarios. For

 v



our state-space definition, we use the idea that in high-magnitude events with long recovery

times, the recovery process can be modeled by considering multiple performance intervals.

On the other hand, actions and rewards are related to the investment required to guarantee

a transition between states. We assess the model’s performance using testbeds based on dif-

ferent disruption scenarios, such as natural disasters and pandemic outbreaks. The proposed

model can provide policymakers with information on the optimal recovery strategy and how

to allocate resilience resources during the post-disruption response.
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Chapter 1: Introduction

Resilience refers to the ability of a system to absorb and mitigate the impact of potential

disruptions and return to normal operational conditions. This ability is critical for disaster

management in social-physical systems such as large or small communities, supply networks,

or companies in the middle of highly competitive environments [9].

During the past years, highly intense disruptions like the 2022 and 2017 Hurricanes Ian

and Irma [10, 11], the COVID-19 pandemic outbreak [8, 12], the 2011 Great East Japan

Earthquake [13], and the 2010 Dique Canal breach in Northern Colombia [1] have revealed

the vulnerability of social-physical systems and their struggles during the mitigation process.

Moreover, the damage to critical infrastructure due to a natural disaster (e.g., water and

wastewater, electric power, transportation, etc.) or the strict lockdown measures and satura-

tion of healthcare systems during a pandemic may lead to significant societal and economic

impacts [14, 8]. Those negative impacts highlight the relevance of building more resilient

systems to ensure their regular performance and withstand future disruptions.

Nonetheless, from an economic perspective, many resilience strategies conflict with tra-

ditional business goals [6], making their implementation a complicated task (or even mean-

ingless) if there is no proper balance between being resilient and the costs of being resilient.

We can extend this statement to other contexts as well. For instance, effective and rapid

relief logistics are essential to lessen casualties and property losses in post-disaster emergency

response. However, natural disasters usually disrupt power supplies, communications, and

transportation infrastructure, making the system’s response progressive and slow. This sit-

uation demands strategic decisions to deliver relief supplies to impacted areas and deal with

the lack of critical resources [15]. On the other hand, in a pandemic outbreak, aggressive
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lockdown measures to reduce virus propagation and mitigate the saturation of healthcare

services may produce significant economic impacts on communities, such as an increment in

the unemployment rate, small business bankruptcy, and supply problems [8, 12]. Under this

scenario, myopic approaches to decision-making that only focus on lessening the infected

number may be as damaging as the pandemic itself.

Resilience enhancement models (e.g., resource allocation models) drive decision-makers

towards the resilience dimension where the intervention is necessary to boost the perfor-

mance and reduce disruptions impacts [16]. In addition, these models enable investment

prioritization when multiple hardening and recovery actions are available. For instance,

many resource allocation models have been developed in disaster management to strengthen

and restore a system while facing natural disasters or man-made disruptions. Thence, opti-

mal resource allocation to increase resilience levels is essential for supporting decision-makers

in the strategy selection [3].

This research aims to provide a Continuous-Time Markov Decision Process (CTMDP)

model to enhance a physical system’s global resilience by accelerating its recovery process.

We apply and evaluate the model using two testbeds under different disruption scenarios,

the 2010 Dique Canal breach in Colombia [1], and a pandemic influenza outbreak [17, 5, 18].

The model considers parameters that, in a real-world context, are easy to monitor and track

during a system’s evolution within the post-disruption process, such as the performance level

and recovery time [19]. The main objective is to minimize the cost of implementing actions

that reduce the initial performance loss and recovery time. Furthermore, the formulation

considers multiple performance levels to capture the system evolution during the mitigation

and recovery stages [1].

Our research contributions center on the following aspects:

- Introducing a broader framework for resilience enhancement to facilitate decision-

making in different disruption scenarios and systems types. We do so by focusing

on either the absorptive (performance loss) or recovery (restoration time) dimension
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of the post-disruption response and considering the hidden costs of having a disrupted

system.

- Balancing the costs of resilience improvement by considering both the costs of inter-

vention and the costs of having a disrupted system. This aspect is essential to ensure a

realistic implementation of resilience actions and reduce the economic impacts of that

implementation.

- Establishing decision guidelines for balancing the costs of the resilience by providing

a stochastic optimization model for the dynamic allocation of resilience resources dur-

ing the mitigation process to deliver a more proactive control in the post-disruption

response.

This dissertation has been organized as follows: Chapter 2 presents the literature re-

view section that focuses on the foremost common approaches in mostly resilience models,

dynamic control models, and relevant resilience assessment tools. Chapter 3 describes the

overall and specific research objectives. Then, in Chapter 4, we provide the details of our

Markov decision process (MDP) model, including the definition of the state/action space,

state transition matrix, cost function, and optimality framework. Afterward, Chapter 5 dis-

cusses a CTMDP-based implementation of our Dique Canal testbed and provides further in-

sights into the testbed analysis by examining optimal recovery policies using a Markov Chain

Monte Carlo (MCMC) simulation. Chapter 6 discusses a CTMDP-based implementation of

our pandemic mitigation testbed, where slight modifications in the original formulation are

considered to capture the dynamics of a pandemic testbed. We also assess the performance

of the optimal mitigation policy via MCMC. Finally, Chapter 7 discusses the conclusions

and future directions.
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Chapter 2: Literature Review

Most resilience models are based on deterministic optimization techniques or focus on

the resilient assessment rather than practical issues such as intervention cost balance and

resource management [6]. Notwithstanding that the motivation behind measuring resilience

typically focuses on helping decision-makers to define the best possible reaction when facing

a disruption, there is a lack of attention to the balance between preparing a resilient system

and the resources needed to achieve it [16]. Table 2.1 shows this gap in the literature. So,

one of our concerns in this work is how to allocate resources to improve the post-disruption

response and enhance a system’s resilience (see Figure 2.1).

Resilience 
Models

Quantitative 
approaches

StochasticDeterministic

Static

Control strategy

Assessment

Emphasis

Cost balance

Dynamic

Literature gap

Figure 2.1: Resilience models: general classification
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5

Table 2.1: Resilience models: literature summary

Model Control Emphasis

Authors Year Deterministic Stochastic Static Dynamic
Resilience
Assessment

Costs
Balance

Testbed
Type

Bruneau [7] 2003 ✓ ✓ ✓ PS
Chuat et al [20] 2005 -
Cimellaro et al [21] 2010 ✓ ✓ ✓ PS
Zobel et al [22] 2010 ✓ ✓ ✓ PS
Zobel et al [23] 2014 ✓ ✓ ✓ PS
Ouyang [24] 2012 ✓ ✓ ✓ PS
Ouyang [25] 2015 ✓ ✓ ✓ PS
Boochini & Frangopol [26] 2012 ✓ ✓ ✓ ✓ P
Rouge et al [27] 2013 ✓ ✓ ✓ E
Pant et al [28] 2014 ✓ ✓ ✓ P
Ayyub [29] 2015 ✓ ✓ ✓ -
Zhang et al [30] 2015 ✓ ✓ ✓ PS
Alderson et al [31] 2015 ✓ ✓ P
MacKenzie et al [16] 2016 ✓ ✓ ✓ PS
Njilla et al [32] 2018 ✓ ✓ -
Clark et al [33] 2017 ✓ ✓ CP
Romero & Savachkin [3] 2018 ✓ ✓ ✓ PS
Romero et al [1] 2019 ✓ ✓ ✓ PS
Hulse et al [34] 2018 ✓ ✓ ✓ P
Guidotti et al [14] 2020 ✓ ✓ PS
Kammouh et al [35] 2020 ✓ ✓ PS
Liu et al [36] 2021 ✓ P
Sun et al [15] 2021 ✓ PS
Geng et al [37] 2022 ✓ ✓ ✓ PS
Iannacone et al [38] 2022 ✓ ✓ PS

”P”: Physical ”S”: Social ”C”: Cyber ”E”: Ecological ”-”: No specified



The literature review begins with a discussion of quantitative models’ approaches for im-

pact mitigation and resilience assessment. These approaches are classified into deterministic

and stochastic models [39], depending on their assumptions regarding the uncertainty in pa-

rameters like the initial performance loss, failure time, or disruption intensity. Afterward, we

present a brief review of mitigation/control strategies emphasizing dynamic control models

for enhancing resilience. Finally, we focus our discussion on the resilience assessment and

the implementation of resilience metrics for system monitoring and decision support.

2.1 Resilience Models’ Approach

Usually, resilience models scope their analysis in critical parameters such as the initial

performance loss, recovery time, intervention cost, and disruption intensity [3]. Depending

on the amount of information regarding those parameters, some may or may not assume

random conditions. We classified the models approach into deterministic or stochastic based

on those conditions [39].

Deterministic resilience models assume complete knowledge about disruption conditions

and the system’s reaction. Consequently, most concentrate on providing a predicted resilience

assessment and resource allocation under specific scenarios. On the other hand, stochastic

resilience models consider a more realistic behavior for failure modeling with probabilistic

disruption scenarios and the randomness inherent to the recovery process.

Some of the deterministic models applications include the definition of a framework for

the analytical quantification of disaster resilience [7, 21, 22], the characterization of multi-

event disaster resilience [40, 23], finding the best intervention schedule in bridges restoration

through resilience costs optimization [26], the evaluation of the potential losses through

quantitative modeling of a system operation [31], allocation to facilitate the post-disaster

recovery [41], and resilience assessment based on a multi-stage recovery scenario [1].

The implementation of stochastic modeling is also a comprehensive approach in several

ways. Some involve the quantification of resilience through time-based stochastic metrics

6



[28, 24, 25]. Others propose a set of practical resilience metrics based on a Poisson process

framework [29] and the application of Bayesian networks [42]. Regarding resource allocation

and cost reduction, [16] presents a model to enhance resilience before disruption where

the initial loss and recovery time are unknown parameters. This last work also provides a

resilience assessment metric as a function of the average loss per unit time needed to recover.

2.2 Dynamic Control Models

Most of the above models consider static control strategies, where decisions are fixed

and do not vary according to the current system conditions. On the other hand, Markov

decision processes (MDPs) provide a dynamic control framework for the decision-maker,

where a resource allocation action may change depending on the current state and evolution

of the system within the recovery process. This approach allows more proactive decision-

making to improve the system’s post-disaster response and increase the overall resilience.

For instance, [27] based on the ecological definition of resilience and the viability theory

for lakes eutrophication, built a discrete-time Markov model for resilience to minimize the

recovery time. Likewise, [43] proposes an MDP formulation for computing recovery actions

in a critical infrastructure system during seismic disruptions in a water network case study.

In addition, some applications for Cyber-Physical Systems (CPS), such as the resilient design

of autonomous systems [44], and the mathematical definition for intrusion resilience in CPS

through the formulation of a hierarchical game between the targeted cyber-physical platform

and a cyber adversary [33].

Nevertheless, there are relative few MDPs research works on applications for the dynamic

allocation of resilience resources, and because of the lack of a consensus on the resilience

definition and metrics [45, 19], each of them provides its framework for resilience definition

and assessment. For instance, consider the set of ideal states and the resilience basin proposed

by [27], and the security state space defined in the set of values {0, 1} by [33]. In both cases,

there is a state-space definition tailored to their notion of resilience and the unique features

7



of their testbeds that do not provide a general framework that can be easily expanded to

other kinds of systems.

2.3 Resilience Assessment

In general, resilience metrics are based on the records of performance level loss data and

recovery times. This implies that those models use system data and reflect the measurement

in a single indicator. The most common resilience metrics use an idealized trajectory of

system performance, where there is a decline in the performance of the system metric X (t)

drops after a disruptive event and increases over time. This is what is called as resilience

triangle [6].

S
y
st
em

P
er
fo
rm

an
ce

(X
)

t0 t1 t2 t3

Xmin

Xmax

Time (t)

Figure 2.2: Representation of resilience triangle

Figure 2.2 shows in blue the resilience triangle, from which a metric is formulated. This

metric considers the initial performance loss and recovery time to calculate the average

performance of the system [7]. The metric related to the concept of the resilience triangle is

considered one of the most commonly used metrics [9]. Theoretical estimation of the average

8



performance level is retrieved through the following equation:

R(t) =

∫ t1
t0
[1− Q(t)]dt

100(t0 − t1)
. (2.1)

The function, Q(t), quantifies the system’s performances in percentage terms, t0 is the

time of the incident or disturbance occurrence, and t1 is the time to full recovery [7]. The

resilience units are performance per unit of time. This model quantifies the average perfor-

mance of a relevant system outcome from when a disruptive event occurs until the system

has fully recovered. A linear approximation of the average performance level was suggested

by Zobel [6] to simplify the estimation and facilitate its practical applications.

R(t) = 1− XT

2T ∗ . (2.2)

In Equation 2.2, the parameter T denotes the total time that the system stays in a state

of loss, i.e., the recovery time. X is the performance loss during the disruption [40]. Finally,

T ∗ represents the control/monitored time and typically denotes the maximum recovery time.

The system’s resilience is 1 (or 100%) if either X or T equals 0 [16].

The idea of the average performance was extended by Ayyub[29] to the probabilistic

scenario based on modeling disruption incidence as a Poisson process. This formulation

considers three different time parameters: Ti (initial disruption time), ∆Tf (disruption du-

ration), and ∆Tr (recovery time). In addition, F denotes the failure profile, and R is the

recovery profile.

R =
Ti + F∆Tf + R∆Tr

Ti +∆Tf +∆Tr
. (2.3)

Ayyub[29] describes the failure profile value F as a measure of robustness and redundancy

(absorbing dimension). In contrast, the recovery profile value R can measure resourcefulness

and rapidity (recovery dimension).

9



Finally, Romero & Savachkin [3] introduce the intensity-based resilience metric. This

metric not only depends on the initial loss and the recovery time but adds the disruption

intensity to the analysis, based on the idea that two systems that face two disruptions with

different intensities and the same average performance should have different resilience levels.

R =
I 2

XT
. (2.4)

In this case, I denotes the disruption intensity, X is the initial performance loss, and T

is the recovery time. According to [3], this model facilitates the contrast of the resilience

assessment in different system designs. Simultaneously the definition of the performance

loss function, X (I ), and the recovery function, T (X (I )), enables a better understanding of a

system’s resilience for decision-making.

The above models are a sample of the wide variety of metrics available in the literature

for resilience assessment. Unfortunately, they are also evidence of the lack of consensus

on resilience definition [3]. However, there are some agreements on the dimensions that

can characterize resilience, the absorbing dimension, and the recovery dimension [6]. The

absorptive dimension is related to the system’s robustness and capacity to mitigate initial

loss posterior to a disruption. According to [7] the recovery dimension is the system’s rapidity

to recover and reach an acceptable level of functionality after a disruption.

In order to avoid issues regarding the lack of a formal resilience definition, this research

presents a model based on resilience dimensions. The model considers parameters that, in a

real-world context, are easy to monitor and track during the system’s evolution within the

recovery process, such as a system’s performance level and recovery time.
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Chapter 3: Research Objectives

The overall research objective is to develop stochastic models for dynamic resilience

assessment and optimization.

These are the specific research objectives:

- Develop an optimization model for the dynamic allocation of resilience resources. The

main objective is to minimize the cost of implementing actions that mitigate dis-

ruptions’ impacts and reduce the recovery time. Then, a Continuous-Time Markov

Decision Process (CTMDP) is provided to balance the intervention costs and enhance

the long-run resilience assessment in a system.

- Research and identify testbeds for the optimization model’s evaluation. The CTMDP

model is applied in two testbeds considering different disruption scenarios: the Dique

Canal breach in northern Colombia and a pandemic influenza outbreak via agent-

based simulation. The optimal decision policies are retrieved for both testbeds and

then assessed through Monte Carlo Markov Chain (MCMC) simulation.
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Chapter 4: Continuous-Time Markov Decision Process Model Formulation

This section presents an infinite horizon discounted CTMDP model for the dynamic

resource allocation during the post-disruption response of a physical system, where the ob-

jective is to minimize the total intervention costs and reduce the recovery time. We model

the recovery as a continuous-time Markov process, where states transitions reflect the per-

formance progress and sojourn times are exponentially distributed, as shown in Figure 4.1

[36, 13].

1 20
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𝜇 𝑆 , 𝑆

𝜇0, 𝑆

𝜇1, 𝑆

𝜇0,2

𝑆

Figure 4.1: State transitions of the recovery process

In this formulation, we assume there is no intervention during the initial performance

loss, so no mitigation actions nor backward transitions are considered, i.e., the system grad-

ually returns to its pre-disruption conditions during the recovery process. In practice, not

all disruptions reduce the performance of a system from its highest level to the lowest in-

stantaneously. For instance, a mechanical system may have various stages of performance.
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However, there is no gradual degradation in performance loss in physical systems such as in-

frastructure, depending on the type of disruptions, e.g., terrorist attacks or natural disasters.

This behavior in the disruption modeling for resilience can be referred in [7, 40].

Figure 4.3 shows a summary schematic of our modeling framework, including state and

action spaces, estimation of the state transition probabilities using uniformization, the cost

function, optimality equations, and the stationary optimal recovery policy. In what follows,

we present the details of each of these elements.

4.1 State Space

We consider a system which is monitored during the entirety of its recovery period [0,T ],

following a disruption event. The system’s relative performance levels are drawn from the the

interval [0, 1], where level 0 represents a totally dysfunctional system and level 1 corresponds

to a normal condition. We partition the interval using n equally spaced recovery levels,

marked {0, 1, 2, .., n − 1}, from bottom-up, respectively. Let X = {0, 1, 2, .., n − 1} denotes

the set of the recovery levels (see Figure 4.2).
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Figure 4.2: Representation of system’s performance using a set of recovery levels
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In a similar fashion, we partition the total available recovery budget as an ordered set

of levels/sub-intervals B = {m − 1, . . . , 2, 1, 0}, where m − 1 represents the highest budget

interval, and 0 denotes the lowest one. Given the sets X and B , the system state space S is

then defined as:

S = X × B = {(0,m), (0,m − 1), ..., (n, 1), (n, 0)}. (4.1)

In addition, let i and j denote the current system state and the future system state,

respectively, such that i = (x , b) and j = (x + η, b − τ), for η ∈ [0, n − 1], τ ∈ [0,m − 1],

x ∈ X , b ∈ B , and i , j ∈ S .

4.2 Action Space and Generator Matrix

Let Ai denote the set of available actions in state i , where an action’s cost is the cost of

mitigation resources to be allocated to implement the action.

Ai = {a1, a2, ..., aK} for i ∈ S . (4.2)

Let a(i) denote the decision made in state i ; this action can trigger a random transition

out of the state after time ∆t, based on transition rates µij(a). The rates are assumed to be

time-homogeneous, as in Q(a) := [µij(a)] [46]:

Q(a) =



−
∑

j µ0,j µ0,1 ... µ0,|S |

0 −
∑

j µ1,j ... µ1,|S |

...
...

. . .
...

0 0 ... 0


(4.3)
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From Equation 4.3, it is possible to observe that the system cannot return to a previous

state once the recovery process starts.

4.3 Transition Probabilities

The time between transitions is exponentially distributed, so that ∆t ∼ exp(µij(a)) [47].

As mentioned above, transitions between states depend on applying some action, and those

transitions may occur from i to any j , implying that the system recovery process cannot go

backward. Therefore, transitions may improve the current performance level and gradually

recover all normal operative conditions.

There may be scenarios that involve multiple waves of the initial disruption or multiple

disruptions from entirely different sources [23]. However, this formulation only focuses on

recovery and does not consider those scenarios.

We built the Q-matrix in Equation 4.3 based on the previous considerations. From this

matrix we estimate transition probability matrices P(a) for each action a ∈ Ai , by applying

the uniformization algorithm, as referred in [47, 48].

P(a) = I +
1

γ(a)
Q(a). (4.4)

For Equation 4.4, γ(a) ≥ maxi∈S |µii(a)|, and represents the uniform rate parameter. So

that, transition probabilities pij(a) are estimated as follows:

pij(a) =


µij(a)

γ(a)
for i = j ,

1−
∑

i µij(a)

γ(a)
for i ̸= j .

(4.5)

Since the system will not return to a previous state, the probability for a backward tran-

sition is pji(a) = 0. However, when the system reaches an ideal/goal performance interval,

x = n − 1, or the budget for recovery runs out, b = 0, in both cases, the system will be in
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an absorbing state, i.e., pii(a) = 1. This indicates that the recovery process has ended or

cannot continue because of the lack of resources.

4.4 Cost Function and Optimality Equations

Our expected cost function consists of two components. The first component is the setup

cost w(i , a), which is incurred by the system to implement action a in state i . It can include

costs associated with resource planning, logistics setup, equipment setup, and similar costs.

The second component of the function is the penalty cost for partial system functioning,

which depends on the recovery cost rate c(i , a) and the expected transition time. The cost

rate is a parameter usually included in most CTMDP applications [47].

r(i , a) = w(i , a) + c(i , a)E[∆t]. (4.6)

On the other hand, a policy specifies the decision rule to be used at decision periods. It

provides the decision-maker guidelines for action selection under any possible state. Since

the objective is to minimize the total recovery cost finding an optimal policy depends on

solving Bellman’s optimality equations. Thus, we used the discounted model for CTMDP

for defining and determining the optimal value function [47].

v ∗(i) = min
a∈A(i)

{
r(i , a) +

γ(a)

γ(a) + λ

∑
j∈S

p(j |i , a)v(j)

}
for i ∈ S . (4.7)

a∗(i) = arg min
a∈A(i)

{
r(i , a) +

γ(a)

γ(a) + λ

∑
j∈S

p(j |i , a)v(j)

}
for i ∈ S . (4.8)

Herein, v ∗(i) is the optimal expected cost of selecting an optimal action a∗(i) in state i ∈ S .

The optimal stationary recovery policy π∗ is then a sequence of optimal actions taken in

various states during the post-disruption response. Since the proposed methodology is based
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on an infinite horizon CTMDP, the optimal recovery policy is stationary, and it is defined

for the decision-maker as π∗ = (a∗)∞.
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Figure 4.3: Schematic of the CTMDP model



Chapter 5: Study Case: Dique Canal Breach

5.1 Testbed Description

The resource allocation model is applied to a case study examining the economic impacts

of the flood emergency in northern Colombia during the rainfall season in 2010. Due to its

connection to Magdalena river (the longest river in Colombia), the Dique Canal has an annual

cycle in which water levels can vary significantly between the dry (February through April)

and rainfall (May through November) seasons. During the 2010 rainfalls, the water levels

were extreme, reaching the overflow height in August with their maximum peaks between

October and December.

(a) Dique Canal location (b) Flooded area (c) Satellite view

Figure 5.1: Maps and satellite view of the flooded regions (produced by ArcGIS Online).

This unusual increase in the water levels resulted in a breach in one of the Canal’s

sections, followed by flooding of large community and agricultural areas between October

and December. The disaster severely impacted five riverside towns: Suan, Campo de la

Cruz, Santa Lucia, Manati, and Candelaria. The long-lasting consequences affected about

1.1 million people in these locations. Approximately 2.2 billion of cubic meters of water

flooded the lowlands of the area damaging crops, cattle, and critical infrastructure. The

total losses only in the agricultural sector were estimated in USD $180M [49].
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Table 5.1: Timeline of the Dique Canal disaster, [1, 2]

Date Event

30-Nov-10 Dique Canal breaches
13-Jan-11 80% of the flood water in Santa Lucia has receded
25-Jan-11 The breach is completely fixed
27-Jan-11 95% of the flood water in Santa Lucia has been removed
19-Feb-11 30% of the flood water in Campo de la Cruz has receded
14-Mar-11 82% of the flood water has receded
01-Jun-13 A plan to fully recover the canal is presented
Dec-18-20 Expected date for full recovery
Dec-20-20 Actual date of full recovery

Table 5.1 shows the timeline of the events after the rupture between Nov-2010 and Dec-

2020.

5.2 Defining Performance and Budget Intervals

The testbed considers the expected post-disaster behavior of a physical system, where the

initial performance loss is almost instantaneous, and no intervention action is implemented

to mitigate it. We used the habitability index to quantify the recovery of the flooded area

and determine the system’s state in the recovery process. Habitability is a complex concept

related to the notion of quality of life and integrates six social aspects (health, housing,

accessibility, education, economy, and environment)[50]. To estimate the habitability index,

we use the approach suggested in [1], where it is calculated as the percentage of the available

area for normal living conditions in each rural town based on floodwater levels and necessary

infrastructure availability.

For this testbed, we used six nominal intervals of the habitability index based on different

recovery stages, ranging between 0% (no habitability remained) and 100% (full recovery), as

shown in Table 5.2. During the performance levels x = 0 and x = 1, intervention strategies

focus on the initial emergency response. The practical difference between both of them is the

expected costs and time needed to reach full recovery from any of them. We considered the
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same situation for performance levels x = 2 and x = 3, where recovery actions are mainly

focused on infrastructure restoration.

Table 5.2: System performance (habitability index) levels

X
Habitability

(performance)
intervals

Recovery
stages

Description

0 (0, 0.1)
Post-disruption
initial stage

Lowest performance level

1 (0.10, 0.25)
Initial emergency

response
Water removal, humanitarian attention, debris clearance,

temporary housing plan, food supply

2 (0.25,0.40)
Infrastructure & housing
restoration (Phase I)

Critical infrastructure (highways, primary and secondary roads)
housing relocations, and installation of temporary hospitals

3 (0.40,0.65)
Infrastructure & housing
restoration (Phase II)

Housing financial support, healthcare services reactivation,
education services reactivation

4 (0.65, 0.85)
Economic &
business

reactivation

Economic support infrastructure (secondary roads, warehouses,
logistic infrastructure), business support services,

healthcare, and education continuity

5 (0.85, 1)
Community
preparedness

Risk management and disaster prevention.
Non-critical infrastructure restoration

To determine the budget levels set B , we used data from several official sources, including

government institutions and private organizations [49, 2], which estimated that between

$147M and $225M were collected as the recovery fund for the region. We partitioned the

total fund (budget) using ten equally spaced levels, B = {9, 8, ..., 1, 0}.

The state space was then taken as S = {(0, 9), (0, 8), . . . , (5, 1), (5, 0)}, and |S | = 60.

5.3 Intervention Actions and Costs

Given the actual response-recovery duration from November 2010 through December

2020 (see Table 5.1, the planning horizon T was taken to be 10 years for this testbed. For

this total period, five nominal intervention/action strategies were considered: short-term

(labeled as a0), short-medium (a1), medium (a2), long-medium (a3), and long-term (a4). For

each element of the action space A = {a0, a1, a2, a3, a4}, the respective expected time to full
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recovery was assumed to be 36, 48, 60, 90, and 120 months, from the moment of engaging

the strategy and assuming that the strategy remains the same until a complete recovery.

A policy is a rule that maps a system state to an intervention strategy. For our testbed, an

example of a policy is using the short-term strategy during the initial recovery to prioritize

emergency relief for the primary response (water removal, humanitarian logistics, debris

clearance, etc.). Once the initial phase is complete, depending on the system state, the

policy can shift to the medium or long-medium-term strategy for infrastructure intervention

and economic reactivation.

Table 5.3: Dique canal tesbed: actions costs

Performance
levels
X

Action costs
($ Millions)

Disruption loss
cost rate

($ Millions/month)Short
(a0)

Medium-short
(a1)

Medium
(a2)

Medium-long
(a3)

Long
(a4)

0 72.79 63.97 59.55 57.35 55.14 0.70
1 60.66 53.31 49.63 47.79 45.95 0.59
2 48.53 42.64 39.70 38.23 36.76 0.47
3 36.39 31.98 29.78 28.67 27.57 0.35
4 24.26 21.32 19.85 19.12 18.38 0.23

Table 5.3 shows the costs of the actions as a function of the system state. The values

were estimated from publicly available economic data, government reports, journal articles,

and news stories [49]. For any action/state combination, the corresponding cost is bound

by the available budget, which limits the possible actions at a decision maker’s disposal at

that state. The table also shows the estimates of the average economic monthly losses by

being in each of the recovery states (e.g., agricultural loss from the flooding of the croplands,

livestock maintenance cost, etc. [49]).

5.4 Numerical Results

This section shows the results for our testbed, starting with the optimal recovery policy

for the CTMDP model. The policy’s performance is then assessed using a discrete event sim-
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ulation. The results will be analyzed and insights provided, focusing on the model outcomes

and system’s resilience assessment.

5.4.1 Optimal Stationary Policy

We used the value iteration algorithm to obtain the optimal stationary CTMDP policy

using a precision constant of 10−30 and a discount rate α of 5 × 10−5. Table 5.4 shows

the optimal decision for each possible state, i.e., for each pair of the combination between

performance and budget level. For instance, for a performance level of x = 0 and budget

level of b = 9 the optimal decision is a1, which is a medium-short term action with a

implementation cost equals to $63.97M.

Table 5.4: Optimal stationary policy for the Dique canal area recovery

Performance levels (X )

Budget 0 1 2 3 4

levels (B) action cost action cost action cost action cost action cost

9 a1 63.97 a0 60.66 a1 42.64 a1 31.98 a3 19.12
8 a1 63.97 a1 53.31 a1 42.64 a1 31.98 a3 19.12
7 a1 63.97 a1 53.31 a1 42.64 a2 29.78 a3 19.12
6 a1 63.97 a1 53.31 a1 42.64 a2 29.78 a3 19.12
5 a1 63.97 a1 53.31 a2 39.7 a3 28.67 a3 19.12
4 a1 63.97 a1 53.31 a2 39.7 a3 28.67 a3 19.12
3 a2 59.55 a3 47.79 a3 38.23 a3 28.67 a3 19.12
2 a2 59.55 a3 47.79 a3 38.23 a3 28.67 a3 19.12
1 a2 59.55 a3 47.79 a3 38.23 a3 28.67 a3 19.12
0 a3 57.35 a3 47.79 a3 38.23 a3 28.67 a3 19.12

action costs units: $ in Millions

As it can be seen from the table, in general, the policy calls for a medium-short term

intervention in the early stages of the recovery process when the budget allows it. Such

an approach allocates a relatively large amount of resources during the primary response

for immediate emergency relief. The response then subsides to medium and long-medium-

term actions (infrastructure intervention and economic reactivation). The policy avoids long
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interstate transitions trying to balance the intervention costs and the recovery time. In

addition, the policy does not indicate any action when the system is in any state where

x = 5. At that point, the system reaches its pre-disaster level, so the recovery process ends,

and no action is longer needed.

5.4.2 Simulation and Policy Performance Evaluation

We used a MCMC to assess the performance of the optimal recovery policy. We consid-

ered a 95% confidence level and a permissible error of 1.5% to calculate the sample sizes, i.e,

the total number of iterations. The sufficient number of replications for estimating the mean

recovery time and mean recovery cost were 6,305 and 2,365, respectively. Since the com-

putational times were relatively low, we implemented 100,000 iterations. Figure 5.2 shows

system’s recovery patterns for three runs.
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Figure 5.2: MCM Simulation sample for optimal recovery policy
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Table 5.5 shows simulation statistics for the optimal policy compared to two alternative

policies: fastest (which selects short-term actions in all states) and lowest-cost (which selects

long-term actions in all states). The three policies are listed from the highest to the lowest

mean recovery time. In addition, we also compared the mean recovery costs, the budget uti-

lization, and the average resilience of these policies. Further details on resilience assessment

are presented in Section 5.4.3.

Table 5.5: Dique canal testbed: summary of results

Policies
Recovery time

(months)
Recovery costs
($ in Millions)

Budget
utilization

(%)

Average
resilience -

Zobel
(%)

Mean
time

95% Lower
bound

95% Upper
bound

Mean
cost

95% Lower
bound

95% Upper
bound

Fastest 35.96 35.81 36.10 185.98 185.65 186.32 70.02 84.95
OptimaL 71.17 70.87 71.47 181.26 180.90 181.60 59.41 70.51
Low-cost 120.25 119.77 120.74 211.04 210.58 211.50 53.80 49.96

The results show that under the optimal policy, the system returns to its pre-disaster

habitability level between 70 to 72 months, with an average cost of about $181M. As ex-

pected, the mean recovery time for the optimal policy (70 months) is higher than the fastest

(36 months) but lower than the lowest-cost policy (120 months). Thus, the fastest policy

has a better performance in terms of resilience. However, since the objective was to bal-

ance the intervention costs in the system, the optimal policy is the one that ensures the

minimum costs and a reasonable resilience level of 70.51%, only 16% lower than the fastest

policy. Furthermore, the average budget utilization for the fastest policy is 18% higher than

the optimal policy, implying that the cost of implementing actions is lower for the optimal

policy.

The optimal policy also has significant advantages over the government intervention in

the Dique Canal breach. The actual restoration of the communities in the impacted region

took around 120 months to complete, and a total investment between $147M and $225M
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[1, 49, 2]. The optimal policy cuts the recovery time by around 40%, based on the budget

utilization, and reduces the restoration investment to approximately $133M, almost by 10%.

Figures 5.3 and 5.4 show histograms and box plots of the recovery times and recovery

costs for simulations of the three policies.
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Figure 5.3: Recovery times comparison

Table 5.6: ANOVA results for recovery policies (times and costs comparison)

Source of
variation

df
Sum of
squares

Mean
square

f p-value f -critic

Time
Policies 2 2.27× 107 1.13× 107 3641 2× 10−16 2.99
Residuals 18912 5.88× 107 3110.45
Total 18914 8.15× 107

Cost
Policies 2 1.23× 106 6.16× 105 156.3 2× 10−16 2.99
Residuals 7092 2.79× 107 3941
Total 7094 2.92× 107

We carried out a single-factor ANOVA for the recovery time and the cost to determine

if the difference in the performance for the three policies is statistically significant. Results
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Figure 5.4: Recovery costs comparison

are shown in Table 5.6. In addition, we used a t-test for paired policies with a confidence

level of 95% for each combination to obtain further insights (Table 5.7).

Table 5.7: T -test results for recovery policies (times and costs comparison)

Policy
comparison

t
p-value

(two-tail)
t-critical
(two-tail)

Times
Fastest vs. Optimal -50.550 0.0 1.960
Fastest vs. Low-cost -80.209 0.0 1.960
Optimal vs. Low-cost -42.262 0.0 1.960

Costs
Fastest vs. Optimal 2.792 0.005 1.960
Fastest vs. Low-cost -13.257 0.0 1.960
Optimal vs. Low-cost -15.443 0.0 1.960

Expectedly, the fastest policy has the best recovery time, but it also has the highest

budget utilization. The low-cost policy is the worst in terms of time and cost due to the

penalty for long transition times. The optimal policy shows the lowest cost with a decent

recovery time and a budget utilization close to the lowest-cost policy. In addition, we consider
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the resilience assessment as part of the policy performance evaluation. However, we will

discuss further details in the following subsection.

5.4.3 Resilience Assessment

This section shows a resilience based comparison of the three recovery policies. There are

a number of resilience metrics in the literature Generally, they try to capture the dynamics

of a system’s performance level, as the system recovers from a disruption back to normalcy.

In our analysis, we used a resilience triangle type of measure introduced by Zobel [6], which

uses a linear approximation of the average performance level to facilitate both the estimation

of resilience and practical applications of resilience based design. According to the metric,

the system’s resilience at time t is given as:

R = 1− XT

2T ∗ , (5.1)

where T is the total recovery time, X is the initial drop in performance, and T ∗ is the control

time (planning horizon).

In our assessment of resilience for the three policies based on Equation 5.1, we used 100%

of performance loss (based on the records of public reports [49]) and considered a range of

time between 60 and 120 months for T ∗.

Table 5.8: Mean resilience comparison for recovery policies

T ∗ Fastest policy Optimal policy Long-term policy

95% Lower
bound

Mean
resilience

95% Upper
bound

95% Lower
bound

Mean
resilience

95$ Upper
bound

95% Lower
bound

Mean
resilience

95% Upper
bound

60 72.93 73.04 73.15 46.5 46.72 46.95 9.72 10.09 10.45
75 78.35 78.43 78.52 57.2 57.38 57.56 27.78 28.07 28.36
90 81.96 82.03 82.1 64.33 64.48 64.63 39.82 40.06 40.3
105 84.53 84.6 84.66 69.43 69.56 69.69 48.41 48.62 48.83
120 86.47 86.52 86.58 73.25 73.36 73.48 54.86 55.05 55.23

Planning horizon (T ∗) in months
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The results are listed in Table 5.8. Since the metric is a function of time, lower recovery

times imply higher resilience. In this case, the fastest policy has the highest resilience but

also highest recovery costs and budget utilization. In our model, we tried to find a balance

between resilience and its cost. In that sense, the optimal policy minimizes the recovery cost

and attains a reasonable resilience level (as compared to that of the fastest policy).
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Figure 5.5: Average resilience comparison for recovery policies

Figure 5.5 shows the dynamics of resilience over time for the three policies. The optimal

policy was again in-between the fastest and long-term policies. It can also be noted that as

recovery progresses, the rate of resilience gain is higher for the optimal policy than for the

fastest policy, which implies that the system can reach its normalcy relatively faster.
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5.4.4 Recovery Probabilities Distribution

Some authors have used the distribution of recovery time T (known as recovery proba-

bilities) as a metric for resilience quantification under uncertain conditions [29, 51, 52]. In

this section, we compare the three recovery policies using such a metric. Since our CTMDP

model assumed independent and exponentially distributed sojourn times, we expected T to

follow a gamma distribution. We applied the maximum likelihood method to find the point

estimators of the distribution’s shape (Equation 5.2) and scale parameters (Equation 5.3)

for each of the policies [53]

α =
1

2 log
∑N

i
Ti

N
− 2

∑N
i

logTi

N

(5.2)

β =
1

αN

N∑
i

Ti , (5.3)

where N is the sample size (total number of simulation runs) and Ti is the recovery time of

simulation i .

Table 5.9: Estimated values of α and β parameters of Ti distributions and recovery
probabilities

Policies
Parameters Probabilities

α β P(T < 36) P(T < 48) P(T < 60) P(T < 90) P(T < 120)

Fastest 2.243 16.073 0.589 0.749 0.853 0.966 0.993
Optimal 2.003 35.395 0.270 0.393 0.505 0.721 0.852
Long-term 2.249 53.495 0.103 0.169 0.242 0.427 0.588

T (time in months)

Figure 5.6 shows schematics of the estimated T distributions for three recovery policies

(see Table 5.9 for distribution parameter values as well as the estimated values of the recovery

probabilities for a number of time intervals for the three policies). From the table and the

picture, it is highly probable that implementing either the fastest or, to a lesser extent, the
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optimal policy can fully recover the system within 120 months. The marginal rate of increase

in the recovery probability during the initial phases is noticeably higher for the fastest policy,

which then reaches a saturation at about 80 months into the recovery. Notwithstanding its

higher budget utilization, the fastest policy could be a better choice, if a rapid recovery in

short term is the goal.
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Figure 5.6: Recovery probabilities comparison

Since both policies emphasize allocating resources during the early stages of the recovery

process, in practice, an expedited primary response is essential to a rapid increase in the

recovery probabilities. At the same time, even though late recovery stages are essential to

returning to pre-disruption conditions, moderate amounts of resources during the infrastruc-

ture intervention and economic reactivation can enable attaining high recovery probabilities

within 120 months. This outcome can be explained by the emphasis both policies put on

emergency relief during the early stages of the recovery process.

Additionally, we also remark that even though late recovery stages are essential to return

to the pre-disruption conditions, relatively moderate amounts of allocated resources during
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the infrastructure intervention and economic reactivation facilitate high recovery probabil-

ities. This approach on the decision-making is relevant if we consider that implementing

medium and long-medium-term actions is necessary to balance total intervention costs.
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Chapter 6: Study Case: Pandemic Outbreak Mitigation

6.1 Mitigation Oriented Model

In a pandemic outbreak, mitigation strategies aim to reduce the social impacts (e.g.,

deaths by infection), avoid the collapse of healthcare facilities, and prevent the disruption

of essential services. The most prudent approach is to expand medical capacity as much

as possible while lowering the expected healthcare service demand by limiting virus spread.

Postponing a rapid upswing of cases and reducing the infected peak would allow a better

match between the number of ill individuals requiring hospitalization and a community’s

capacity to provide medical care for those individuals (see Figure 6.1) [54].

Nevertheless, it’s improbable that the most effective tool for mitigating a pandemic (i.e.,

a well-matched pandemic strain vaccine) will be available. So, non-pharmaceutical interven-

tions (NPIs) may help to reduce virus transmission by reducing contact between sick and

uninfected individuals, thereby reducing the number of infected cases. Non-pharmaceutical

interventions typically include social distancing, isolation, lockdowns (workplaces/schools

closures), and travel restrictions [54].

This focus on reducing potential losses increases the system’s absorptive capacity and

enhances its resilience. However, implementing aggressive NPI actions produces significant

economic impacts in the communities [12]. For instance, through the recent COVID-19

crisis, the implementation of lockdown measures involved decrements in the international

economic growth [8]. In the USA, projections of GDP impacts exceed those for the Great

Recession, with losses ranging between $3.2 and $5 trillion [55]. In developing countries

like Colombia, preventive isolation measures aggravated the vulnerability conditions for the

population, where the poverty levels increased from 1.5 to 4.4 million people [56, 57].
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Figure 6.1: Delaying outbreak peak

NPI’s economic effects involved negative consequences on the quality of life of individuals

in a community. So, our primary goal with this pandemic testbed is to mitigate social and

economic impacts by lessening the number of infected and balancing the intervention costs.

We do so by implementing some adjustments into our MDP model.

Figure 6.2 shows the new summary schematic of our modeling framework under a pan-

demic mitigation scenario. Changes in the state space, generator matrix, and cost function

are proposed to fit the model to the above considerations. In what follows, we present further

details of these adjustments.
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Uniformization
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1
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Where 𝛾𝛾 is the uniform 
rate parameter

𝛾𝛾(𝑎𝑎) = max
𝑖𝑖

|𝑞𝑞𝑖𝑖𝑖𝑖 𝑎𝑎 |

Action set
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𝑤𝑤 𝑖𝑖,𝑎𝑎 is the productivity loss cost 
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Figure 6.2: Schematic of the CTMDP model for pandemic mitigation.



6.1.1 State Space for Pandemic Mitigation

We consider a community monitored within the time interval [0,T ] during a pandemic

outbreak. Decisions are made at the end of the time interval [0, t], where t represents the

accumulative time until the next decision and 0 ≤ t ≤ T .

Additionally, we referred to the traditional SIR model for pandemic dynamics for our

state space definition [58], where a large population of N individuals and a disease in which

infection spreads by contact between individuals. Each individual is susceptible, infectious,

or recovered at any time. Once a susceptible person becomes infected, they eventually die,

are isolated, or recover and become immune. Thus, at any time, the population is comprised

of a proportion x(t) of susceptible individuals, a proportion y(t) of infected and circulating

individuals, and a proportion z(t) of individuals who either have been removed (by death or

isolation) or are immune. Therefore,

x(t) + y(t) + z(t) = 1 for t ∈ [0,T ]. (6.1)

Since the main goal is to delay a rapid upswing of infected cases and lower the epidemic

peak, the current model focuses on the proportion of infected individuals y(t). This propor-

tion is taken to be the interval [0, L], where 0 represents the total lack of infected individuals

and L is the final proportion of infected individuals, and L ∈ (0, 1]. We replicate the approach

we used in the Dique Canal testbed and partition the interval using n infected individuals

levels, marked {0, 1, 2, .., n−1}, from the bottom-up, respectively. Let Y = {0, 1, 2, . . . , n−1}

denote the set of infected cases levels within the [0,T ] interval.

In our pandemic testbed, we considered the following set of percentage infected cases

intervals {(0, 0.05), (0.05, 0.1), (0.1, 0.25), (0.25, 0.65), (0.65, 100)}, and set Y = {0, 1, 2, 3, 4}.

To determine the set of budget levels B , we assumed a large enough budget for the entire

mitigation process. Similarly to our procedure in the previous chapter, we partitioned the

total fund using ten equally spaced levels, B = {9, 8, . . . , 1, 0}.

36



The state space was then taken as S = {(0, 9), (0, 8), ..., (4, 1), (4, 0)}, so |S | = 50.

6.1.2 Transition Rates for Pandemic Mitigation

In this pandemic mitigation testbed we consider the proportion of individual infected

cases as a performance metric to track the community response during a virus propagation.

This proportion of individuals may rise or lessen depending on the pandemic’s dynamics

over time. Furthermore, multiple waves with peaks in the number of infected individuals

are typically expected in a pandemic outbreak [59]. Figure 6.3 illustrates a multiple waves

pandemic scenario.
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Figure 6.3: Multiple waves pandemic outbreak
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The CTMDP model can capture the above behavior by allowing forward and backward

transitions between the states. We expand the rate transition matrices and consider mitiga-

tion rates for all possible transitions (see Equation 6.2).

Q(a) =



−
∑

j q0,j q0,1 ... q0,|S|

q1,0 −
∑

j q1,j ... q1,|S|
...

...
. . .

...

q|S |,0 q|S|,1 ... −
∑

j q|S|,j


(6.2)

From Equation 6.2, it is possible to observe that the system can return to a previous state

once the mitigation process starts. In addition, mitigation rates are not time functions, so

the Q-matrix for the model is time-homogeneous.

6.1.3 Cost Function for Pandemic Mitigation

The pandemic mitigation costs function resembles the costs function for the Dique Canal

testbed. In this case, we also consider two cost components. The first component is the setup

cost, which represents the economic impacts of implementing an NPI action. For instance,

it can include costs associated with mandatory quarantines or the closure of workplaces and

schools. The second component is the cost of keeping infected individuals in the population.

This cost can include the cost of medical treatment and healthcare services and the death

toll costs.

r(i , a) = w(i , a) + cm(i , a)E[y(t)]. (6.3)

In Equation 6.3, w(i , a) represents the setup cost, cm(i , a) is the medical treatment cost

rate per infected individual, and E[y(t)] is the expected number of infected cases at time t.

Notice that for our testbed, we only focus on the infected individuals, so we do not include

any penalties for deaths in the model.
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6.2 Testbed Description

For the pandemic testbed, we used the latest version of the agent-based (AB) simulation

model developed in preceding studies of influenza pandemics by [17, 5, 18]. This simulation

model reproduces an influenza pandemic outbreak in a population of 1.2 million individuals.

In addition, the model deems epidemiological parameters, including the incubation and latent

period, demographic information, infection process, contact process, and disease’s natural

history. Figure 6.4 shows the schematic of the AB simulation model.

AB Simulation
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Generate infected 
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day

For each susceptible, keep 
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Calculate: Force 
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Update health 
status of 

individuals

Sim. 
Condition
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Report disease 
burden

Yes
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Begin new day

Figure 6.4: AB simulation model schematics [5, 4]

The simulation model generates individuals and their households in an outbreak region.

Afterward, the model assigns schools, workplaces, and communities and the daily activity

schedule appropriate for different types of individuals. An outbreak is triggered when the

model releases infected individuals in the population, and then it keeps track of the daily

status of each person. Susceptible individuals become infected depending upon the force
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of the infection [17, 5, 4]. Then, the infected follow the disease’s natural course and either

recover and become immune or die.

We ran the AB model and tested 30 combinations of non-pharmaceutical interventions,

including isolation, household quarantine, and school and workplace closure. Table 6.1 dis-

plays the parameter generator functions. Parameters’ values are not modified once we gener-

ate them for a single simulation run. For all the combinations, we deemed the same disease

propagation scenario, i.e., the force of the infection.

The output summary file for each simulation model run contains relevant information

on intervention costs and pandemic dynamics, e.g., the number of infected, recovered, and

deceased individuals. In our testbed, we used the number of infected patients in each state

as input to estimate the transition rates and build the transition rate matrices for all NPI

combinations. In addition, we also used the data from the summary file to estimate the

parameters for the mitigation cost function.

6.3 Numerical Results

This section presents the results of the pandemic tested. Where we replicated the struc-

ture, we followed in Chapter 5, starting with the optimal mitigation policy for the CTMDP

model. Then, the policy’s performance is assessed via discrete event simulation. Finally, the

results will be analyzed, and insights provided, focusing on the policy’s performance and the

system’s resilience assessment.

6.3.1 Optimal Stationary Policy

We again implemented the value iteration algorithm to retrieve the optimal stationary

policy. For this testbed, we considered a constant of 10−2 and a discount rate α of 10−5.

Table 6.2 shows the optimal decision for each of the states (infected cases level and budget

level). On the other hand, Table 6.3 shows a detailed description of each one NPIs in the

optimal policy. For instance, for the infected cases level y = 0 and budget level b = 9, the
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Table 6.1: NPIs generator functions [3, 4]

Non-Pharmaceutical
Interventions (NPIs)

Description Parameters

Global threshold
Number of cases needed to declare an
outbreak of influenza

10

Deployment delay Time necessary to fully deploy NPIs Uniform (3,7)

Case isolation period
Time that an infected individual should
stay at home

Uniform (7,10)

Case isolation compliance
for workers

Compliance rate for workers Uniform (0.53,0.75)

Case isolation compliance for
non-workers

Compliance rate for
non-workers

Uniform (0.57,0.84)

Household quarantine period
Time that a household member
is restricted to move

Uniform (7,10)

Household compliance
of workers

Compliance rate for workers’
households

Uniform (0.53,0.75)

Household compliance
of non-workers

Compliance rate for non-workers’
households

Uniform (0.57,0.84)

Cases to close a class
in a school

Number of infected students in
a class to close the class

Uniform (1,3)

Classes to close a school
Number of closed classes to
close a school

Uniform (1,3)

School closure period Time that a school remains closed Uniform (14,42)

Cases to close a department
in a workplace

Number of workers in a department
to close the department

Uniform (3,5)

(%) of departments to close a
workplace

Percentage of closed departments
to close a school

Uniform (0.3,0.6)

Workplace closure duration
Time that a workplace remains
closed

Uniform (7,14)

optimal decision a7 calls for a combination of NPI which considers an isolation period of 7

days, 14, and 7 days of schools and workplaces closure, respectively.

As seen from Tables 6.2 and 6.3, in general, NPIs combinations in the optimal policy

consider isolation periods between 7 and 14 days and schools and workplaces’ closures pe-

riods between 7 and 21 days. The policy tends to be more moderate in the early stages of
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Table 6.2: Optimal stationary policy for pandemic outbreak mitigation

Budget
Levels (B)

Infected Cases Levels (Y )

0 1 2 3 4

NPI cost NPI cost NPI cost NPI cost NPI cost

9 a3 1.10 a4 0.86 a29 173.63 a14 681.67 a27 408.85
8 a3 1.10 a4 0.86 a29 173.63 a14 681.67 a27 408.85
7 a3 1.10 a3 2.23 a29 173.63 a14 681.67 a27 408.85
6 a3 1.10 a3 2.23 a29 173.63 a14 681.67 a27 408.85
5 a3 1.10 a3 2.23 a29 173.63 a14 681.67 a27 408.85
4 a3 1.10 a3 2.23 a29 173.63 a14 681.67 a27 408.85
3 a3 1.10 a3 2.23 a29 173.63 a14 681.67 a27 408.85
2 a3 1.10 a7 1.11 a29 173.63 a14 681.67 a27 408.85
1 a3 1.10 a7 1.11 a29 173.63 a14 681.67 a27 408.85
0 a7 1.28 a7 1.11 a29 173.63 a10 581.65 a27 408.85

all costs are in $ millions

the pandemic outbreak, suggesting isolation periods of 7 days and school closure duration

between 14 and 21 days. Afterward, especially in the high and mid-levels of the infected

number, the policy became more aggressive by doubling the isolation period and fixing the

schools’ closure up to 21 days.

Additionally, since triggers for activating quarantine and closure measures show the pol-

icy’s sensitivity level, they are essential for establishing its effectiveness against virus prop-

agation. For instance, at the beginning of the mitigation process, the percentage of depart-

ments for a workplace closure is between 40% and 60%. Then, the interval falls between

30% and 50% in the late stages. Such an approach implies the policy is balancing the costs

of the isolation measures for workplace closures and the social impacts (medical treatment

costs and deaths) of virus propagation. This emphasis on reducing the economic effects on

the population is also noticeable when the policy recommends the lowest possible period (7

days) for workplace closures in most cases.
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Table 6.3: NPIs combinations in the optimal policy for pandemic mitigation

NPIs
Parameters Combinations

a3 a4 a7 a10 a14 a27 a29

Global threshold 10 10 10 10 10 10 10
Deployment delay 7 days 7 days 3 days 7 days 3 days 7 days 3 days
Case isolation threshold 1 days 1 days 1 days 1 days 1 days 1 days 1 days
Case isolation period 7 days 14 days 7 days 7 days 7 days 14 days 14 days
Case isolation compliance for workers 68% 64% 53% 72% 60% 67% 70%
Case isolation compliance for non workers 75% 73% 64% 63% 75% 74% 77%
Household quarantine threshold 1 days 1 days 1 days 1 days 1 days 1 days 1 days
Household quarantine period 8 days 8 days 8 days 7 days 9 days 10 days 8 days
Household compliance of workers 62% 63% 75% 72% 71% 72% 73%
Household compliance of non workers 64% 57% 79% 64% 72% 57% 58%
Cases to close a class in a school 2 2 1 3 3 1 3
Classes to close a school 1 1 3 3 3 1 1
School closure period 21 days 21 days 14 days 14 days 14 days 21 days 14 days
Cases to close a department in a workplace 5 5 5 5 5 5 5
(%) of departments to close a workplace 40% 50% 60% 50% 50% 40% 30%
Workplace closure duration 7 days 7 days 7 days 14 days 7 days 7 days 7 days



6.3.2 Policy Simulation and Performance Assessment

We used an MCMC simulation to assess the performance of the optimal mitigation policy

before the population reaches a cumulative proportion of 15% of infected cases. We con-

sidered a 95% confidence level and a permissible error of 1.5% to calculate the sample sizes

(total number of iterations). The necessary number of iterations for estimating the mean

time and mitigation cost were 10,490 and 27,834, respectively. However, we implemented

50,000 iterations since the computational times were relatively low. Figure 6.5 shows the

pandemic mitigation patterns for three sample runs.
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Figure 6.5: MCMC Simulation sample for optimal pandemic mitigation policy

Table 6.4 shows the simulation statistics summary for the optimal policy compared to

the baseline scenario (no intervention) and three alternative mitigation policies:

- Min-time: selects the actions with the shortest expected transition times.
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- Max-time: selects the actions with the longest expected transition times.

- Max-cost: selects the combination of actions that maximizes the mitigation costs.

We focused our analysis on two parameters, the time to reach 15% of total infected

individuals and mitigation costs. The results of the resilience assessment comparison are

presented in Section 6.3.3.

Table 6.4: Pandemic testbed: summary of results

Policies
Propagation
Times (days)

Mitigation Costs
($ hundred of millions)

Mean
Times

95% Lower
bound

95% Upper
bound

Mean
Costs

95% Lower
bound

95% Upper
bound

Optimal 145.32 144.13 146.51 4.14 4.09 4.20
Min-Time 142.22 141.08 143.36 13.85 13.76 13.94
Max-Time 170.41 169.26 171.55 141.42 140.59 142.25
Max-Cost 209.08 207.71 210.44 154.96 154.08 155.84
Base-Line 119.75 118.82 120.68 25.17 24.99 25.35

Propagation times for up to 15% of population infected cases

The results from Table 6.4 show that under the optimal policy, the proportion of cu-

mulative infected individuals reaches 15% after 145-146 days of the first contagion, with a

total average mitigation cost of about $414 M. Notice that higher propagation times imply

a reduction in the number of infected individuals. As expected, the max-time and max-cost

policies were more effective in delaying virus propagation, with mean times 42% and 75%,

respectively, higher than the baseline scenario, while the optimal and the min-time policies

had a relatively good performance, 21% and 19%higher than the baseline scenario. However,

since the main objective was to minimize the intervention cost, the optimal policy yielded

the minimum mitigation cost, which was 84% lower than the baseline and 97% lower than

the max-cost policy.

Figures 6.6 and 6.7 show histograms and box plots of the virus spread times and mitiga-

tion costs for all simulated scenarios.
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Figure 6.6: Virus propagation times comparison

We carried out a single-factor ANOVA for the virus propagation times and the mitiga-

tion costs to determine if the difference in the performance for all simulated scenarios is

statistically significant. Results are shown in Table 6.5.

Table 6.5: ANOVA for mitigation policies (times and costs comparison)

Source of
variation

df
Sum of
squares

Mean
square

f p-value f -critic

Time
Policies 4 2.20× 108 5.49× 107 3641 2× 10−16 2.99
Residuals 237500 4.18× 109 17597
Total 237504 4.40× 109

Cost
Policies 2 1.23× 106 6.16× 105 156.3 2× 10−16 2.99
Residuals 7092 2.79× 107 3941
Total 7094 2.92× 107

Results do not differ from our expectations. The max-cost and max-time policies are

the most effective in reducing virus propagation, but they also have the most significant

economic impacts on the system. On the other hand, the min-time policy performs similarly

46



Optimal Min-Time Max-Time Max-Cost Base-Line
Policies

0

1

2

3

4

M
iti

ga
tio

n 
Co

st
s (

$)

1e10

Figure 6.7: Pandemic mitigation costs comparison

to the optimal policy but has relatively considerable economic effects. Overall, the four

policies involve improving the system response against the virus spread at different levels.

Still, the optimal policy minimizes the costs for the pandemic mitigation and significantly

reduces the economic impacts on the system.

6.3.3 Resilience Assessment

This subsection presents a resilience-based comparison of all the scenarios examined in the

above section (Section 6.3.2). In the resilience assessment, we used the measure introduced

in [4] for resilience and preparedness during pandemic outbreaks. This metric quantifies

resilience levels through the average performance and cumulative loss functions. In addition,

it easily incorporates into the simulation model to be implemented.
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The metric considers the fraction of the healthy population over time, H(t), as the critical

performance variable to quantify the community response during the virus propagation.

H(t) = H(t − 1)− Y (t) + Rec(t)

N −
∫ T

0
D(t)

(6.4)

In Equation 6.4, Y (t) represents the number of infected individuals at time t. Likewise,

Rec(t) represents the number of recovered, and D(t) is the number of deaths due to the

virus at time t, respectively. Finally, N denotes the initial population size, and parameter

T is the number of days since the beginning of the outbreak.

R =

∫ TOE+TLC

TOE

H(t)

TLC
dt (6.5)

Equation 6.5 shows the global resilience metric for pandemic disruption scenarios. The

parameter TOE is the starting moment of the outbreak, and TLC corresponds to the control

time. Typically, this time is greater or equal to the recovery time, and the decision-maker

defines it. Nevertheless, in the context of our testbed, TLC represents the expected time

to reach 15% of infected individuals from the population since it is the control time for

MCMC simulation. This metric ranges between 0 and 1 and indicates how well the system

withstands the disruption.

Table 6.6: Mean resilience comparison for mitigation policies

Policies
Resilience Statistics

Mean
Standard
Deviation

CV
95% Lower
bound

95% Upper
bound

Optimal 85.86 2.52 0.029 85.83 85.88
Min-Time 86.05 2.64 0.031 86.02 86.07
Max-Time 88.10 2.95 0.033 88.07 86.12
Max-Cost 88.05 3.10 0.035 88.02 88.07
Base-Line 86.36 2.86 0.033 86.34 86.39

Resilience values in (%)
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Figure 6.8: Average resilience comparison for mitigation policies

Figure 6.8 shows statistically significant differences between the four policies and the

baseline scenario results. However, Table 6.6 shows that those differences from a practical

perspective are not considerable. Notice that the confidence intervals are extremely close

and nearly overlap.

In general, the mean resilience for all tested scenarios is between 85% and 88%. This

result is an expected outcome since the cumulative number of infected does not overpass

15% of the total individuals in the population. In this case, the resilience metric captures

the system’s absorptive capacity for all the scenarios, so the resilience assessment reflects

the performance loss during the early stages of the pandemic outbreak. This loss is reflected

in the number of infected individuals.
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6.3.4 Virus Propagation Probabilities

In this subsection, we replicate our approach to determine the recovery probabilities for

the Dique Canal testbed. However, the emphasis is on the virus spread during the MCMC

simulation control time in this case. Since our CTMDP model still assumes independent

and exponentially distributed sojourn/transition times, times for virus propagation, Ti , are

expected to follow a gamma distribution. Once again, we applied the maximum likelihood

method to find the point estimators of the distribution’s shape and scale parameters for all

simulated scenarios. Results are listed in the Table 6.7.

Table 6.7: Estimated values α and β parameters of Ti distributions and virus propagation
probabilities

Policies
Parameters Probabilities

α β P(T > 30) P(T > 60) P(T > 90) P(T > 120) P(T > 180)

Optimal 1.28 113.89 0.86 0.71 0.58 0.46 0.29
Min-Time 1.49 95.19 0.89 0.74 0.59 0.47 0.28
Max-Time 1.50 113.32 0.91 0.79 0.66 0.55 0.37
Max-Cost 1.55 134.78 0.94 0.84 0.74 0.64 0.46
Base-Line 1.37 87.63 0.84 0.66 0.51 0.39 0.21

T (time in days)

Figure 6.9 shows schematics of the estimated Ti distributions for the four policies and

the baseline scenario.

Probabilities analysis provides insights regarding the policies’ effectiveness to retard the

virus spread in the population. For instance, the marginal rate of increase in the probability

curve during the initial phases is noticeably lower for the max-cost policy, which then reaches

saturation at about 135 days into the pandemic mitigation process. Notwithstanding its

higher economic impacts, the max-cost policy could be a better choice if minimizing the

virus propagation were the objective.

Overall, all policies provide preferable scenarios compared to the baseline. However,

the optimal policy shows a reasonable effectiveness level against virus propagation despite
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Figure 6.9: Virus propagation probabilities comparison

its moderate approach to suggesting isolation and closure periods. Hence we can state

the optimal policy performs relatively nicely while minimizing the community’s economic

impacts.
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Chapter 7: Conclusions

This dissertation’s main goal is to provide a decision support model for the post-disruption

resource allocation to balance the costs of resilience. We employed a stochastic dynamic

approach, more precisely a CTMDP formulation, since the post-disaster response can be an-

alyzed as a random process. The proposed model considers a bivariate state space based on

the system’s performance and available budget, resources to allocate in a particular decision

period, and exponentially distributed transition times.

7.1 Summary of Results

The model’s primary outcome is the optimal stationary policy, i.e., the optimal sequence

of actions (resources to allocate) for all decision periods. We used the value iteration algo-

rithm to derive the optimal stationary policy for two testbed scenarios: the Dique Canal

rupture in northern Colombia and a pandemic influenza outbreak via agent-based simula-

tion. We also assessed the policies’ performance via simulation and focused our analysis

on key parameters: recovery and virus propagation times, mitigation costs, average budget

utilization, and average resilience.

In the Dique Canal testbed, we compared the optimal policy versus two other policies, the

fastest policy (ensures minimal recovery time) and the lowest-cost policy (ensures minimal

budget utilization). Afterward, we found that the mean recovery time for the optimal policy

is around 97% higher than the fastest policy and 69% lower than the lowest-cost policy. The

recovery cost gap among the three policies is not very large; the optimal policy is 2% lower

than the fastest policy and 16% lower than the lowest-cost policy. However, the average
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budget utilization for the fastest policy is 18% higher than the optimal policy, which implies

that the cost of implementing actions is lower for the optimal policy.

In the pandemic testbed we compared the optimal policy versus the baseline scenario

(no intervention) and three alternative policies: the min-time policy (ensures the shortest

transition times), the max-time policy (guarantees the slowest transition times), and the

max-cost (maximizes the mitigation costs). Results showed that under the optimal policy,

the proportion of total infected individuals in the population goes to 15% after 145-146 days

from the beginning of the outbreak, with a total average mitigation cost of about $414 M. As

expected, the optimal policy minimized the economic impacts on the system. The mitigation

cost for the optimal policy was 84% lower than the baseline and 97% lower than the max-cost

policy.

Simulation enabled us to generate data to identify the recovery and propagation times

distributions. Since the total times are the summation of exponentially independent transi-

tion times, recovery and propagation times for both testbeds fit a gamma distribution.

7.2 Key Findings

The implementation of both testbeds suggests significant insights. In the Dique Canal

case, the optimal recovery policy calls for an intensive intervention in the early recovery

stages, allocating a relatively large amount of resilience resources during the primary response

for emergency relief. At the same time, medium and long-medium-term actions play a

significant role in balancing total recovery costs during the infrastructure intervention and

economic reactivation phases. A proper cost function is essential in attaining an equilibrium

between the speed and the cost of response.

For the pandemic mitigation testbed, the baseline scenario proved that a no-intervention

approach has significant economic impacts on the system by allowing a rapid uprising in

the peak of infected individuals and increment of the medical treatment and healthcare

services costs. However, more aggressive approaches to containing virus spread also proved
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to involve considerable economic effects on the population’s individuals since they suggest

extended periods of isolation and school and workplace closures. Longer periods imply losses

in the community’s productivity. So, chasing resilience improvement without regard to costs

is meaningless. In that sense, the optimal policy recommends a moderate intervention to

reduce the infected number and minimize the costs.

7.3 Contributions

This research’s first contribution aims to present a broader framework for resilience en-

hancement by considering standard parameters in the resilience literature and focusing on

disruption mitigation and a system’s recovery response. The framework enables a compre-

hensive approach to understanding the dynamics of a system’s resilience by modeling the

post-disruption response as a Markov process. Moreover, thanks to the multiple waves’ dy-

namic in our pandemic outbreak testbed, we also proved that the framework provides the

basics for incorporating multiple disruptions scenarios in decision-making.

Secondly, we offer a suitable function to quantify resilience costs by considering the costs

of intervention and the costs of having a disrupted system with partial performance. We

incorporated this function into our CTMDP model to balance the costs of resilience and

derived the optimal policy for both testbeds that ensures acceptable resilience levels with

minimal cost.

Finally, we also remark that a dynamic stochastic approach enables proactive decision

support to allocate system resources for the post-disruption mitigation process. Stochastic

dynamic modeling is better than static deterministic models because it fits the random

behavior of a resilience dimension, such as the recovery time. Furthermore, it allows a

decision-maker to select the best possible action for different scenarios.
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7.4 Future Research and Model Limitations

The proposed stochastic optimization model aims to enhance the overall resilience as-

sessment of a system by improving either the disruption mitigation or the recovery process.

Nonetheless, a broader approach should integrate both resilience dimensions (absorptive and

recovery) in the system’s response.

The most straightforward path to address this problem seems to incorporate mitigation

actions to reduce the performance losses and allow backward transitions into the model. This

approach implies the necessity of a transition rate function that helps the model decide those

states where it is better to allocate resources for mitigation rather than recovery. Further-

more, we may need to consider the disruption intensity to build this transition rate function.

This function may work as a sort of balance equation such that depending on the difference

between the intensity and resources to allocate for a particular state, the probability of a for-

ward (recovery) or a backward (mitigation) transition may change. However, the disruption

intensity will add new challenges to this problem since it is time-dependent and transforms

the model into a non-homogeneous Markov process. To the best of our knowledge, there is

no exact solution method for those kinds of models. We could consider disruption intensity

constant for long-lasting disruption scenarios, but there is no guarantee to derive an optimal

policy.
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