
   

 

A MODEL FOR THE SYNCHRONIZATION OF ROAD CLEARING ACTIVITIES 

WITH RELIEF SUPPLY DISTRIBUTION AFTER A NATURAL DISASTER 

 

 

by 

 

 

 

Luana Souza Almeida 

 

 

 

Submitted in partial fulfilment of the requirements 

for the degree of Doctor of Philosophy 

 

 

at 

 

 

Dalhousie University 

Halifax, Nova Scotia 

June 2023 

 

 

 

 

 

 

 

© Copyright by Luana Souza Almeida, 2023  



   

 

ii 

 

Dedication Page 

 

 

 

 

 

 

 

 

 

 

 

This thesis is dedicated to my family (Daniel, Dinah, and Lídia), and all the victims of 

natural disasters. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

 

iii 

 

TABLE OF CONTENTS 

 

LIST OF TABLES .............................................................................................................. vi 

LIST OF FIGURES .......................................................................................................... vii 

ABSTRACT ........................................................................................................................ ix 

LIST OF ABBREVIATIONS USED .................................................................................. x 

ACKNOWLEDGEMENTS .............................................................................................. xii 

CHAPTER 1: Introduction .................................................................................................. 1 

1.1 Background and motivation .................................................................................. 1 

1.2 State of the art ....................................................................................................... 3 

1.2.1 State of the art of road clearing network models ........................................... 3 

1.2.2 State of the art of network models for synchronizing road clearing activities 

with the distribution of relief supplies ........................................................................... 7 

1.3 Objectives and structure of the thesis .................................................................... 9 

CHAPTER 2: Problem definition ...................................................................................... 13 

2.1 Road clearing – MPC-ARCP .............................................................................. 13 

2.2 Multi-modal distribution of relief supplies - CIRCULATIONS ......................... 16 

CHAPTER 3: Road clearing model ................................................................................... 19 

3.1 Solution approaches for the MPC-ARCP ............................................................ 19 

3.1.1 The Mixed Integer Programming model to MPC-ARCP ................................ 19 

3.1.2 Preliminary solution approaches to MPC-ARCP ............................................ 24 

3.1.2.1 GRASP to KPC-ARCP .................................................................................... 25 

3.1.2.1.1 Constructive heuristic to the KPC-ARCP .................................................... 27 

3.1.2.1.2 Algorithm to calculate the team’s route duration ........................................ 30 

3.1.2.2 ACO to KPC-ARCP ........................................................................................ 31 

3.1.3 A hybrid metaheuristic to the MPC-ARCP ..................................................... 34 



   

 

iv 

 

3.1.3.1 Initial population .............................................................................................. 36 

3.1.3.2 Fitness evaluation, elitism, and natural selection ............................................ 37 

3.1.3.3 Crossover ......................................................................................................... 38 

3.1.3.4 Mutation ........................................................................................................... 39 

3.2 Benchmark instances to the MPC-ARCP ............................................................ 40 

3.3 Numerical experiments ....................................................................................... 44 

CHAPTER 4: Results of research objective 1 ................................................................... 47 

4.1 Tests on the GRASP to the KPC-ARCP ............................................................. 47 

4.2 Comparative tests of the KPC-ARCP metaheuristics ......................................... 49 

4.3 Tests on the MIP to the MPC-ARCP .................................................................. 53 

4.4 Tests on the hybrid metaheuristic to the MPC-ARCP ........................................ 57 

CHAPTER 5: Road clearing and the multi-modal distribution of relief supplies ............. 61 

5.1 Solution approach to CIRCULATIONS ............................................................. 61 

5.1.1 Relief supply distribution by ships .................................................................. 64 

5.1.2 Relief supply distribution by trucks ................................................................. 69 

5.1.3 Relief supply distribution by helicopters ......................................................... 70 

5.2 The plausible M9.0 Cascadia Megathrust Earthquake scenario ......................... 71 

5.3 Model illustration ................................................................................................ 73 

CHAPTER 6: Results of research objective 2 ................................................................... 75 

CHAPTER 7: Discussion ................................................................................................... 79 

7.1 Study limitations ................................................................................................. 79 

7.2 Future research .................................................................................................... 82 

CHAPTER 8: Conclusion .................................................................................................. 85 

REFERENCES .................................................................................................................. 89 

APPENDIX A. Publication I ............................................................................................. 97 

APPENDIX B. Publication II .......................................................................................... 116 



   

 

v 

 

APPENDIX C. Publication III ......................................................................................... 143 

APPENDIX D. Publication IV ........................................................................................ 162 

APPENDIX E. Publication V .......................................................................................... 169 

APPENDIX F. Publication VI ......................................................................................... 203 

APPENDIX G. Publication VII ....................................................................................... 218 

APPENDIX H. Publication VIII ...................................................................................... 234 

APPENDIX I. Publication IX .......................................................................................... 279 

 

 

  



   

 

vi 

 

LIST OF TABLES 

Table 1. Summary of Arc Routing for Connectivity Problems ........................................... 6 

Table 2. Summary of road repair and restoration models synchronized with the 

distribution of relief supplies ............................................................................................... 9 

Table 3. Decision variables - MPC-ARCP, from PII ......................................................... 20 

Table 4. GRASP and ACO parameters to the KPC-ARCP used in the second experiment, 

based on PVI and PVII ...................................................................................................... 45 

Table 5. Parameters used in the hybrid metaheuristic to the MPC-ARCP, from PV ........ 46 

Table 6. The average gap (%) of the KPC-ARCP approaches on academic instances...... 50 

Table 7. Processing time (seconds) of the KPC-ARCP approaches on academic instances 

with 4, 8, and 16 teams, from PVII .................................................................................... 52 

Table 8. Comparison between the optimal and the hybrid metaheuristic's objective 

function value, from PV ..................................................................................................... 57 

Table 9. Comparison between the hybrid metaheuristic's objective function value and the 

objective function value's boundaries, from PV ................................................................ 59 

Table 10. Parameters adopted in the Cascadia scenario, from PVIII ................................ 74 

Table 11. The percentage of supplies delivered directly by each mode of transportation in 

the medium-impact plausible M9.0 scenario ..................................................................... 78 

  



   

 

vii 

 

LIST OF FIGURES 

Figure 1. The overall structure of the thesis ................................................................... 11 

Figure 2. Network representation in the MPC-ARCP (a) right after the disaster and its 

(b) components, based on PII ......................................................................................... 13 

Figure 3. Schedule representation of the collaboration of teams to unblock edge (𝐴, 𝐵), 

from PII ........................................................................................................................... 15 

Figure 4. An example of a multi-modal network structure, from PVIII ......................... 17 

Figure 5. E-ARCP experimental setting, from PIV ........................................................ 24 

Figure 6. Structure of GRASP to KPC-ARCP, from PVI .............................................. 26 

Figure 7. Structure of the KPC-ARCP constructive heuristic, from PVI ....................... 28 

Figure 8. Example of a road clearing scenario in terms of (a) components and (b) roads, 

from PVI ......................................................................................................................... 29 

Figure 9. Algorithm to calculate the duration of each team’s route, from PVI .............. 30 

Figure 10. Structure of ACO to KPC-ARCP, from PVII ............................................... 33 

Figure 11. Structure of the hybrid metaheuristic to MPC-ARCP, from PV ................... 34 

Figure 12. Representation of three individuals (I1, I2, I3) in the hybrid metaheuristic, 

from PV .......................................................................................................................... 35 

Figure 13. Structure of the algorithm to generate an initial population in the hybrid 

metaheuristic, from PV ................................................................................................... 36 

Figure 14. Crossover operator: the swap move of T2 between individuals I1 and I2, 

from PV .......................................................................................................................... 39 

Figure 15. Example of (a) a solution trapped in local optima and (b) the mutation 

operator escaping from the local optimum, from PV ..................................................... 40 

Figure 16. Structure of the mechanism used to generate MPC-ARCP academic 

instances, from PIII ......................................................................................................... 41 

Figure 17. Example of a pre-disaster academic instance with 25 vertices, from PIII .... 42 

Figure 18. Example of a probability density curve representing the disaster intensity, 

from PIII ......................................................................................................................... 42 

Figure 19. Example of a post-disaster network structure with 25 vertices and one depot, 

from PIII ......................................................................................................................... 43 



   

 

viii 

 

Figure 20. Gap to the objective function for (a) 4, (b) 8, and (c) 16 teams. Processing 

time (in hours) for (d) 4, (e) 8, and (f) 16 teams, from PVI ........................................... 48 

Figure 21. Gap to the objective function for ACO, GRASP and the matheuristic to 

KPC-ARCP considering (a) 4, (b) 8, ad (c) 16 teams, from PVII .................................. 51 

Figure 22. Results of the runs of the MIP to the MPC-ARCP on academic instances - 

(a) gap to optimality and (b) processing time (seconds), from PII ................................. 54 

Figure 23. Comparison of the gap of the objective function (%) with respect to (a) the 

number of edges, and (c) blocked edges, and in terms of the processing time with 

respect to (b) the number of edges and (d) blocked edges, from PII .............................. 55 

Figure 24. Comparison between the gap of the objective function (%) with respect to 

(a) the number of components and (c) teams, and in terms of the processing time with 

respect to (b) the number of components and (d) teams, from PII ................................. 56 

Figure 25. Results of the runs of the hybrid metaheuristic to the MPC-ARCP on 

academic instances - (a) gap to optimality and (b) processing time (seconds) for parent 

reduction rate of 0.3, 0.5, and 0.8, from PV ................................................................... 58 

Figure 26. Proportion of GRASP and Evolutionary Algorithm in the processing time 

(seconds), from PV ......................................................................................................... 60 

Figure 27. Structure of the bi-level metaheuristic approach to solve the 

CIRCULATIONS, from PVIII ....................................................................................... 62 

Figure 28. The logic of the multi-modal distribution model, from PVIII ...................... 64 

Figure 29. Example of (a) ports cluster and (b) communities cluster, from PVIII......... 65 

Figure 30. Structure of the algorithm of a ship’s route creation, from PVIII ................. 68 

Figure 31. Structure of the algorithm of trucks route creation, from PVIII ................... 70 

Figure 32. Status of the roads after the medium-impact plausible M9.0 scenario, 

from PIX ......................................................................................................................... 72 

Figure 33. Ferries and barges trajectories near Vancouver Island under normal 

conditions, from PIX ...................................................................................................... 73 

Figure 34. Results of the ships and trucks routes in the medium-impact plausible M9.0 

scenario, from PVIII ....................................................................................................... 75 

Figure 35. Results of the road clearing routes in the medium-impact plausible M9.0 

scenario, from PVIII ....................................................................................................... 76 

Figure 36. Results of the helicopters' routes in the medium-impact plausible M9.0 

scenario, from PVIII ....................................................................................................... 77 



   

 

ix 

 

ABSTRACT 

Natural disasters such as earthquakes can disrupt road networks, with some roads being 

covered with debris. Similar to the 2010 Haiti Earthquake and the 2010 Hurricane Igor, 

several communities may be isolated because of a lack of operational roads connecting 

them to the rest of the network. This isolation makes delivering relief supplies, such as 

food, medicine, and water, to the communities difficult. Hence, road clearing activities and 

the multi-modal distribution of relief supplies need to be coordinated. After road clearing 

teams reconnect the network by removing the debris, trucks can traverse the cleared roads 

to deliver the goods. In addition, if it is not possible to reach a community using trucks 

within a pre-determined time horizon, alternative transportations modes, such as 

helicopters and ships, may be used.  

Despite its importance for disaster preparedness and mitigation, the synchronization of road 

clearing activities with the multi-modal distribution of supplies has not received much 

attention in the literature. Therefore, this thesis aims to formulate, model, and efficiently 

solve the problem of coordinating road clearing with the multi-modal distribution of 

supplies. Special consideration is given to supplying coastal communities in an island 

context, so that the problem especially addresses road and maritime transport operations. 

First, this thesis proposes a new road clearing problem called the “Collaborative Multi-

vehicle Prize Collecting Arc Routing for Connectivity Problem” (MPC-ARCP). In the 

MPC-ARCP, the road clearing teams start from multiple depots and reconnect isolated 

communities to critical infrastructures, such as ports and airports. The less resilient 

communities are prioritized to be reconnected first. A hybrid metaheuristic is introduced to 

solve the MPC-ARCP on large-scale networks. Then, this thesis presents the 

“Synchronized Road Clearing and Multi-modal Distribution of Relief Supplies Problem” 

(CIRCULATIONS), which maximizes the amount of relief supplies delivered to affected 

communities. A bi-level metaheuristic is introduced to solve this problem, which is applied 

to a real-world plausible scenario of a megathrust earthquake on the Cascadia Subduction 

Zone on Canada’s West Coast. 

The CIRCULATIONS’ results of the plausible medium impact Cascadia scenario indicate 

that barges will be crucial in transporting the supplies to Vancouver Island, whereas ferries 

are expected to deliver only to Texada Island as they are mainly non-operational in the 

initial 72 hours of the disaster response. In addition, 66% of the total demand is estimated 

to be delivered. Of this, barges and trucks will transport 65%, while helicopters will only 

deliver 1%. These results show the importance of combining two modes of transportation 

(i.e. marine and ground) to distribute as many supplies as possible to the affected 

communities. This thesis also discusses the study's limitations and presents several inquiry 

lines for future research. 
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CHAPTER 1: Introduction 

1.1 Background and motivation 

In 2021, the Global Risk Report considered natural disasters as one of the most threatening 

risks to society due to their impact on economic activities and disruptions to the 

transportation network (World Economic Forum, 2021). Aligned with the Global Risk 

Report, the Centre for Research and Epidemiology of Disasters (CRED) and the United 

Nations Office for Disaster Risk Reduction (UNDRR) (2020) informed an increase of 75% 

in the number of disasters reported from 2000 to 2019 when compared with the previous 

twenty years (1980-1999). Moreover, they explain that the rise in the frequency of reported 

disasters is because of climate change, which raises the frequency of climate-related 

disasters such as storms and floods. For instance, the number of storms registered from 

2000 to 2019 increased by 40% compared to 1980 to 1999 (CRED & UNDRR, 2020). 

Humanitarian operations such as the distribution of supplies, Search and Rescue (SAR), 

and the evacuation of victims play a critical role in alleviating human suffering in the 

aftermath of a disaster. However, several studies have reported the lack of coordination 

among humanitarian activities. For example, Pedraza Martinez et al. (2010) and van 

Wassenhove et al. (2010) report that after the 2010 Haiti earthquake, the distribution of 

relief supplies such as water, medicine, and food was jeopardized due to the high volume 

of debris blocking the roads surrounding the main airport in Port-au-Prince. While 

authorities were successful in gathering donations of supplies and sending them to Haiti, 

the road blockages hindered their distribution. After a week, the authorities decided to 

airdrop supplies, which caused fights among the inhabitants who were starved and needed 

the scarce goods. 

Road blockages are not exclusive to the 2010 Haiti earthquake. Yan and Shih (2007) 

explain that several communities in a mountainous region were isolated after the 1999 Chi-

chi earthquake in Taiwan. Similarly, Masson (2014) and Souza Almeida et al. (2019) 

explain that after Hurricane Igor made landfall in Canada, some communities were isolated 

by land for nearly two weeks. They highlight that the high volume of rain damaged many 
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bridges and roads, which were unsafe to be traversed by trucks or heavy machinery without 

being repaired. 

Sato and Suzuki (2013) exemplify the importance of synchronized humanitarian 

operations. They explain that the municipalities in Tohoku region in Japan were prepared 

for a possible earthquake as they are located in the Girdle of Fire (a region where many 

earthquakes occur). These communities (e.g. Iwate Prefecture) prepositioned ready-to-eat 

emergency food in strategic areas. However, in 2011, the Tohoku megathrust earthquake 

triggered a tsunami and a technological disaster (i.e. the Fukushima Daiichi nuclear plant 

meltdown). The tsunami destroyed the prepositioned supplies, and the victims had to rely 

on donations provided by the authorities and non-governmental organizations (NGOs). 

Natural disasters such as hurricanes and earthquakes can be classified as complex, 

uncertain, and ambiguous risks. To support management of such risks, the International 

Risk Governance Council (2017), based on e.g. work by and Aven and Renn (2010) 

recommend a participative discourse with external experts, agency staff, and other 

stakeholders such as the industry and directly affected groups. Moreover, Goerlandt and 

Reniers (2018) recommend using models for complex and uncertain risk problems to gain 

insights into the event and as a basis for a discussion with stakeholders. Even though models 

simplify reality, Hodges (1991) suggests using them as an aid for thinking. For instance, 

network models can be developed and tested on plausible real-world scenarios, and can 

help practitioners brainstorm and gain insights on developing or improving their emergency 

preparedness plan. 

Modeling the synchronization of road repair and restoration activities with other 

humanitarian operations is a relatively recent trend in the field of road repair and 

restoration. Souza Almeida et al. (2022) highlight that the first model coordinating road 

repair and restoration with another activity was published in 2009. Only after 2016, other 

models began to be developed, with the topic receiving increasing attention from 

researchers. This thesis aligns with this trend, and focuses on formulating, modelling, and 

solving the problem of synchronizing road clearing activities with the distribution of relief 

supplies, to support disaster preparedness and response risk management. Differently from 

previous studies, in this thesis, the supplies are distributed by multiple modes of 
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transportation, such as ferries, barges, trucks, and helicopters. Moreover, this thesis 

considers the humanitarian operations taking place on an island. Hence, the supplies are 

assumed to be transferred from the source to a transshipment unit, and then to their final 

destination. Additionally, the schedule of road clearing activities impacts the distribution 

of supplies to affected communities. 

1.2 State of the art 

1.2.1 State of the art of road clearing network models 

The road repair and restoration network models can be divided with respect to three types 

of network structures: node routing, time-space, and arc routing (Souza Almeida, 

Goerlandt, et al., 2022). In the node routing network, nodes represent communities and 

edges symbolize roads. If a road is blocked, the corresponding edge is replaced with a 

vertex. Similarly, a time-space network also represents blocked roads with vertices. 

However, in this approach, the edges represent an activity. In this thesis, the arc routing 

structure is adopted, in which the vertices represent communities and the edges represent 

roads (even if the debris blocks them). The arc routing approach is selected to avoid adding 

extra vertices to the network and consequently increasing the size of the problem. This 

Section presents an overview only of Arc Routing for Connectivity Problems, summarized 

in Table 1. Nevertheless, the other network structure problems are also covered in the review 

article by Souza Almeida et al. (2022), see Appendix A. 

The “Arc Routing for Connectivity Problem” (ARCP) is introduced by Asaly and Salman 

(2014), in which a single repair team must reconnect all the isolated communities in the 

shortest time. They consider a directed network and propose a Mixed Integer Programming 

Model (MIP). Kasaei and Salman (2016) improve their problem formulation. First, they 

convert the MIP model to an undirected network. Second, they propose the “Prize 

Collecting Arc Routing for Connectivity Problem” (PC-ARCP). In the PC-ARCP, the 

isolated communities have a “prize” to be reconnected, which indicates their priority. Thus, 

instead of reconnecting all communities, the PC-ARCP prioritizes the communities to be 

reconnected within a pre-determined time horizon. Another extension to the ARCP is 

proposed by Akbari et al. (2021). They address the uncertainty associated with the time 
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required to unblock a road. They assume that the unblocking time is only revealed when 

the team arrives on the road. They call this problem the “Online Road Clearance for 

Connectivity Problem” (ORCPP) and present a Backtrack algorithm capable of solving the 

problem optimally and two heuristics. 

Akbari and Salman (2017b) improve the ARCP by considering that multiple teams starting 

at different start points must reconnect all isolated communities in the shortest time. They 

name this problem the “Multi-vehicle Synchronized Arc Routing Problem to Restore 

Network Connectivity” (K-ARCP). A novelty of the K-ARCP is that the teams are 

synchronized such that the first team arriving on a blocked road is assigned to clear it, 

whereas the other teams must wait to traverse a road being unblocked. They propose two 

solution approaches to this problem: a MIP and a matheuristic. An alternative solution 

approach (MIP-RLS) to the K-ARCP is introduced by Akbari et al. (2021), in which a 

binary programming model generates an initial solution. Then it is enhanced by rich local 

search movements. Vodák et al. (2018) implement an Ant Colony Optimization (ACO) 

algorithm in a problem similar to the K-ARCP. However, in their problem, the road clearing 

teams are allowed to bypass a blocked road (i.e. they assume that a team can somehow 

traverse a blocked road to clear other roads further away), so they do not need to be 

synchronized. Unlike the K-ARCP, this thesis focuses on prioritizing the communities to 

be reconnected within a pre-determined period. 

The PC-ARCP introduced by Kasaei and Salman (2016) is extended by Akbari and Salman 

(2017a) in a problem called the “Multi-vehicle Prize Collecting Arc Routing for 

Connectivity Problem” (KPC-ARCP). Similar to the PC-ARCP, isolated communities also 

have a priority (i.e. prize). Multiple road clearing teams starting at a single depot must 

reconnect the isolated communities while maximizing the total prize collected. They 

propose a MIP and a matheuristic to the KPC-ARCP, capable of solving small-scale 

networks. In the KPC-ARCP, the isolated communities are reconnected to the road clearing 

depot. In contrast to the KPC-ARCP, this thesis proposes a problem in which the 

communities are reconnected to critical infrastructures such as ports and airports to receive 

relief supplies. Additionally, this thesis considers that road clearing teams can start from 

multiple depots, and that at most two teams can collaborate to clear a road. 
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The size of road clearing networks is a critical issue highlighted in Souza Almeida et al. 

(2022) (see Appendix A) as it directly affects the solution approach for the above-

mentioned problems. Most authors working with road repair and restoration models in the 

context of natural disasters tested their models on small or medium size networks, with 

fewer than one thousand vertices. However, the real-world instances based on past events 

are significantly larger, often with thousands of vertices. For instance, the 2010 Haiti 

earthquake network that Sakuraba et al. (2016) developed has over fifteen thousand vertices 

and edges. Therefore, Souza Almeida et al. (2022) suggest the development of larger 

benchmarking instances to test the performance of the existing solution approaches 

(summarized in Table 1) and to support the development of new approaches capable of 

solving large networks (Appendix A). Most problems presented in Table 1 have been solved 

with an exact approach (i.e. MIP) or with a combination of an exact approach and a heuristic 

(e.g. Matheuristic and MIP-RLS). The largest instance in which these approaches have been 

tested, contains only about eight hundred vertices. Therefore, and important contribution 

of this thesis is to develop approaches capable of solving larger network instances, with 

thousands of vertices.
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Table 1. Summary of Arc Routing for Connectivity Problems 

Authors Problem 

name 

Multiple 

teams? 

Multiple 

start 

points? 

Prize 

collection? 

Synchronized 

teams? 

Collaboration 

between 

teams? 

Type of connection 
Solution 

approach 

Asaly and Salman 

(2014) 
ARCP - - - - - 

Communities to the 

road clearing depot 
MIP 

Kasaei and Salman 

(2016) 
ARCP - - - - - 

Communities to the 

road clearing depot 

MIP 

Heuristic 

Akbari et al. (2021) ORCPP - - - - - 
Communities to the 

road clearing depot 

Backtrack 

algorithm 

Heuristic 

Akbari and Salman 

(2017b) 

 

K-ARCP ✔ ✔ - ✔ - 
Communities to the 

road clearing depots 

MIP 

Matheuristic 

Akbari et al. (2021) K-ARCP ✔ ✔ - ✔ - 
Communities to the 

road clearing depots 
MIP-RLS 

Vodák et al. (2018) K-ARCP ✔ ✔ - - - 
Communities to the 

road clearing depots 
ACO 

Kasaei and Salman 

(2016) 

PC-

ARCP 
- - ✔ - - 

Communities to the 

road clearing depot 

MIP 

Heuristic 

Akbari and Salman 

(2017a) 

KPC-

ARCP 
✔ - ✔ ✔ - 

Communities to the 

road clearing depot 

MIP 

Matheuristic 

This thesis 
MPC-

ARCP 
✔ ✔ ✔ ✔ ✔ 

Communities to 

critical infrastructures 
GA-GRASP 
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1.2.2 State of the art of network models for synchronizing road clearing activities 

with the distribution of relief supplies 

In a real-world disaster response, the road repair and restoration operations are 

interconnected with other humanitarian activities, such as evacuation of victims, logistics 

support, and distribution of relief supplies. This Section presents the state of the art of road 

repair and network models which are connected with models for the distribution of relief 

supplies, summarized in Table 2. The models connecting road repair and restoration models 

with other humanitarian operations are presented in Souza Almeida et al. (2022) (Appendix 

A) and in Baxter et al. (2020). 

Sahin et al. (2016) introduce the “Debris Removal Problem in the Response Phase” (DRP), 

one of the first problems considering the interactions between road clearing and the 

distribution of supplies. In their problem, a set of locations must be visited by a single team 

responsible for delivering the goods and clearing blocked roads. If there is a blocked road 

in the team’s route, the team clears it and move on to another road. The objective is to 

minimize the total time to visit the critical vertices (i.e. demand vertices). They propose a 

MIP for this problem. Berktaş et al. (2016) improves this model by reducing the number of 

decision variables, and, therefore, the DRP can be solved to optimality faster. Ajam et al. 

(2019) study alternative solution approaches to the DRP and present a matheuristic and a 

hybrid metaheuristic combining the Greedy Randomized Adaptive Search Procedure 

(GRASP) with the Variable Neighborhood Search (VNS). 

Shin et al. (2019) considers a single road clearing team and a separate team to distribute 

the supplies. They adopt a node routing structure, replacing a blocked edge with a blocked 

vertex. Hence, the road clearing team must clear the vertices before the logistics team 

traverses them. They propose a MIP model with the objective of minimizing the total time 

to deliver supplies to the affected communities. Li and Teo (2018) extend the problem 

presented by  Shin et al. (2019), by considering multiple road clearing and logistics teams. 

They show an exact solution approach and a metaheuristic, namely MIP and Evolutionary 

Algorithm (EA). In contrast to Shin et al. (2019) and Li and Teo (2018), this thesis adopts 

an arc routing structure to avoid increasing the network size by adding extra vertices. 
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Yan and Shih (2009) and Xu and Song (2015) adopt a time-space network with vertices 

representing communities and roads (intact and blocked), and edges representing activities 

such as traversing a road, waiting, and clearing. In Yan and Shih (2009), multiple road 

clearing teams improve the network’s accessibility while multiple logistics teams deliver 

supplies to the victims. They present a Mixed Integer Network Flow (MINF) model and a 

heuristic. Xu and Song (2015) assume that a single road segment can be damaged at 

multiple points. Thus, a blocked road segment may be replaced with multiple vertices that 

must be cleared. Moreover, they propose a MINF model to minimize the delivery time of 

supplies to the victims while prioritizing urgent locations considering an exogenous rating. 

An alternative solution approach using ACO is also introduced. 

Another problem considering the minimization of the time when communities are supplied 

is proposed by García-Alviz et al. (2021). They introduce a Mixed Integer Non-linear 

Programming model and a hybrid metaheuristic combining GRASP and ACO. In their 

problem, communities have different priorities based on a urgency score, and a single 

community can be supplied by multiple trucks. In other words, they consider the split 

delivery of the supplies. In addition, the road clearing teams are heterogenous. Hence, the 

teams have different machinery and may not be able to clear a road segment if it does not 

have the correct equipment. Like García-Alviz et al. (2021), this thesis considers split 

delivery. However, the problem is extended to a 2-echelon multi-modal distribution of 

supplies. 

Akbari and Sayarshad (2022) propose an arc routing problem with uncertain unblocking 

times. They consider that the logistics and the road clearing teams start in the same depot, 

and their activities are synchronized. Furthermore, the road unblocking times are stochastic. 

They name this problem the “Coordinated Simultaneous Road Restoration and Relief 

Distribution Planning Problem with Stochastic Unblocking Times” (CSRRRDPP), with as 

objective to minimize the delivery times. Unlike Akbari and Sayarshad (2022), this thesis 

considers separate depots for the road clearing teams and logistics assets, and the objective 

is to deliver as many supplies as possible within a pre-determined time horizon. 
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Table 2. Summary of road repair and restoration models synchronized with the distribution of relief supplies 

Authors Network 

structure 

Road clearing Distribution of relief supplies 

Multiple 

teams? 

Multiple 

start points? 

Roads clearing 

time 
Type of 

transportation 
2-echelon? 

Split 

delivery? 
Fleet type 

Sahin et al. 

(2016) 

Node 

routing 
- - 

Deterministic 
Ground - - Homogeneous 

Berktaş et al. 

(2016) 

Node 

routing 
- - 

Deterministic 
Ground - - Homogeneous 

Ajam et al. 

(2019) 

Node 

routing 
- - 

Deterministic 
Ground - - Homogeneous 

Shin et al. 

(2019) 

Node 

routing 
- - 

Deterministic 
Ground - - Homogeneous 

Li and Teo 

(2018) 

Node 

routing 
✔ ✔ 

Deterministic 
Ground - - Homogeneous 

Yan and Shih 

(2009) 
Time-space ✔ ✔ 

Deterministic 
Ground - - Homogeneous 

Xu and Song 

(2015) 
Time-space ✔ ✔ 

Deterministic 
Ground - - Homogeneous 

García-Alviz 

et al. (2021) 
Arc routing ✔ ✔ 

Deterministic 
Ground - ✔ Homogeneous 

Akbari and 

Sayarshad 

(2022) 

Arc routing ✔ - 
Stochastic 

Ground - - Homogeneous 

This thesis Arc routing ✔ ✔ 

Deterministic 
Ground, 

marine, air 
✔ ✔ 

Homogeneous 

(ground and air), 

heterogeneous 

(marine) 
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1.3 Objectives and structure of the thesis  

As mentioned in Subsection 1.1, this thesis aims to formulate, model, and solve the problem 

of synchronizing road clearing activities with the multi-modal distribution of relief supplies 

in the context of humanitarian operations. The model is intended to be used in the disaster 

preparedness and response planning phase of disaster risk management. The structure of 

this thesis is illustrated in Figure 1. The boxes represent the background (i.e. the review of 

the existing body of literature) and the two research objectives, as follows: 

Research Objective 1: Formulate, model, test, and solve the road clearing problem 

in which communities affected by a disaster are isolated from critical infrastructures 

(e.g. ports and heliports), such that the less resilient communities are prioritized to 

be reconnected. 

Research Objective 2: Connect the work developed in Research Objective 1 with 

the multi-modal distribution of relief supplies. Therefore, formulating, modelling, 

testing, and solving the synchronization of road clearing activities with the multi-

modal distribution to maximize the volume of supplies delivered to the victims 

within a pre-determined time horizon. 

The first research objective aims to propose a new road clearing problem that reconnects 

the less resilient communities to critical infrastructures within a pre-determined time 

horizon. This new problem is the “Collaborative Multi-vehicle Prize Collecting Arc 

Routing for Connectivity Problem” (MPC-ARCP). A MIP model is proposed, and a hybrid 

metaheuristic suitable to solve large network instances is presented. Both solution 

approaches are tested on academic instances. 

The outputs of research objective 1 are combined with the multi-modal distribution of 

supplies to communities, and a new problem is presented to undertake the second research 

objective. This new problem is called “Synchronized Road Clearing and Multi-modal 

Distribution of Relief Supplies Problem”, referred to from now on as CIRCULATIONS. 

Finally, a metaheuristic solution approach is proposed and applied to a plausible real-world 

scenario of a megathrust earthquake in Canada. 



   

 

11 

 

 
Figure 1. The overall structure of the thesis 

This thesis is supported by nine publications, from here onwards referred to as PI to PIX 

and attached in Appendices A to I, respectively. The research questions addressed in these 

publications are listed below: 

Research Question 1: What are the trends and gaps of knowledge on road repair 

and restoration network models in the context of humanitarian operations? (PI) 

Research Question 2: How can the problem of the Collaborative Multi-vehicle 

Prize Collecting Arc Routing for Connectivity Problem (MPC-ARCP) with 

synchronized and collaborative road clearing teams be defined, formulated, and 

solved? (PII) 

Research Question 2.1: How to generate benchmark instances to test solution 

approaches for Arc Routing for Connectivity Problems? (PIII) 

Research Question 2.2: What is a software to solve the MPC-ARCP to optimality? 

(PIV) 

Research Question 3: What solution approach is feasible to solve large instances 

of the MPC-ARCP? How can a metaheuristic approach be formulated? (PV) 
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Research Question 3.1: What is a solution approach capable of solving the KPC-

ARCP in large-scale networks? (PVI) 

Research Question 3.2: How can an ACO approach to solve the KPC-ARCP be 

formulated? Is it more accurate and faster than the existing approaches to the KPC-

ARCP? (PVII) 

Research Question 4: How can the problem of synchronized road clearing 

activities and multi-modal logistics be formulated? What solution approach is 

feasible, and what results are obtained when applied to a plausible scenario? (PVIII) 

Research Question 4.1: What are a medium and a high-impact plausible scenarios 

for the M9.0 Cascadia megathrust earthquake on Canada’s West Coast? (PIX) 

The preliminary step of this thesis is to answer RQ.1 by performing a literature review of 

the existing road network repair and restoration models in the context of humanitarian 

operations. This review is helpful in obtaining insights to formulate MPC-ARCP (RQ.2) 

and the multi-modal problem (RQ.4). RQ.2 was answered with the support of RQ.2.1 and 

RQ.2.2. In RQ.2.1, over 1,700 instances for the KPC-ARCP (a simpler version of MPC-

ARCP) is introduced. The software generated in RQ.2.2 solves the MIP for the MPC-ARCP 

to optimality, and is used to test the model in RQ.2. 

Since the MIP introduced in RQ.2 is only suitable for small instances, RQ.3 focuses on 

identifying an alternative solution approach capable of solving network instances with 

realistic sizes for real-world cases. RQ.3.1 and RQ.3.2 aim to develop and test the 

performance of the solution approaches to the KPC-ARCP. Then, the best approach 

resulting from RQ.3.1 and RQ.3.2 is extended to the MPC-ARCP. 

Finally, RQ.4 connects the road clearing model and solution approach (RQ.3) to the multi-

modal distribution of relief supplies. RQ.4.1 is a preparation for RQ.4, creating datasets for 

a real-world plausible earthquake scenario in Canada, to test and apply the 

CIRCULATIONS. The scenario is tested and applied in RQ.4, providing insights in the 

vulnerability of the multi-modal supply distribution system to the impacts of a natural 

disaster for the plausible earthquake scenario, concluding this thesis.  
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CHAPTER 2: Problem definition 

This Chapter presents the problem formulated to answer RQ.2 and RQ.4. First, the MPC-

ARCP is described in Subsection 2.1. Then, this road clearing problem is coordinated with 

the multi-modal distribution of supplies in the CIRCULATIONS, presented in Subsection 

2.2. 

2.1 Road clearing – MPC-ARCP 

This Section presents the MPC-ARCP, a network problem designed to answer RQ.2. The 

road transportation system is simplified as with a network representation, as presented in 

Figure 2(a). The vertices represent communities, critical infrastructures such as ports and 

heliports, road clearing depots, and road intersections. Right after the disaster occurs, some 

roads may be blocked with debris (e.g. toppled trees, construction rubble, and damaged 

cars), whereas other roads may remain operational as they were not impacted by the disaster 

(i.e. intact roads). Hence, in this problem, the edges represent blocked roads (dashed lines 

in Figure 2(a)) and intact roads (solid lines in Figure 2(a)). 

 
Figure 2. Network representation in the MPC-ARCP (a) right after the disaster and its (b) 

components, based on PII 
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The blockages may divide the network into sub-networks and isolate some communities. 

For example, in Figure 2(b), vertex 𝐷 is isolated because the roads connecting vertex 𝐷 to 

the rest of the network are blocked. Similarly, vertices 4, 5, and 𝐶 are also isolated from 

the rest of the network. In this thesis, each sub-network will be referred to as a 

“component”, so that the example shown in Figure 2(b) has five components (𝑞0, 𝑞1, 𝑞2, 

𝑞3, 𝑞4). 

The road clearing teams comprise the workforce (e.g. volunteers with shovels) and heavy 

machinery (e.g. bulldozers and excavators). The teams are assumed to be homogeneous, 

meaning they have the same clearing rate, traversing speed, and machinery. Each team 

starts from a pre-determined depot. For example, team 0 starts at 𝐷1 and team 1 and 2 start 

at 𝐷2 in the example of Figure 2(b). 

The road clearing teams are synchronized. Hence, the first team to arrive at an edge is 

commissioned to clear it. If another team attempts to traverse this edge in the same 

direction, the team must wait until the road clearing is finished. Two teams can collaborate 

and clear the same edge if they start clearing in opposite directions. In this case, the 

unblocking time is proportional to their arrival time at the edge. For example, in Figure 3, 

edge (𝐴, 𝐵) is blocked and team 0 is the first to arrive at vertex 𝐵 in hour zero. Team 1 

arrives at vertex 𝐴 in hour 5. Assume that edge (𝐴, 𝐵) requires 12 clearing hours. Since 

team 1 arrives at hour 5, team 0 clears alone for 5 hours. Then, the remaining 7 hours are 

divided between the two teams, each clearing for 3.5 hours. Therefore, team 0 will clear 

edge (𝐴, 𝐵) for 8.5 hours, whereas team 1 will clear 3.5 hours. If another team 2 arrives at 

either side this edge, it must wait for the other teams to finish clearing and traversing the 

edge. Note that a road is cleared only once, i.e. team 2 will not need to clear it again. Also, 

every time an edge (intact or unblocked) is traversed, a traversing time is added to the 

duration of the team’s route. 



   

 

15 

 

 
Figure 3. Schedule representation of the collaboration of teams to unblock edge (𝐴, 𝐵), from PII 

The MPC-ARCP aims to reconnect isolated communities to critical infrastructures to 

enable sending supplies to these places using the road network. Each pair of components 

has a relative prize, which indicates how important it is to reconnect these two components. 

Every time two components are reconnected, their relative prize is collected. Hence, this 

problem maximizes the total prize collected within a pre-determined time horizon. 

The strategy to determine the relative prizes should be determined with the support of the 

stakeholders. An example of a strategy is to have an individual prize for each vertex, and 

consequently, the relative prize between two components is the sum of the individual prizes 

of the vertices in those two components. Defining the individual prizes of the vertices (e.g., 

a community or a critical infrastructure) is ambiguous because it involves different 

stakeholder perspectives. For instance, a stakeholder may suggest giving a high prize to a 

critical infrastructure and prioritizing linking those infrastructures. In contrast, another 

stakeholder may value giving higher prizes to the less resilient communities. 

In this thesis, the relative prizes are based on the community impact factor proposed by 

Chang and Tanner (2022), referred to as the “resilience level”. The resilience level ranges 

from 1 to 5, and communities with an impact factor of 1 are assumed not to be affected by 

the disaster. In contrast, communities with an impact factor of 5 may need long-term 

support as they had a severe disruption. According to  Chang and Tanner (2022), the 

resilience level takes into account the level of disruption within a community and the 

transportation network (e.g. roads and ports), and the community’s capacity (e.g. resources 

available after the disaster). Further explanation of the resilience level is available in 
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Appendix I (Subsection 2.1). Aside from the communities’ individual prizes, this thesis 

assumes a higher individual prize for critical infrastructures when compared with road 

clearing depots. 

A thorough description of the MPC-ARCP is available in PII in Appendix B. 

2.2 Multi-modal distribution of relief supplies - CIRCULATIONS 

This Section briefly explains the “Synchronized Road Clearing and Multi-modal 

Distribution of Relief Supplies Problem”, which is linked with RQ.4. A thorough 

description of this is provided in PVIII in Appendix H. 

In the network for the multi-modal distribution of supplies, several elements are added to 

the network presented in Figure 2. First, the critical infrastructure vertices are separated 

into port terminals and heliports. Second, ferries, barges, and helicopter trajectories are 

added to the set of edges, as depicted in Figure 4. In this thesis, the term “trajectory” is used 

to describe the edge traversed by a vessel or a helicopter from a single origin to a single 

destination. The term “route” is used to define the sequence of edges traversed by a vessel, 

truck, or helicopter. In this problem, helicopters are assumed to be capable of landing in 

any community located in land B. So, the heliports of origin are located in land A, whereas 

the “heliports of destination” are the communities situated in land B. Each community has 

a resilience level, which is assumed to be known in the disaster preparedness phase. This 

problem focuses on delivering as many relief supplies as possible within a pre-determined 

time horizon, while prioritizing the less resilient communities. 

The maritime transportation assets include ferries and barges. The vessels have different 

trajectories, capacities, and traversing speeds (i.e. a heterogenous fleet is accounted for). 

Given that in the aftermath of the disaster, some ship trajectories may be unavailable for a 

while due to damage to maritime infrastructure, lack of personnel, and other safety reasons, 

each ship trajectory is characterized by a known time window after which it becomes 

available. For example, if a ferry can start operating only 15 hours after the disaster on a 

trajectory, then its time window ranges from hour 15 until the end of the considered 

response time horizon (e.g. hour 72). In this thesis, the term “time horizon” and “time 

window” are different. Time horizon is the interval considered in the emergency response 
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phase, such as the first 72 hours after the disaster. In contrast, “time window” denotes the 

interval in which an asset is operational. 

 
Figure 4. An example of a multi-modal network structure, from PVIII 

As represented in Figure 4, barges are assumed to be able to deliver supplies directly to 

coastal communities, because it is a flexible mode of transportation that does not require a 

terminal to dock. On the contrary, ferries are not as flexible and require a ramp so that these 

maritime assets can only transport trucks to designated ports. Additionally, not all ferries 

can dock on all port terminals, as different ferries docks at ramps with specific sizes. 

In this problem, ferries and barges are assumed to transport trucks that are loaded with relief 

supplies. Every time a vessel stops in a port terminal, an unloading time is added to the 

vessel’s route duration. In addition, ferries and barges can return to their port of origin to 

reload with more trucks. In this case, an unloading and a loading time are added to the 
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vessel’s route duration. Notice that this problem assumes that the ports of origin (located 

in land A in Figure 4) have an unlimited capacity of loaded trucks. 

In contrast to ships, the truck fleet is homogeneous, with all trucks having the same capacity 

and traversing speed. The trucks are transported by ships from land A to B. Consequently, 

each truck has a specific time window to deliver the goods. For instance, if a vessel arrives 

in a port of destination and finishes unloading at hour 35, the truck’s route occurs from 

hour 35 until the end of the time horizon. Moreover, trucks can only traverse operational 

roads (i.e. intact and cleared roads). Therefore, the completion time of each road clearing 

activity is recorded to ensure that the trucks routing is synchronized with the road clearing 

schedule.  

Every time a truck stops in a community to deliver the supplies, an unloading time is added 

to the truck’s route duration. The communities are assumed to have a known demand, and 

a single community can be supplied by multiple trucks (i.e. split delivery). Since this 

problem considers a pre-determined time horizon, it is possible that some communities will 

not be fully supplied during that time. 

Finally, the helicopter’s fleet is also homogeneous, with limited available helicopters in the 

heliports of origin (located on land A in Figure 4). The helicopters are mainly used to serve 

the less resilient communities that cannot be fully supplied by trucks or barges within the 

time horizon. The helicopters can return to their heliport of origin and reload, but a loading 

time will be added to their route’s duration. Also, when the helicopter stops to serve a 

community, an unloading time is added to the helicopter’s route duration. 

Even though the road clearing, and the ships, trucks, and helicopters transportation are 

explained separately in this Section and in Section 2.1, CIRCULATIONS assumes that 

these activities occur simultaneously (e.g. from hour zero until hour 72). Notice that some 

of the transportation modes may have a shorter time window due to operational reasons, 

such as safety, but they are still simultaneous and coordinated. 
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CHAPTER 3: Road clearing model 

This Chapter presents two solution approaches to the MPC-ARCP: a MIP (RQ.2) and a 

hybrid metaheuristic (RQ.3), see Subsection 3.1. In addition, the benchmark instances 

generated to test the approaches (RQ.2.1) are introduced in Subsection 3.2, and the 

numerical experiments performed to test the approaches are described in Subsection 3.3. 

3.1 Solution approaches for the MPC-ARCP 

The MIP model to MPC-ARCP is presented in Subsection 3.1.1, whereas the hybrid 

metaheuristic is introduced in Subsections 3.1.2 and 3.1.3. Subsection 3.1.2 develops a 

GRASP and an ACO approach to solve a simpler but closely related problem (the KPC-

ARCP). Then, in Subsection 3.1.3, a hybrid metaheuristic to solve the MPC-ARCP is 

developed considering the logic of the algorithms presented in Subsection 3.1.2. 

3.1.1 The Mixed Integer Programming model to MPC-ARCP 

The MIP model developed to solve the road clearing problem outlined in Subsection 2.1 is 

summarized in this Section. The complete description of all sets, parameters and constraints 

is available in Appendix B (PII). 

The sets and parameters of the problem are shown in the list below. Since the road clearing 

teams are not expected to return to their depot at the end of the time horizon, a dummy sink 

vertex (𝑛 + 1) is added to the set of vertices (𝑉) to ensure that all teams have an end point. 

Sets of MPC-ARCP 

𝑉 Set of all the vertices including the depots, critical infrastructures, communities, 

road's intersection, and sink vertex 

𝐷 Set of the teams' start points (depots) 

𝐸 Set of all edges in the network including intact, blocked, and artificial roads 

𝐵 Subset of 𝐸 that contains only the roads that are blocked 

𝐾 Set of available teams 

𝑄 Set of components 

𝑉𝑞 Set of the vertices in each component 𝑞 

Parameters of MPC-ARCP 

𝑃𝑞𝑥𝑞𝑦
 Prize of reconnecting component 𝑞𝑥 to component 𝑞𝑦 



   

 

20 

 

𝑐𝑖𝑗 Time required to traverse edge (𝑖, 𝑗) 

𝑏𝑖𝑗 Extra time required to clear edge (𝑖, 𝑗) 

𝑡𝑚𝑎𝑥 Maximum duration of the teams' route (i.e. the time horizon) 

𝑛 + 1 Dummy sink vertex 

This MIP model consists of nine decision variables, summarized in Table 3. The binary 

variable 𝑥𝑖𝑗𝑙𝑘 indicates the teams' routes, because if the variable equals one, then team 𝑘 

traverses edge (𝑗, 𝑙) right after (𝑖, 𝑗). The continuity of the route (i.e. routes without 

subtours) is ensured by decision variables 𝑣𝑖𝑘 and 𝑓𝑖𝑗𝑘. Variable 𝑧𝑖𝑗𝑘 is used to keep track 

of the edges being unblocked by each team 𝑘. The road clearing schedule is organized with 

the support of decision variables 𝑎𝑖𝑗𝑘, 𝑡𝑖𝑗𝑙𝑘, 𝑤𝑖𝑗𝑘, and 𝑠𝑖𝑗𝑘. Additionally, the binary variable 

𝑦𝑞𝑥𝑞𝑦
 is used to keep track if component 𝑞𝑥 is reconnected with component 𝑞𝑦, allowing 

the objective function calculation. 

Table 3. Decision variables - MPC-ARCP, from PII 

Notation Definition Boundary 

𝑦𝑞𝑥𝑞𝑦
 

1, if component 𝑞𝑥 is connected to 

component 𝑞𝑦 

0, otherwise 

𝑦𝑞𝑥𝑞𝑦
∈ {0,1}, ∀𝑞𝑥 ∈ 𝑄, 𝑞𝑦 ∈ 𝑄 

𝑥𝑖𝑗𝑙𝑘 
1, if team 𝑘 crosses edge (𝑗, 𝑙) right after 

edge (𝑖, 𝑗) 

0, otherwise 

𝑥𝑖𝑗𝑙𝑘 ∈ {0,1}, ∀ (𝑖, 𝑗) ∈ 𝐸, (𝑗, 𝑙)

∈ 𝐸, 𝑘 ∈ 𝐾 

𝑧𝑖𝑗𝑘 
1, if team 𝑘 clears edge (𝑖, 𝑗) 

0, otherwise 
𝑧𝑖𝑗𝑘 ∈ {0,1}, ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 

𝑤𝑖𝑗𝑘 
1, if 𝑘 is the first team that starts clearing 

edge (𝑖, 𝑗) 

0, otherwise 

𝑤𝑖𝑗𝑘 ∈ {0,1}, ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 

𝑎𝑖𝑗𝑘 
Time that team 𝑘 spends unblocking edge 

(𝑖, 𝑗) 
0 ≤ 𝑎𝑖𝑗𝑘 ≤ 𝑏𝑖𝑗, ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 

𝑡𝑖𝑗𝑙𝑘 
Time that team 𝑘 arrives at vertex 𝑗, when 

it starts at vertex 𝑖 and is going in the 

direction of vertex 𝑙. 

0 ≤ 𝑡𝑖𝑗𝑙𝑘 ≤ 𝑡𝑚𝑎𝑥, ∀(𝑖, 𝑗) ∈ 𝐸, (𝑗, 𝑙)

∈ 𝐸, 𝑘 ∈ 𝐾 

𝑠𝑖𝑗𝑘 
Earliest time that team 𝑘 can start 

unblocking edge (𝑖, 𝑗) 
0 ≤ 𝑠𝑖𝑗𝑘 ≤ 𝑡𝑚𝑎𝑥, ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 

𝑣𝑖𝑘 Number of times team 𝑘 visits vertex 𝑖 𝑣𝑖𝑘 ∈ Ζ+, ∀ 𝑖 ∈ 𝑉 ∖ {𝑑𝑘 ∈ 𝐷}, 𝑘 ∈ 𝐾 

𝑓𝑖𝑗𝑘 The order in which team 𝑘 visits edge (𝑖, 𝑗) 𝑓𝑖𝑗𝑘 ∈ Ζ+, ∀(𝑖, 𝑗) ∈ 𝐸, 𝑘 ∈ 𝐾 

 

The MIP model to the MPC-ARCP is formulated as follows. The objective function is to 

maximize the total prize collected while reconnecting the components. (1) and (2) are used 
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to calculate the objective function. The flow of the road clearing teams in the network is 

assured by constraints (3) to (8). These constraints ensure that the teams leave the depot 

(3), and end their route at the sink vertex (4). In addition, (5) to (8) guarantee that teams 

are not trapped in any vertex. 

The assignment of what team will clear each blocked edge is ensured by constraints (9) to 

(12). Constraint (9) makes sure that a team will not traverse a blocked edge without it being 

cleared. Then, constraint (10) allows two teams to collaborate and clear the same edge. 

Additionally, (11) ensures that at most two teams starting in opposite directions clears an 

edge, and (12) makes sure that a team clears an edge only once. The subtours are avoided 

with constraints (13) to (19). In this thesis, the subtour elimination is guaranteed similarly 

as in a work by Akbari and Salman (2017a), in which the order of the edges in a team’s 

route is tracked to avoid any disconnection. 

The road clearing schedule is constructed in constraints (20) to (34). Constraint (20) ensures 

that the duration of each team route is less than a pre-determined time horizon. In addition, 

constraints (21) to (25) calculate the duration of each team’s route. Then, in (26) to (29), 

the time spent by each team while clearing a blocked road is determined. Finally, 

constraints (30) to (34) synchronize the teams (e.g. guarantee that a team will wait if two 

other teams are clearing an edge, which the team intends to traverse). 

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑍 =  ∑ ∑ 𝑃𝑞𝑥𝑞𝑦
𝑦𝑞𝑥𝑞𝑦

𝑞𝑦∈𝑄  

𝑞𝑥≠𝑞𝑦

𝑞𝑥∈𝑄

 (1) 

𝑦𝑞𝑥𝑞𝑦
≤ ∑ ∑ 𝑧𝑖𝑗𝑘 + 𝑧𝑗𝑖𝑘

(𝑖,𝑗)∈𝐵
  𝑖∈𝑉𝑞𝑥   

𝑗∈𝑉𝑞𝑦

𝑘∈𝐾

 , ∀𝑞𝑥 ∈ 𝑄, 𝑞𝑦 ∈ 𝑄, 𝑞𝑥 ≠ 𝑞𝑦 
(2) 

∑ ∑ 𝑥𝑑𝑘𝑗𝑙𝑘 = 1, ∀𝑘 ∈ 𝐾

(𝑗,𝑙)∈𝐸(𝑑𝑘,𝑗)∈𝐸

 
(3) 

∑ ∑ 𝑥𝑖𝑗(𝑛+1)𝑘 = 1, ∀𝑘 ∈ 𝐾
(𝑗,𝑛+1)∈𝐸(𝑖,𝑗)∈𝐸

𝑗≠𝑛+1

 
(4) 

𝑥𝑖𝑗𝑙𝑘 ≤ ∑ 𝑥𝑗𝑙ℎ𝑘

(𝑙,ℎ)∈𝐸

, ∀ (𝑖, 𝑗) ∈ 𝐸, (𝑗, 𝑙) ∈ 𝐸, 𝑖 ≠ 𝑑𝑘 , 𝑙 ≠ 𝑛 + 1, 𝑗 ≠ 𝑛 + 1, 𝑘 ∈ 𝐾 (5) 
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𝑥𝑗𝑙ℎ𝑘 ≤ ∑ 𝑥𝑖𝑗𝑙𝑘

(𝑖,𝑗)∈𝐸

, ∀(𝑗, 𝑙) ∈ 𝐸, (𝑙, ℎ) ∈ 𝐸, 𝑗 ≠ 𝑑𝑘 , 𝑘 ∈ 𝐾 
(6) 

∑ 𝑥𝑖𝑗𝑙𝑘

(𝑗,𝑙)∈𝐸

≤ 1, ∀(𝑖, 𝑗) ∈ 𝐸, 𝑖 ≠ 𝑛 + 1, 𝑘 ∈ 𝐾 (7) 

∑ 𝑥𝑖𝑗𝑙𝑘

(𝑖,𝑗)∈𝐸

≤ 1, ∀(𝑗, 𝑙) ∈ 𝐸, 𝑗 ≠ 𝑛 + 1, 𝑘 ∈ 𝐾 (8) 

∑ 𝑥𝑖𝑗𝑙𝑘

(𝑗,𝑙)∈𝐸

≥ 𝑧𝑖𝑗𝑘 , ∀𝑘 ∈ 𝐾, (𝑖, 𝑗) ∈ 𝐵 (9) 

∑ 𝑥𝑖𝑗𝑙𝑘

(𝑗,𝑙)∈𝐸

+ ∑ 𝑥𝑗𝑖𝑙𝑘

(𝑖,𝑙)∈𝐸

≥ 2(∑ 𝑧𝑖𝑗∝

∝∈𝐾

+ ∑ 𝑧𝑗𝑖∝

∝∈𝐾

), ∀𝑘 ∈ 𝐾, (𝑖, 𝑗) ∈ 𝐵 (10) 

∑ 𝑧𝑖𝑗𝑘

𝑘∈𝐾

+ ∑ 𝑧𝑗𝑖𝑘

𝑘∈𝐾

≤ 2, ∀(𝑖, 𝑗) ∈ 𝐵 
(11) 

𝑧𝑖𝑗𝑘 + 𝑧𝑗𝑖𝑘 ≤ 1, ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 (12) 

∑ ∑ 𝑥𝑗𝑖𝑙𝑘

(𝑖,𝑙)∈𝐸(𝑗,𝑖)∈𝐸

= 𝑣𝑖𝑘 , ∀ 𝑘 ∈ 𝐾, 𝑖 ∈ 𝑉 ∖ {𝑑𝑘 , 𝑛 + 1} 
(13) 

∑ ∑ 𝑥𝑖𝑗(𝑛+1)𝑘

(𝑗,𝑛+1)∈𝐸(𝑖,𝑗)∈𝐸

= 𝑣(𝑛+1)𝑘, ∀ 𝑘 ∈ 𝐾 
(14) 

∑ 𝑓𝑑𝑘𝑗𝑘

(𝑑𝑘,𝑗)∈𝐸

− ∑ 𝑓𝑗𝑑𝑘𝑘

(𝑗,𝑑𝑘)∈𝐸

 = ∑ 𝑣𝑖𝑘

𝑖∈𝑉
𝑖≠𝑑𝑘

, ∀ 𝑘 ∈ 𝐾 
(15) 

∑ 𝑓𝑗(𝑛+1)𝑘

(𝑗,𝑛+1)∈𝐸

= 1, ∀ 𝑘 ∈ 𝐾 (16) 

𝑓𝑖𝑗𝑘 ≤ |𝐸| ∑ 𝑥𝑖𝑗𝑙𝑘

(𝑗,𝑙)∈𝐸

, ∀(𝑖, 𝑗) ∈ 𝐸, 𝑗 ≠ 𝑛 + 1, 𝑘 ∈ 𝐾 
(17) 

𝑓𝑖(𝑛+1)𝑘 ≤ |𝐸| ∑ 𝑥𝑙𝑖(𝑛+1)𝑘

(𝑙,𝑖)∈𝐸

, ∀(𝑖, 𝑛 + 1) ∈ 𝐸, 𝑘 ∈ 𝐾 (18) 

𝑓𝑖𝑗𝑘 − 1 ≥ 𝑓𝑗𝑙𝑘 − |𝐸|(1 − 𝑥𝑖𝑗𝑙𝑘), ∀(𝑖, 𝑗) ∈ 𝐸, (𝑗, 𝑙) ∈ 𝐸, 𝑗 ≠ 𝑛 + 1, 𝑘 ∈ 𝐾 (19) 

𝑡𝑖𝑗𝑙𝑘 ≤ 𝑡𝑚𝑎𝑥(𝑥𝑖𝑗𝑙𝑘), ∀(𝑖, 𝑗) ∈ 𝐸, (𝑗, 𝑙) ∈ 𝐸, 𝑗 ≠ 𝑛 + 1, 𝑘 ∈ 𝐾 (20) 

∑ 𝑡𝑖𝑗𝑙𝑘

(𝑗,𝑙)∈𝐸

≥ ∑ 𝑡ℎ𝑖𝑗𝑘

(ℎ,𝑖)∈𝐸

+ 𝑐𝑖𝑗 ( ∑ 𝑥𝑖𝑗𝑙𝑘

(𝑗,𝑙)∈𝐸

) , ∀(𝑖, 𝑗) ∈ 𝐸 ∖ 𝐵, 𝑗 ≠ 𝑛 + 1, 𝑘 ∈ 𝐾 

(21) 
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𝑠𝑖𝑗𝑘 ≥ ∑ 𝑡ℎ𝑖𝑗𝑘

(ℎ,𝑖)∈𝐸

, ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 (22) 

∑ 𝑡ℎ𝑖𝑗𝑘

(ℎ,𝑖)∈𝐸

− 𝑠𝑖𝑗𝑘 ≤ 𝑀(1 − 𝑧𝑖𝑗𝑘), ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 (23) 

∑ 𝑡ℎ𝑖𝑗𝛼

(𝑖,ℎ)∈𝐸

− 𝑠𝑖𝑗𝑘 ≤ 𝑀(1 − 𝑧𝑖𝑗𝛼) + 2𝑀 ( ∑ 𝑥ℎ𝑖𝑗𝑘

(𝑖,ℎ)∈𝐸

) , ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾, 𝛼 ∈ 𝐾, 𝛼

≠ 𝑘 

(24) 

∑ 𝑡ℎ𝑖𝑗𝑘

(ℎ,𝑖)∈𝐸

≥ 𝑠𝑖𝑗𝑘 , +𝑎𝑖𝑗𝑘 + 𝑐𝑖𝑗 ( ∑ 𝑥𝑖𝑗𝑙𝑘

(𝑗,𝑙)∈𝐸

) , ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 

(25) 

𝑎𝑖𝑗𝑘 ≤ 𝑏𝑖𝑗𝑧𝑖𝑗𝑘  ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 (26) 

𝑎𝑖𝑗𝑘 − 𝑏𝑖𝑗 ≥ 𝑀(−1 + 𝑧𝑖𝑗𝑘 − ∑ 𝑧𝑗𝑖𝛼

𝛼∈𝐾
𝛼≠𝑘

), ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 
(27) 

2𝑎𝑖𝑗𝑘 − 𝑏𝑖𝑗 + ∑ 𝑡ℎ𝑖𝑗𝑘

(ℎ,𝑖)∈𝐸

− ∑ 𝑡ℎ𝑗𝑖𝛼

(ℎ,𝑗)∈𝐸

≥ −𝑀(3 − 𝑧𝑖𝑗𝑘 − 𝑧𝑗𝑖𝛼 − 𝑤𝑖𝑗𝑘), ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘

∈ 𝐾, 𝛼 ∈ 𝐾, 𝑘 ≠ 𝛼 

(28) 

2𝑎𝑗𝑖∝ − 𝑏𝑖𝑗 − ∑ 𝑡ℎ𝑖𝑗𝑘

(ℎ,𝑖)∈𝐸

+ ∑ 𝑡ℎ𝑗𝑖𝛼

(ℎ,𝑗)∈𝐸

≥ −𝑀(3 − 𝑧𝑖𝑗𝑘 − 𝑧𝑗𝑖𝛼 − 𝑤𝑖𝑗𝑘), ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘

∈ 𝐾, 𝛼 ∈ 𝐾, 𝑘 ≠ 𝛼 

(29) 

𝑧𝑖𝑗𝑘 ≥ 𝑤𝑖𝑗𝑘 , ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾 (30) 

∑ 𝑡ℎ𝑖𝑗𝑘

(ℎ,𝑖)∈𝐸

− ∑ 𝑡ℎ𝑗𝑖𝛼

(ℎ,𝑗)∈𝐸

≥ 𝑀(𝑤𝑗𝑖𝛼 − 1) + 2𝑀(𝑧𝑖𝑗𝑘 + 𝑧𝑗𝑖𝛼 − 2), ∀(𝑖, 𝑗)𝐵, 𝑘 ∈ 𝐾, 𝛼

∈ 𝐾, 𝑘 ≠ 𝛼 

(31) 

−1 + 𝑧𝑖𝑗𝑘 + 𝑧𝑗𝑖𝛼 ≤ 𝑤𝑖𝑗𝑘 + 𝑤𝑗𝑖𝛼 , ∀(𝑖, 𝑗) ∈ 𝐵, 𝑘 ∈ 𝐾, 𝛼 ∈ 𝐾, 𝛼 ≠ 𝑘 (32) 

𝑠𝑗𝑖𝛼 − ∑ 𝑡𝑖𝑗𝑙𝑘

(𝑗,𝑙)∈𝐸

≥ 𝑀(𝑧𝑖𝑗𝑘 − 𝑧𝑗𝑖𝛼 − 1) + 2𝑀 ( ∑ 𝑥𝑗𝑖𝑙𝛼

(𝑖,𝑙)∈𝐸

) , ∀𝑘 ∈ 𝐾, 𝛼 ∈ 𝐾, 𝑘

≠ 𝛼, (𝑖, 𝑗) ∈ 𝐵 

(33) 

𝑎𝑖𝑗𝑘 + 𝑎𝑗𝑖𝛼 − 𝑏𝑖𝑗 ≤ 𝑀(𝑤𝑖𝑗𝑘 − 1), ∀𝑘 ∈ 𝐾, 𝛼 ∈ 𝐾, 𝑘 ≠ 𝛼, (𝑖, 𝑗) ∈ 𝐵 (34) 

As mentioned in Subsection 0, RQ. 2.2 aims to propose a software to solve the MIP to the 

MPC-ARCP. The above MIP model is coded in Python (version 3.9.7) using the PuLP 

library (version 2.6.0), and solved with Gurobi (version 9.5.0). This code is converted into 
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a software capable of reading network instances (further explained in Subsection 3.2), 

solving the model, and displaying the results in a network. This software is called “An 

Exact solution approach to the collaborative multi-vehicle Arc Routing for Connectivity 

Problem”, in short, E-ARCP. Figure 5 depicts E-ARCP’s experimental setting. E-ARCP 

reads two input files (i.e. model parameters and instance description). The software then 

converts the data in these two files and solves the MPC-ARCP. The outputs of the software 

are: (i) the mathematical model solution (i.e. the values of all decision variables), (ii) a log 

file created by the solver, and (iii) the representation of the teams routes’ in a network. 

 

Figure 5. E-ARCP experimental setting, from PIV 

A complete description of the software, the access link, and examples of applications are 

available in Appendix D (PIV). 

3.1.2 Preliminary solution approaches to MPC-ARCP 

The MPC-ARCP formulated in Subsection 3.1.1 is a generalization of the KPC-ARCP. The 

main difference between these two problems is that in the KPC-ARCP, the teams do not 

collaborate to clear any given edge and all teams start in a single depot. In addition, they 

only consider the prize between the components and the depot (i.e. there are no relative 

prizes between all the components). As proven by Akbari and Salman (2017a), the KPC-
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ARCP is a NP-Hard problem, and therefore large instances are not solvable to optimality 

within a reasonable processing time. Since the MPC-ARCP is a generalization of the KPC-

ARCP, it is also a NP-hard problem and large instances are not solvable to optimality in a 

short period of time. Therefore, this thesis aims to find a fast solution approach to the KPC-

ARCP, and then convert this approach to the MPC-ARCP. 

Two metaheuristic approaches are proposed to solve large scale instances: GRASP 

(Subsection 3.1.2.1) and ACO (Subsection 3.1.2.2). The preliminary step of both 

approaches is to find the quickest path between all pairs of vertices. The KPC-ARCP was 

designed for rural roads (Akbari & Salman, 2017a), and thus, the network is sparse. 

Therefore, Dijkstra’s Algorithm (Dijkstra, 1959) can be used to find the quickest paths. 

Notice that this preliminary step of finding the quickest path between the vertices is done 

because in the KPC-ARCP not all vertices are connected to each other (i.e. the network is 

incomplete). Therefore, if this step is not performed, the teams’ route could be infeasible 

as some of the vertices would be disconnected (i.e. there is no direct road connecting two 

vertices). Ideally, the quickest path would have to be updated every time a road is assigned 

to be cleared by a team. However, it is computationally impracticable to make this 

calculation several times on a large network. Therefore, this thesis considers a pessimistic 

approach with the quickest paths being found assuming that none of the blocked roads are 

cleared (i.e. a team will have to clear a blocked road to traverse it). 

3.1.2.1 GRASP to KPC-ARCP 

The GRASP metaheuristic proposed by Feo and Resende (1995) is adapted to solve RQ.3.1 

and is detailed in Appendix F (PVI). GRASP is applied to this problem for two main 

reasons. First, it is easily implementable and has only two parameters (i.e. number of 

iterations and level of randomness), so it is easy to calibrate. Second, other authors solved 

similar road clearing problems with GRASP and reported a good performance, e.g. Ajam 

et al. (2019) and Maya Duque and Sörensen (2011). 

The structure of GRASP to the KPC-ARCP is illustrated in the flowchart in Figure 6. In 

summary, GRASP runs for a pre-determined number of iterations, and in each iteration, it 

uses a constructive heuristic (detailed in Subsection 3.1.2.1.1) to create the teams’ routes. 
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After constructing the routes, the objective function value is calculated by summing the 

prizes of the components reconnected to the depot’s component. In every iteration, GRASP 

checks if the current solution has an objective function value higher than the best one found 

so far. If so, it updates the best solution (i.e. it saves the teams’ routes and objective function 

value). 

 
Figure 6. Structure of GRASP to KPC-ARCP, from PVI 
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3.1.2.1.1 Constructive heuristic to the KPC-ARCP 

The constructive heuristic to KPC-ARCP creates one team’s route at a time. Hence, if there 

are five teams available, the constructive heuristic will create five routes (one at a time). 

Furthermore, the routes are constructed by trying to visit one component at a time and  

checking whether the route’s duration is within the pre-determined time horizon. The flow 

chart presented in Figure 7 summarizes the logic of this constructive heuristic, which has 

two stop criteria: (i) all teams have a route (i.e. they are unavailable), or (ii) all the 

components are reconnected. 

The process of constructing a team’s route is as follows. First, the team is set to start at the 

depot. As mentioned, the teams are indexed, thus their routes are created by choosing the 

teams in the increasing order of their index. Then, a Restricted Candidate List (RCL) is 

created. This list is used to select the possible components that can be added to the route. 

The RCL has a fixed size, the level of randomness (α) multiplied by the number of unvisited 

components (rounded up). For instance, if there are 10 unvisited components [𝑞1, 𝑞2, 𝑞3, 

𝑞4, 𝑞5, 𝑞6, 𝑞7, 𝑞8, 𝑞9, 𝑞10] and if α is 0.75, the RCL will have 8 elements. Furthermore, the 

elements in the RCL are ordered according to their prize. Since this is a maximization 

problem, only the unvisited components with the highest prize are kept on the list. For 

example, if the prizes of the ten components are 𝑞1 = 1, 𝑞2 = 2, 𝑞3 = 3, 𝑞4 = 3, 𝑞5 = 6, 

𝑞6 = 6, 𝑞7 = 7, 𝑞8 = 7, 𝑞9 = 8, 𝑞10 = 9, the eight ordered components in the RCL will 

be 𝑞10, 𝑞9, 𝑞8, 𝑞7, 𝑞6, 𝑞5, 𝑞4, and 𝑞3. Thus, 𝑞1 and 𝑞2 will be excluded from the RCL. The 

next step is to randomly select a candidate component from the RCL. For simplicity, this 

selection is made following a uniform distribution. 

After selecting a candidate component, the quickest path between that component and 

where the team is located is identified. In other words, the algorithm finds the quickest path 

between the last vertex in the team’s route and all the vertices in the candidate component. 

Then, it checks if it is possible to reconnect that component in the time horizon. For 

example, consider the network in Figure 8, which has four components (𝑞1, 𝑞2, 𝑞3, and 𝑞4). 

The team is at the depot, and the candidate selected is 𝑞2. Some of the possible paths are 

[D, 1, 2, 4, 6], [D, 3, 7], and [D, 3, 10, 8]. Assume that [D, 3, 10, 8] is the quickest path. If 

the duration of this route is less than the time horizon (e.g. 72 hours), then this route is  
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Figure 7. Structure of the KPC-ARCP constructive heuristic, from PVI 
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accepted and becomes the updated team route. Otherwise, the route is rejected and 

discarded, and the algorithm tries to visit another component. 

Notice that the quickest path to a candidate component may pass through multiple 

components. For instance, in Figure 8, if the quickest path is [D, 3, 10, 8], both components 

𝑞1 and 𝑞4 are reconnected. Thus, after the algorithm accepts a candidate component and 

updates the team’s route, it checks if an extra component is visited and updates the RCL 

accordingly. 

 

Figure 8. Example of a road clearing scenario in terms of (a) components and (b) roads, from PVI 

Every time a team tries to visit a component and does not succeed due to time limitations 

(i.e. exceeding the time horizon), this component is removed from the RCL. However, if a 

team succeeds in visiting a candidate component, the RCL is updated by replacing the 

candidate component with another unvisited component. Observe that when the team does 

not have enough time to visit the remaining unvisited components or when all components 

are reconnected, the RCL becomes empty. Thus, the algorithm moves to the next available 

team or ends. The duration of the teams’ routes is calculated using the algorithm presented 

in Subsection 3.1.2.1.2. 
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3.1.2.1.2 Algorithm to calculate the team’s route duration 

The duration of the team’s route is calculated with the algorithm presented in Figure 9. The 

key element used to calculate the duration of the team’s route is the “list of unblocked 

edges”. This list contains the team and the time each edge will be unblocked. For example, 

edge (2,4) in Figure 8 is opened by a specific team (e.g. team 0) and can be traversed after 

hour 56. This information is helpful in keeping track of the edges being unblocked by other 

teams, and if a team must wait before traversing an edge. 

 
Figure 9. Algorithm to calculate the duration of each team’s route, from PVI 
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The duration of a route is calculated as follows. The algorithm sets the duration to zero and 

iterates over every edge in the route. The algorithm checks whether the edge is intact or 

blocked in every iteration. If the edge is intact, the algorithm adds the traversing time to the 

route’s duration and moves to the next edge. However, if the edge if blocked, there are two 

options: (i) this is the first team to traverse and unblock the edge, or (ii) another team 

unblocked the edge. In option (i), both the unblocking and the traversing times are added 

to the route’s duration, the list of unblocked edges is updated, and the algorithm moves to 

the next edge. However, in option (ii), the algorithm will also consider the waiting time. 

For example, if team 0 finishes clearing edge (2,4) at hour 56, and team 1 arrives at hour 

48, then team 1 will wait 8 hours. In addition to the waiting time, the traversing time is 

added to the route’s duration. 

3.1.2.2 ACO to KPC-ARCP 

The second solution approach to KPC-ARCP aims to answer RQ.3.2 (presented in 

Subsection 0), which focuses on proposing an ACO metaheuristic. Given that a similar 

problem to the KPC-ARCP (K-ARCP, explained in Subsection 1.2.1) is solved by Vodák 

et al. (2018) with ACO, and considering their report on the good performance of this 

metaheuristic, this thesis presents an ACO applied to KPC-ARCP. The proposed ACO is 

then compared to the GRASP to the KPC-ARCP to identify which metaheuristic has better 

performance and should be used to solve the MPC-ARCP. A detailed description of this 

metaheuristic can be found in Appendix G (PVII). 

The ACO is initially introduced by Dorigo and Stützle (2004). This metaheuristic is 

inspired by the behaviour of ants searching for food. The metaheuristic considers that each 

edge has a probability of being visited by an ant. This probability is also referred to as 

“pheromone”, and it is reduced in every iteration according to a pre-determined decreasing 

rate named “coefficient of pheromone evaporation”. The edges traversed by an ant on the 

paths with the highest objective function receive a boost on their pheromone (i.e. their 

probability of being visited increases). 

The ACO to the KPC-ARCP has nine parameters (α, β, number of ants, number of colonies, 

number of iterations, coefficient of pheromone evaporation, initial pheromone, Q, and the 
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maximum number of repetitions of the best solution). These parameters, the formulas to 

calculate the probabilities (pheromones), and the deposit of pheromones on the visited 

edges are explained in Appendix G (PVII - Subsections 4.1 and 4.2). 

The general structure of the ACO to the KPC-ARCP is presented in Figure 10. This 

metaheuristic has two stop criteria: a maximum number of iterations (represented by 

counter 𝑖 in Figure 10), and the maximum number of times the algorithm can create 

solutions without having an improvement in the objective function value (represented by 

counter 𝑟 in Figure 10). In this solution approach, each ant is assumed to be a solution (i.e. 

the road clearing teams’ routes), whereas the set of multiple solutions is an ant colony. For 

example, if the problem considers that a colony has 15 ants, then 15 solutions (i.e. all teams’ 

routes) will be created. 

The teams routes’ are developed considering an adapted version of the constructive 

heuristic presented in Subsection 3.1.2.1.1. Instead of randomly selecting a candidate 

component from the RCL, this metaheuristic creates a list with the level of pheromones 

(probabilities) to visit a component. The pheromone level to visit a component is equivalent 

to the sum of the pheromones deposited on the edges leading to that component. Then, the 

roulette wheel selection is used to define what component will be visited. A description of 

how the roulette wheel selection works is available in Michaelowicz and Fogel (2000). 

Furthermore, the calculation of the duration of the teams’ routes is the same as presented 

in Subsection 3.1.2.1.2. 

After all the teams’ routes are created, the objective function value is calculated. Suppose 

that the objective function is greater than the others found on the previous colonies. In that 

case, the solution is set as the best one, and the pheromone is deposited on all the edges 

visited by the road clearing teams (i.e. their probability of being visited is increased). Notice 

that the metaheuristic algorithm is ended if the objective function value is not improved for 

a pre-determined number of iterations.  
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Figure 10. Structure of ACO to KPC-ARCP, from PVII

3
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3.1.3 A hybrid metaheuristic to the MPC-ARCP 

This Section explains the hybrid metaheuristic for the MPC-ARCP, which combines 

GRASP and the Evolutionary Algorithm (EA). As mentioned in Subsection 0, RQ.3 aims 

to propose a solution approach to MPC-ARCP suitable for large networks. As the results 

shown in Chapter 4 indicate, GRASP to KPC-ARCP performs better than ACO. Therefore, 

this metaheuristic is used as a basis for the MPC-ARCP. Moreover, in Appendix A (PI), 

the approximation methods which are commonly used to solve road repair and restoration 

problems are identified, showing that EA is the most used metaheuristic in the field. Hence, 

this thesis presents a GRASP-EA metaheuristic, detailed in Appendix E (PV). Notice that 

it is unknown whether EA significantly improves the accuracy of the MPC-ARCP results, 

specially when compared with GRASP. Therefore, this thesis also investigates whether the 

hybrid metaheuristic performs better than GRASP to MPC-ARCP. 

 

Figure 11. Structure of the hybrid metaheuristic for the MPC-ARCP, from PV 

The structure of the hybrid metaheuristic is depicted in Figure 11. The EA’s initial 

population is created with an adapted version of GRASP applied to the KPC-ARCP and is 

explained in Subsection 3.1.3.1. In this thesis, an individual is composed of all teams’ 

routes, and a population is composed of multiple individuals. For example, Figure 12 
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presents a population with individuals 𝐼1, 𝐼2 and 𝐼3, and the individual 𝐼1 has four teams’ 

routes (𝑇1, 𝑇2, 𝑇3 and 𝑇4). 

 

Figure 12. Representation of three individuals (I1, I2, I3) in the hybrid metaheuristic, from PV 

After the initial population is created, the EA combines the individuals and generates 

mutations to potentially create improved individuals. This thesis considers the objective 

function value as the fitness level of an individual, and since the MPC-ARCP is a 

maximization problem, the individuals with the higher objective function value are the 

fittest, as explained in Subsection 2.1. 

The EA depicted in Figure 11 is summarized as follows. After an initial population is 

created, the fitness level of all individuals is calculated. A copy of the fittest individuals is 

kept for the next generation (i.e. elitism). The number of individuals added to the next 

generation follows a parameter called “elitism rate”, further explained in Subsection 

3.1.3.2. Then, the algorithm checks if the stop criterion is met. In this thesis, the EA is 

repeated for a pre-determined number of generations, with the initial population being the 

first generation. If the stop criterion is not met, the population goes through natural 

selection, crossover, and mutation (explained in Subsections 3.1.3.2, 3.1.3.3, and 3.1.3.4, 

respectively). The individuals remaining after mutation are considered a new generation. 

When the stop criterion is met, the fittest individual (i.e. the one with the highest objective 

function value) is returned, and the algorithm is ended. 
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3.1.3.1 Initial population 

The initial population is created in three steps, illustrated in Figure 13. First, the routes of 

all individuals are created with the GRASP to the KPC-ARCP (Subsection 3.1.2.1). In this 

step, it is assumed that teams cannot collaborate to clear an edge. The algorithm iterates 

over every individual and checks if two teams can collaborate. Then, it tests all possible 

collaborations, and if one of them is feasible, the list of unblocked edges is updated. This 

process of testing the collaborations is performed for all possible collaborations. Finally, 

when two teams collaborate, the duration of their routes is reduced, and therefore, it may 

be possible to reconnect extra components. 

 
Figure 13. Structure of the algorithm to generate an initial population in the hybrid metaheuristic, 

from PV 

As explained in Subsection 3.1.2.1.2, the list of unblocked edges keeps track of the teams’ 

schedule as it contains the following information: the edges cleared, the team which cleared 

it, and what time the operation is completed. In the MPC-ARCP, an additional piece of 

information is added to this list: how long each team spends clearing an edge. For example, 

team 0 (𝑇0) may clear edge (2,4) for 12 hours, finishing at hour 56. Notice that if two 

teams collaborate, the list of unblocked edges will have two entries, such that edge (2,4) is 

cleared by 𝑇0 for 6 hours and ending at hour 50, and edge (4,2) is simultaneously cleared 

by team 1 (𝑇1) for 6 hours and finishing at hour 50. 

The operator to add the teams’ collaborations is as follows. First, all the edges in the teams’ 

routes traversed by two teams in opposite directions are listed. Second, the algorithm 

iterates over each collaboration in the list, recalculating the duration of the teams’ routes. 

If the total duration (i.e. the sum of the duration of all teams’ routes) is reduced, the 

collaboration is accepted, and the list of unblocked edges is updated. Otherwise, the 
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collaboration is rejected, and the algorithm checks another possible collaboration. This 

operator stops when all potential collaborations have been evaluated. 

The time that each team spends clearing an edge is related to the team’s arrival time. 

Assume that two teams (𝑇1 and 𝑇2) traverse edge (𝑖, 𝑗) in opposite directions. 𝑇1 arrives 

at edge (𝑖, 𝑗) at hour 𝑠𝑖𝑗𝑇1 and 𝑇2 arrives at (𝑗, 𝑖) in hour 𝑠𝑗𝑖𝑇2. Let 𝑇1 be the first to arrive 

at edge (𝑖, 𝑗). If 𝑇2 arrives after 𝑇1 cleared the edge (i.e. 𝑠𝑗𝑖𝑇2 ≥ 𝑠𝑖𝑗𝑇1 + 𝑏𝑖𝑗), then 𝑇1 must 

clear the edge alone. However, if 𝑇2 arrives earlier, the clearing times of T1 and T2 (𝑎𝑖𝑗𝑇1 

and 𝑎𝑗𝑖𝑇2) are calculated with Eqs. (35) and (36). 

𝑎𝑖𝑗𝑇1 =
𝑏𝑖𝑗 + (𝑠𝑗𝑖𝑇2 − 𝑠𝑖𝑗𝑇1)

2
 

(35) 

𝑎𝑗𝑖𝑇2 =
𝑏𝑖𝑗 − (𝑠𝑗𝑖𝑇2 − 𝑠𝑖𝑗𝑇1)

2
 

(36) 

After the list of unblocked edges is updated with the collaboration clearing times, the 

duration of the teams’ routes can be shorter than the time horizon. Hence, the insertion 

operator consists of inserting a path at the end of a team’s route to reconnect extra 

components. 

First, the insertion operator identifies all pairs of disconnected components. Then, it iterates 

over every team route. The component of the last vertex in the team’s route is identified, 

and the algorithm verifies if this component is in one of the pairs of disconnected 

components. If so, the algorithm adds the quickest path to that component at the end of the 

team’s route, and tests if it is possible to visit the component within the time horizon. If 

not, the algorithm moves to the next team’s route. If yes, the team’s route and the list of 

unblocked edges are updated. 

3.1.3.2 Fitness evaluation, elitism, and natural selection 

The MPC-ARCP’s objective function is to maximize the relative prizes collected while 

reconnecting isolated communities to critical infrastructures. Thus, the pairs of components 

being reconnected in each individual are identified, and the sum of their relative prizes is 

the objective function value (i.e. the individual fitness level). 
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The fittest individuals are kept for future generations (elitism). The elite has a specific size: 

the number of individuals in the current generation multiplied by an elitism rate. For 

example, if there are 48 individuals and the elitism rate is 10%, then a copy of the five 

fittest individuals (4.8 rounded up) is added to the next generation. 

Natural selection is used to define the individuals that will reproduce and generate two 

offspring. Two individuals in the population are randomly selected, and the fittest survives. 

Natural selection is repeated until the population achieves a specific number of individuals, 

which is the population multiplied by the parent reduction rate. For example, assume a 

population with 100 individuals and a parent reduction rate of 80%. Natural selection will 

occur until there are 80 individuals left in the population. 

3.1.3.3 Crossover 

The individuals which survived natural selection are randomly paired to reproduce. The 

offspring are created by exchanging one team route of the individuals, as exemplified in 

Figure 14. Some collaborations may be cancelled when swapping the teams, and waiting 

times and routes’ duration may change. 

Since every team has a specific depot, the swap move only occurs between teams with the 

same start point on different individuals. For instance, in Figure 14, 𝑇1 in 𝐼1 cannot be 

swapped with 𝑇3 in 𝐼2 because they can have different depots. However, 𝑇1 in I1 can be 

swapped with 𝑇1 in 𝐼2. After the swap, the logic used to create the teams' collaboration is 

repeated (see Subsection 3.1.3.1) so that the road clearing schedule is fixed. The swap move 

may change some of the start and end times when roads will be unblocked, because 

previous collaborations may have been cancelled, and new collaborations may have 

become possible. Thus, all cancelled collaborations are updated with the single road 

clearing team being responsible for clearing the road alone. Also, the new collaborations 

are listed, and their feasibility is tested.  

The swap move may have turned some of the routes unfeasible with a duration greater than 

the time horizon. Thus, in this case, the last vertex of that route is removed successively 

until the route becomes feasible. The list of unblocked edges is updated throughout the 

entire approach, so that the road clearing schedule is always up to date. 
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Figure 14. Crossover operator: the swap move of T2 between individuals I1 and I2, from PV 

3.1.3.4 Mutation 

The mutation operator randomly selects individuals in the population to go through 

mutation. Then, a team route is selected for each individual. The component of the last 

vertex in the route is identified. All the blocked edges between that component and other 

components are listed, and one of the blocked edges is randomly selected. Then, the 

selected edge and the quickest path to the edge are added to the team’s route. The duration 

of the route is calculated, and the feasibility is checked. 

The mutation operator differs from the insertion operator explained in Subsection 3.1.3.1. 

Consider the network in Figure 15(a). If a team is in 𝑞1 and its route ends in 𝑞2, the insertion 
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operator will always reconnect the quickest path between 𝑞1 and 𝑞2, which is [𝑞1, 𝑞0, 𝑞2]. 

Components 𝑞1 and 𝑞2 will not be reconnected directly and the objective function value 

will consider only the relative prizes between 𝑞1 and 𝑞0, and 𝑞2 and 𝑞0. The mutation 

operator tries to escape this local optimum by randomly selecting a blocked edge that must 

be cleared. For example, assume that edge (𝑞1, 𝑞2) is chosen. In this case, component 𝑞1 

and 𝑞2 are directly connected, and the objective function considers the relative prize 

between them. 

 

Figure 15. Example of (a) a solution trapped in local optima and (b) the mutation operator 

escaping from the local optimum, from PV 

3.2 Benchmark instances to the MPC-ARCP 

A key aspect of the input data required to test whether the MIP and the hybrid metaheuristic 

solution approaches to the MPC-ARCP presented in Subsections 3.1.1 and 3.1.3 are 

suitable for large-scale networks is a set of network instances. PI (Appendix A) identifies 

the lack of benchmark instances for road repair and restoration problems, based on an 

extensive literature review. Therefore, the purpose of RQ.2.1 is to create a dataset with 

instances to test the approaches developed for the MPC-ARCP. PIII in Appendix C 

introduces the logic to create over 1,700 networks with increasing sizes and with a variety 

of structures. The benefit of having such an extensive database is to test solution approaches 

on different structures, which can show patterns in the results. For example, an approach 
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may be suitable only for instances with few components, or have limited usefulness beyond 

a certain network size. Hence, this Section summarizes how the instances are generated. A 

detailed overview of the parameter values, examples, and equations can be found in 

Appendix C. 

The instances are initially developed for the KPC-ARCP and then adapted to the MPC-

ARCP. The process of generating an instance includes three main steps, summarized in 

Figure 16. In the first step (i.e. pre-disaster network), a network is created assuming all 

roads are operational. Based on the network size (i.e. the number of vertices), the size of 

the region where the vertices will be located (i.e. grid size), and the maximum number of 

roads connecting a single vertex (i.e. upper bound vertices degree), a network is generated 

using Python’s NetworkX library.  

 

Figure 16. Structure of the mechanism used to generate MPC-ARCP academic instances, 

from PIII 
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Figure 17. Example of a pre-disaster academic instance with 25 vertices, from PIII 

After the pre-disaster network is created, the algorithm starts to block edges until a pre-

determined number of components is obtained. The edges are blocked according to a 

Gaussian Bivariate Distribution. As exemplified in Figure 18, the epicentre of the disaster 

is where the disaster’s intensity is the highest. Since the probability density curve has the 

same size as the affected region (i.e. grid size), the edges located close to the epicenter have 

a higher chance of being blocked. In this algorithm, the edges closer to the epicentre are 

randomly blocked until the network is divided into a pre-determined number of 

components. 

 

Figure 18. Example of a probability density curve representing the disaster intensity, from PIII 
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Every time an edge is blocked, its unblocking time is generated following a uniform 

distribution between 0 and 72 hours. In the KPC-ARCP, after the post-disaster network is 

defined, a vertex is randomly selected in one of four grid quadrants (i.e. upper left, upper 

right, lower left, lower right corner) or the center, as exemplified in Figure 19. In the MPC-

ARCP, additional depots are selected, as explained in Appendix B (PII – Subsection 4.1). 

A number within the interval of [2, 𝑀𝐷] is generated, and this number represents the total 

number of depots in the network. 𝑀𝐷 stands for “maximum number of depots”. The 𝑀𝐷 

parameter varies according to the network size, and the higher the number of vertices, the 

higher the value of 𝑀𝐷. Then, the additional depots are selected following a uniform 

distribution. 

 
Figure 19. Example of a post-disaster network structure with 25 vertices and one depot, from PIII 

The relative prizes are calculated as follows. The critical infrastructures are assumed to 

have a weight of 5, the road clearing depot a weight of 2, and the communities have a 

weight of 1. Then, the prize of each component is calculated individually based on the 

vertices contained in each component. Then, the relative prizes are defined by adding the 

prizes of the individual components. For example, if a component 𝑞0 has a prize of 2 and a 

component 𝑞1 has a prize of 10, then the relative prize (𝑃𝑞0𝑞1
) is 12. 
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A description of the 27 MPC-ARCP instances used in this thesis is available in Appendix 

B (PII). The KPC-ARCP instances are available in Souza Almeida et al. (2022), and the 

MPC-ARCP in Souza Almeida et al. (2022). 

3.3 Numerical experiments 

This Section explains the four experiments performed to (i) calibrate GRASP applied to the 

KPC-ARCP (RQ.3.1), (ii) to compare the performance between ACO and GRASP applied 

to the KPC-ARCP (RQ.3.2), (iii) to test the hybrid metaheuristic applied to the MPC-ARCP 

(RQ.3), and (iv) to test the MIP to the MPC-ARCP (RQ.2). All experiments are executed 

on an AMD Ryzen 9 3960X with 16 cores, 32 logical processors, and 64 B of RAM. All 

solution approaches are coded using Python (version 3.9.7), and the exact methods are 

solved with Gurobi (version 9.5.0). 

The first experiment checks the best combination of GRASP parameters (the level of 

randomness and the number of iterations). In this test, GRASP to the KPC-ARCP is tested 

on 18 instances with increasing sizes ranging from 50 to 10,000 vertices. These academic 

instances are proposed in Appendix F (PVI – Subsection 4.2). The single road clearing 

depot is assumed to have 4, 8, and 16 available teams, and the levels of randomness tested 

are 0.25, 0.50, and 0.75. Additionally, the number of iterations tested are 100, 250, 500, 

and 1,000 iterations. This experiment calibrates GRASP according to the objective function 

accuracy and the processing time. The accuracy is the gap in the objective function, which 

in this thesis is calculated by comparing the objective function value of the matheuristic to 

the KPC-ARCP (proposed by Akbari and Salman (2017a)), and the objective function value 

obtained in the runs. Appendix F (PVI – Subsection 4.3) explains how the gap in the 

objective function is calculated and presents additional information about this experiment. 

The second experiment compares GRASP’s performance with ACO and the matheuristic 

for the KPC-ARCP. These three approaches are tested on the same instances as in the first 

experiment, and the parameters adopted in the GRASP and ACO metaheuristics are shown 

in Table 4. GRASP’s parameters are obtained from the model’s calibration (i.e. first 

experiment), and ACO’s parameters follows the recommendations from Vodák et al. (2018) 

and Yan and Shih (2012).  
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Table 4. GRASP and ACO parameters for the KPC-ARCP used in the second experiment, 

based on PVI and PVII 

Solution Approach Parameter Value 

GRASP 

Number of iterations 

100 on instances with less 

than 3,000 vertices and 

1,000 on larger networks. 

Level of randomness 

0.75 on instances with less 

than 3,000 vertices and 

0.25 on larger networks. 

ACO 

α 1 

β 1 

Number of ants 4, 8, 16 

Number of colonies 30 

Number of iterations 200 

Coefficient of evaporation 0.8 

Initial pheromone 0.01 

Q 0.7 

MR (Maximum number of 

repetitions of the best 

solution) 

5 

In this second experiment, the gap in the objective function and the processing times are 

compared to identify the most suitable solution approach to large-scale networks. Further 

explanation on how the gap in the objective function is calculated is available in Appendix 

G (PVII – Section 5). Further details about the experiment can be found there as well. 

The third experiment is to run the MIP to the MPC-ARCP on the 27 academic instances 

presented in Subsection 3.2. This experiment aims to identify the largest instance which 

can be solved to optimality within five hours. In addition, the MIP is tested on networks 

with different structures (i.e. the number of vertices, edges, blocked edges, available teams, 

and components) to detect whether a specific structure impacts the model’s performance. 

The 27 instances have 25, 50, 75, 100, 250, 400, 500, 750, and 1,000 vertices, and they are 

classified into “A”, “B” or “C” according to the number of components in the instance. An 

instance type “A” has few, type “B” has some, and “C” has many components. For 

example, instance 1000-A has 9, 1000-B has 14, and 1000-C has 163 components. The 

network structure (e.g. number of edges, blocked edges, components, teams, depots) of 

each instance is available in Appendix B (Table 4).  In this experiment, the gap to optimality 

(provided by the solver) and processing times are used to compare the results of the 
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different structures. Further explanations about this experiment can be found in Appendix 

B (PII – Subsection 4.1). 

The last experiment tests the road clearing approaches in the MPC-ARCP: the hybrid 

metaheuristic and the MIP. This experiment uses the hybrid metaheuristic to solve the same 

instances as solved using the MIP. Similar to the previous tests, their objective function 

values and processing times are compared to determine the hybrid metaheuristic’s 

accuracy. Additionally, since the hybrid metaheuristic is composed of GRASP and EA, the 

improvements to the objective function value made by EA are tracked to identify whether 

EA should be used to improve GRASP for the MPC-ARCP. The parameters used in the 

hybrid metaheuristic are listed in Table 5. Similar to the first experiment, the hybrid 

metaheuristic is also calibrated as three parent reduction rates are tested. Further 

information is available in Appendix E (PV – Subsection 4.1). 

Table 5. Parameters used in the hybrid metaheuristic to the MPC-ARCP, from PV 

Solution Approach Parameter Value 

GRASP 
Number of iterations 100 

Level of randomness 0.75 

EA 

Initial population size 
Same as GRASP’s number 

of iterations 

Elite size 10% * population size 

Parent reduction rate 30%, 50%, 80% 
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CHAPTER 4: Results of research objective 1 

The results of the four experiments presented in Subsection 3.3 are exhibited in this Section. 

As described in Subsection 0, Research Objective 1 aims to test and solve the MPC-ARCP 

on academic instances. Hence, the results of the first and the second experiments 

(Subsections 4.1 and 0) calibrate the GRASP for the KPC-ARCP (RQ.3.1) and compare 

the performance of GRASP and ACO for the KPC-ARCP (RQ.3.2). Then, the third 

experiment tests the MIP for the MPC-ARCP (Subsection 4.3) and identifies the largest 

instance solvable to optimality in one hour. Finally, the fourth experiment (Subsection 4.4) 

tests the hybrid metaheuristic for the MPC-ARCP (RQ.3) on academic instances.  

4.1 Tests on the GRASP to the KPC-ARCP 

In the first experiment, GRASP for the KPC-ARCP is executed on multiple instances with 

increasing sizes to identify the best combination between two parameters: the level of 

randomness and the number of iterations. This experiment is designed to answer RQ. 3.1 

(Subsection 0). GRASP’s accuracy for 4, 8, and 16 teams is shown in Figure 20 (a) to (c), 

respectively. The intensity of the cell’s color indicates the gap in the objective function 

value, in which darker colors represent a low gap (i.e. higher accuracy) and brighter colors 

a high gap (i.e. low accuracy). As explained in Section 3.3, the gap to the objective function 

is a comparison between the objective function value obtained with GRASP and the 

matheuristic’s objective function value. Therefore, as shown in Figure 20 (a) to (c), GRASP 

obtained better objective function values in some of the instances (i.e. the ones with a 

negative gap), such as 100-A and 200-B. The results in Figure 20 (a) to (c) suggest using 

two sets of parameters for different network types. As indicated in Figure 20 (a) to (c), the 

instances with less than 3,000 vertices and a level of randomness of 0.75 have the lowest 

gaps in the objective function. Conversely, the larger instances do not perform very well 

with a level of randomness of 0.75, and, therefore, a level of randomness of 0.25 should be 

used.
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Figure 20. Gap in the objective function for (a) 4, (b) 8, and (c) 16 teams. Processing time (in hours) for (d) 4, (e) 8, and (f) 16 teams, from PVI 
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The processing times of 4, 8, and 16 teams are depicted in Figure 20 (d) to (f), with darker 

cells indicating combinations of parameters which lead to faster computations. In the 

instances with fewer than 3,000 vertices, the number of iterations does not seem to impact 

the accuracy of the objective function significantly. Hence, in this thesis, 100 iterations are 

adopted to solve the problem faster. However, the parameters should be different in 

instances with 3,000 vertices or more. The combination of 0.25 level of randomness and 

1,000 iterations provides more accurate results. Nonetheless, even though 1,000 iterations 

is the slowest approach, it is still fast, and the results are obtained in less than one hour. 

In summary, the first experiment's results suggest using a level of randomness of 0.75 and 

100 iterations on instances with fewer than 3,000 vertices, and 0.25 and 1,000 on larger 

instances, respectively. 

4.2 Comparative tests of the KPC-ARCP metaheuristics 

The second experiment identifies what solution approach to the KPC-ARCP is suitable for 

large instances (RQ. 3.2, explained in Subsection 0). The results of the second experiment 

for 4, 8, and 16 teams are shown in Figure 21(a) to (c). The experiment is performed on 

instances with increasing sizes (listed on the first vertical axis) and three approaches 

(Matheuristic, GRASP, and ACO) with the gap to the objective function shown on each of 

the remaining vertical axes in Figure 21. The horizontal lines show ACO’s gap in the 

objective function, and therefore the red lines are the instances in which ACO had a poor 

performance, and the green lines are the ones with a good performance. 

Figure 21(a) shows that ACO found the best results on instances with fewer than 3,000 

vertices. However, ACO obtains the worst results in larger instances. A similar result is 

found for 8 and 16 teams (Figure 21 (b) and (c)). The average gaps are displayed in Table 

6, with GRASP having the lower total gap when considering all teams (11%) as opposed 

to ACO (14%) and Matheuristic (12%).  

The processing times are shown in Table 7. Among the three approaches, the matheuristic 

is the slowest on larges instances. For example, ACO and GRASP need less than one hour 

to solve the largest instance, whereas the matheuristic takes over 20 hours. Furthermore, 

ACO is slower than GRASP, especially on larger networks. 
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Table 6. The average objective function gap (%) of the KPC-ARCP approaches on academic 

instances 

Available teams 
Average gap (%) 

Matheuristic GRASP ACO 

4 teams 11% 9% 0% 

8 teams 1% 1% 9% 

16 teams 0% 1% 5% 

In sum, the second experiment suggests that GRASP has the best trade-off in terms of 

accuracy and processing times. GRASP is the fastest approach and is the most accurate on 

large networks. In addition, GRASP has fewer parameters than ACO, being easier to 

calibrate. Thus, this supports the judgement to use GRASP as a basis for generating the 

initial population of the hybrid metaheuristic to the MPC-ARCP. 
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Figure 21. Gap in the objective function for ACO, GRASP and the matheuristic for the KPC-

ARCP considering (a) 4, (b) 8, ad (c) 16 teams, from PVII 
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Table 7. Processing time (seconds) of the KPC-ARCP approaches on academic instances with 4, 8, and 16 teams, from PVII 

Instance size 

Processing time (seconds) 

4 teams 8 teams 16 teams 

Matheuristic GRASP ACO Matheuristic GRASP ACO Matheuristic GRASP ACO 

50A 1 0 0 3 0 0 6 0 0 

50B 1 0 0 3 0 0 6 0 0 

50C 1 0 0 3 0 0 5 0 0 

100A 5 1 3 8 1 3 14 1 4 

100B 3 0 1 5 0 1 10 0 1 

100C 3 0 1 5 0 1 10 0 1 

200A 10 1 3 20 1 3 40 1 4 

200B 12 1 36 23 2 6 45 3 99 

200C 10 0 3 20 1 3 40 1 3 

400A 57 2 9 113 2 9 233 3 10 

800A 566 9 48 1220 11 48 2462 16 51 

1000A 840 9 65 1665 11 64 3473 17 68 

2000A 8924 43 214 21930 52 209 47665 69 221 

3000A 20887 204 560 43139 337 541 86084 627 652 

4000A 51787 315 925 103218 490 1006 204485 791 1119 

5000A 100847 578 1684 198787 878 1660 431795 1497 1888 
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4.3 Tests on the MIP to the MPC-ARCP 

In the third experiment, the MIP to the MPC-ARCP is executed on 27 academic instances 

to check whether the networks’ structure influences the processing time and the difficulty 

to solve the problem optimally. In addition, this experiment aims to identify the largest 

instance solved to optimality in five hours (RQ.2). 

Figure 22 displays (a) the gaps in the objective function and (b) the processing times (in 

seconds) of the instances. The networks are divided into “A”, “B”, or “C”, which indicates 

if they have few (“A”), some (“B”), or many (“C”) components. The instances solved to 

optimality are 25-A, 25-B, 25-C, 50-A, 50-B, 50-C, 75-A, 75-B, 100-A, 100-B, 250-A, 

400-A, 400-B, 500-A, and 1000-A. Thus, the largest instance solved optimally within one 

hour has 1000 vertices and 9 components. Interestingly, most instances with index “C” are 

not optimally solved (75-C, 100-C, 250-C, 400-C, 500-C, 750-C, and 1000-C). Figure 22 

(b) depicts that instances with fewer vertices and/or components are solved faster as the 

solver could not solve 11 out of the 18 instances with some and many components (i.e. 

instances with index B and C). 

The relation between the network’s elements is presented in Figure 23 and Figure 24. 

Figure 23 shows the variations of the gap to optimality and processing times according to 

the number of edges (Figure 23 (a)) and the number of blocked edges (Figure 23 (c)) per 

instance size. Note that the x-axis is ordered according to the number of edges and blocked 

edges. The result in Figure 23 (a) suggests that the number of edges has a low impact on 

how difficult it is to solve an instance as small instances have higher optimality gaps than 

large networks (e.g. 75-C with 216 edges has a higher gap than 500-B with 1586 edges). 

The same pattern is observed in Figure 23 (c). 

Figure 24 (a) and (b) highlight the influence of the number of components on the approach’s 

performance. The x-axis is ordered according to the number of components, and as can be 

seen, all of the instances on the right side of 500-B with more than 12 components are not 

optimally solved. These instances have a positive gap (Figure 24 (a)) and a processing time 

of five hours (Figure 24 (b)). Figure 24 (c) and (d) compares the optimality gap and the 

processing times with the number of available teams. Surprisingly, the results displayed in 
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Figure 24 (c) suggest a low influence of the number of teams in the processing time. For 

example, instance 100-A has 7 teams and is solved to optimality, whereas instance 500-C 

with two teams has a high optimality gap. In addition, the networks 250-B and 500-B have 

many available teams and a relatively low gap compared to instances with fewer teams 

such as 100-C. Moreover, the processing times in Figure 24 (d) do not seem to increase 

proportionally to the number of teams. In sum, the results of the third experiment suggest 

that the number of vertices, components, and blocked edges influence the processing times 

and the optimality gap. 

 

Figure 22. Results of the runs of the MIP to the MPC-ARCP on academic instances - (a) gap to 

optimality and (b) processing time (seconds), from PII 
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Figure 23. Comparison of the gap of the objective function (%) with respect to (a) the number of edges, and (c) blocked edges, and in terms of the 

processing time with respect to (b) the number of edges and (d) blocked edges, from PII
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Figure 24. Comparison between the gap of the objective function (%) with respect to (a) the number of components and (c) teams, and in terms of 

the processing time with respect to (b) the number of components and (d) teams, from PII
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4.4 Tests on the hybrid metaheuristic for the MPC-ARCP 

The last experiment is designed to calibrate the hybrid metaheuristic by identifying the best 

value for the parent reduction rate. Additionally, this experiment compares the hybrid 

metaheuristic’s results with those obtained with the MIP. The goal is to determine the 

hybrid metaheuristic’s accuracy (RQ.3).  

The average objective function value for each instance and parent reduction rate is shown 

in Figure 25. The highest objective function values are obtained with a rate of 0.3, whereas 

the lowest values are obtained with a rate of 0.5, as depicted in Figure 25(a). The processing 

times do not present a significant variation between the parameter choices, as shown in 

Figure 25(b). However, the slowest option is with a parameter of 0.8. The results suggest 

using a parent reduction rate of 0.3 to solve the hybrid metaheuristic. 

A comparison between the instances solved to optimality and their objective function 

values is given in Table 8. The hybrid metaheuristic does not find the optimal solution on 

instances 50-B, 75-B, 100-B, 250-A, 400-B, and 500-A. The average optimality gap in 

Table 8 is 4.4%. 

Table 8. Comparison between the optimal and the hybrid metaheuristic's objective function value, 

from PV 

Instance 

Objective Function Value Gap in objective 

Function Value 

(%) 
MIP Metaheuristic 

25-A 42 42 0% 

25-B 73 73 0% 

25-C 76 76 0% 

50-A 176 176 0% 

50-B 280 279 0.24% 

50-C 156 156 0% 

75-A 271 271 0% 

75-B 446 268 39.91% 

100-A 468 468 0% 

100-B 802 800 0.25% 

250-A 1077 808 25% 

400-A 2086 2086 0% 

400-B 2891 2886 0.17% 

500-A 2632 2630 0.08% 

1000-A 8283 8283 0% 
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The instances not solved optimally in the third experiment have an upper and lower 

objective function value bound displayed in Table 9. The hybrid metaheuristic achieved the 

lower bound on instance 250-B. The worst performance appeared on instances 500-C and 

1000-C, with an objective function value below the lower bound. 

 

Figure 25. Results of the runs of the hybrid metaheuristic to the MPC-ARCP on academic 

instances - (a) gap to optimality and (b) processing time (seconds) for parent reduction rate of 0.3, 

0.5, and 0.8, from PV 
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Table 9. Comparison between the hybrid metaheuristic's objective function value and the 

objective function value's boundaries, from PV 

Instance 

Solver’s Objective Function Bounds Objective 

Function Value 

(metaheuristic) 
Lower Bound Upper Bound 

75-C 518 690 602 

100-C 796 1089 889 

250-B 1869 2136 1869 

250-C 3500 8006 4269 

400-C 1769 17358 7187 

500-B 4707 5753 5230 

500-C 4200 8689 3778 

750-A 3876 5246 4651 

750-B 4597 6905 5621 

750-C 0 76864 18287 

1000-B 6174 13378 11320 

1000-C 116986 18787427 22643 

 

As explained in Subsection 3.1.3, the hybrid metaheuristic uses GRASP to generate an 

initial population and then improve the results of the initial population with EA. As 

mentioned in Subsection 3.3, another goal of the fourth experiment is to identify the relative 

contribution to the objective function value of each metaheuristic. GRASP found the best 

solution in 23 out of the 27 instances. The four instances improved by EA are 50-B, 100-

C, 750-C, and 1000-C, with an average of 1.1% improvement of the objective function 

value. Furthermore, as depicted in Figure 26, EA takes nearly 5% of the processing time, 

whereas GRASP accounts for the rest. Even though EA’s processing time is not that 

significant when compared to GRASP, this metaheuristic has a low average improvement, 

and therefore it is questionable whether it should be included while solving future 

problems. For instance, adding the EA metaheuristic implies the calibration of extra 

parameters (e.g., parent reduction rate and elite size), which takes significant time as 

additional runs on multiple instances are needed to test different parameter values. 

Moreover, having an extra metaheuristic can lead to other operational problems, such as 

the computer’s memory management on larger instances. Future studies could change the 

local search moves, the crossover and the mutation strategy to create a potential approach 

that can be combined with GRASP. 
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Figure 26. Proportion of GRASP and Evolutionary Algorithm in the processing time (seconds), 

from PV 
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CHAPTER 5: Road clearing and the multi-modal distribution of relief 

supplies 

The Research Objective 2, presented in Subsection 0, aims to connect the MPC-ARCP 

studied in the previous chapters (Chapters 3 and 4) with the multi-modal distribution of 

relief supplies. This problem (CIRCULATIONS) is outlined in Subsection 2.2, and further 

addressed in this Chapter. The solution approach to this problem (RQ.4) is presented in 

Subsection 5.1, whereas a plausible megathrust earthquake on Canada’s West Coast 

(RQ.4.1) is described in Subsection 5.2. Finally, the model illustration of the solution 

approach to CIRCULATIONS in an earthquake scenario (RQ.4) is presented in Subsection 

5.3. 

5.1 Solution approach to CIRCULATIONS 

A solution approach to solve RQ.4 is presented in this Section, which is a bi-level 

metaheuristic. The GRASP for the MPC-ARCP (Subsection 3.1.3) is the first level, and the 

GRASP for the multi-modal distribution of supplies is the second. Even though a hybrid 

metaheuristic has been proposed for the MPC-ARCP in Subsection 3.1.3, the results in 

Subsection 4.4 indicate a low contribution of EA in terms of solution accuracy, while the 

EA requires a comparatively large computational effort. Therefore, in solving 

CIRCULATIONS, the hybrid metaheuristic presented in Subsection 3.1.3 is reduced to 

only the GRASP for the MPC-ARCP, to reduce the processing time. Subsections 5.1.1, 

5.1.2, and 5.1.3 present the GRASP for the multi-modal distribution of supplies. A 

complete description of the solution approach to CIRCULATIONS is available in PVIII 

(Appendix H). 

The inputs, intermediate results, and outputs of the two levels are depicted in Figure 27. 

The multi-modal distribution level consists of four parts (trucks, ferries, barges, and 

helicopters), represented by the boxes in Figure 27. Each part has its own GRASP solution 

approach. Subsection 5.1.1 explains the approach for the ships (i.e. ferries and barges), 

Subsection 5.1.2 for the trucks, and Subsection 5.1.3 for the helicopters. 
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Figure 27. Structure of the bi-level metaheuristic approach to solve the CIRCULATIONS, from PVIII 
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As depicted in Figure 27, the results of the road clearing model are used as input data to 

create the trucks' routes and schedules. The number of trucks transported by the ferries and 

barges, and their arrival time at the port of destination are other inputs to create the trucks’ 

routes and schedules. As mentioned in Section 2.2, the road clearing activities and the 

multi-modal distribution of supplies occur simultaneously. Thus, the schedule of all 

activities is considered throughout the model. 

The communities’ demands for relief supplies and resilience levels are further input data 

required for the model. Additionally, the specifications of the heterogenous fleet of ferries 

and barges are required (i.e. their trajectories, capacity, and operations delay caused by the 

disaster occurrence). 

The list of communities that cannot be served by ships and trucks within the considered 

time horizon is also used as input to determine the helicopters’ route and schedule. The 

outputs of the multi-modal model presented in Figure 27 include all assets routes (ferries, 

barges, trucks, and helicopters), their schedules, and the volume of supplies delivered to 

the communities. 

The order in which the multi-modal metaheuristic solves the dispatching of the different 

assets is represented in Figure 28. Even though each mode of transportation is solved 

separately, the schedule of the road clearing teams and of each mode of transportation is 

considered over all steps. These schedules are constantly updated to ensure that the 

activities are coordinated as CIRCULATIONS assumes that they are simultaneous. First, 

the ferries’ routes and schedules are defined (Subsection 5.1.1). Then, the routes of the 

trucks transported by the ferries are created (Subsection 5.1.2), considering the ferries and 

road clearing’s schedules. The barges’ routes (Subsection 5.1.1) and trucks’ routes are also 

generated (Subsection 5.1.2), considering the barges and road clearing’s schedules. Finally, 

the helicopters’ routes are then created (Subsection 5.1.3), concluding this level of the 

metaheuristic. 
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Figure 28. The logic of the multi-modal distribution model, from PVIII 

5.1.1 Relief supply distribution by ships 

The logic to create the ferries and barges routes is the same. Hence, these two assets will 

be referred to as “ships” in this Section. This algorithm assumes that the unblocked roads 

are known (from the solution of the MPC-ARCP, see Subsection 2.2), so the communities 

reconnected to ports are also known. Moreover, this part does not consider the communities 

that remain isolated at the end of the time horizon. Instead, they will be served by 

helicopters (Subsection 5.1.3). 

The first step of the ships relief supply distribution algorithm is to cluster communities to 

the ports of destination (communities cluster) and then cluster the ports of destination to 

the ports of origin (ports cluster), as illustrated in Figure 29 (a) and (b), respectively. These 

two clusters are created because ships have a pre-determined trajectory, and not all ships 

can dock at all ports. Therefore, the ports of destination have a maximum capacity. The 

communities’ clusters are used to estimate the demand of each port of destination. Since 

each community cluster has a single port of destination, each port of destination will receive 

enough supplies to serve the communities in its cluster. 

The first step to create the community cluster is to estimate the maximum capacity of each 

port (i.e. the maximum number of loaded trucks arriving at the port of destination). The 

maximum capacity is calculated by assuming that all vessels with a trajectory to the port of 

destination will serve only that port. Thus, the amount of goods that can be transported if 

the vessel goes back and forth between the ports of origin and destination is calculated. 

Notice that unloading times are considered every time a vessel docks at the port, whereas 

loading times are considered every time the vessel is reloaded at the port of origin. The 

vessels’ time window (i.e. the part of the time horizon when the vessel can actually operate) 

is also included in the calculation.  
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Figure 29. Example of (a) ports cluster and (b) communities cluster, from PVIII 

After knowing the maximum capacity of each port, the communities are clustered to the 

closest port with available capacity. If the quickest path between a port of destination and 

a community is greater than the time horizon, the community is not added to the community 
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cluster. Hence, it is possible that some communities will not be clustered and can be served 

only with helicopters. The clustering occurs until the ports’ maximum capacities are 

reached, or until when it is impossible to serve the remaining communities within the time 

horizon. After the port and community clusters are created, the ships' routes are generated 

one at a time, with the vessels with the highest capacity being the first ones. Figure 30 

summarizes the algorithm to generate a single ship route. 

Similar to the communities cluster, the ports of destination are clustered to the ports of 

origin, exemplified in Figure 29 (a). Since each vessel has a specific trajectory, not all ports 

of origin are connected to the ports of destination. Hence, the quickest trajectory between 

every pair of ports is identified. Thus, the ports of destination are clustered to their quickest 

port of origin. Additionally, the demands of the ports of destination are computed by adding 

the demands of the communities in their respective communities clusters. For example, the 

demand for port 𝑃4 in Figure 29 (b) is equal to the sum of the demands of communities 2 

and 3. 

The vessel starts at the port of origin and is assumed to be fully loaded. While there is 

available time and ports of destination with unmet demands, the algorithm tries to add a 

port of destination to the vessel’s route. A RCL is created, and ports with the highest 

demand are located at the beginning of the list. As mentioned in Subsection 3.1.2.1, the 

RCL has a pre-determined size, and not all ports with unmet demand will be on this list. In 

this thesis, the size of the ship's RCL is equal to the level of randomness (i.e. the GRASP 

parameter) multiplied by the number of ports of destination with unmet demand. 

After the RCL is created, a candidate port of destination is chosen, and added to the vessel’s 

route if it is reachable within the time horizon. Notice that each vessel has a time window 

that must be respected and checked while testing the feasibility of the route. The random 

selection of candidates in the RCL continues until the RCL becomes empty. The candidates 

are removed from the RCL on every iteration, except when a candidate is added to the 

vessel’s route. In this case, the RCL replaces the candidate with another port with unmet 

demand. 
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The algorithm keeps track of the vessel’s capacity during the whole time horizon. Assume 

that it is possible to visit a port of destination within the time horizon, but the vessel’s 

capacity is less than the port’s demand. In this case, the vessel will deliver as much as 

possible, and if there is time, it will return to its port of origin to reload. When a vessel 

returns to its port of origin, both unloading and loading times are added to the vessel’s route 

duration. If the vessel’s capacity is greater than the port’s demand, the vessel will deliver 

all of the supplies to the port of destination and another port of destination in the RCL will 

be selected. 

The constructive heuristic described in this Section is repeated for all vessels in all clusters. 

Additionally, the heuristic is repeated for a pre-determined number of iterations, and the 

ship solution with the highest objective function value is set to be the solution used in the 

next parts of CIRCULATIONS (i.e. the vessel’s arrival times and how many trucks are 

delivered in each arrival). The objective function here is to maximize the number of 

supplies delivered to the ports of destination. 
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Figure 30. Structure of the algorithm of a ship’s route creation, from PVIII 
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5.1.2 Relief supply distribution by trucks 

The truck’s route and schedule are constructed according to the algorithm presented in 

Figure 31. The algorithm starts iterating over each community cluster. If there are trucks 

arriving at the destination port (i.e. shipped there using marine assets), and if there are 

communities with unmet demand, then the truck route is generated one at a time. Otherwise, 

the algorithm moves on to another cluster. 

The truck’s time window starts when a vessel which transported the truck is unloaded at 

the destination port. For example, if a vessel arrives at hour 38 and finishes unloading at 

hour 40, the truck’s time window starts at hour 40 and ends at the time horizon. The truck’s 

route is created while there are supplies and time available. Recall that trucks are not 

reloaded and do not return to their start point, as explained in Subsection 2.2. 

The truck’s route is created as follows. The truck starts at the port of destination. An RCL 

is generated with the less resilient communities at the beginning. The RCL’s size is 

obtained by multiplying the level of randomness (GRASP parameter) and the number of 

communities with unmet demand in the cluster. A candidate community is randomly 

selected. Then, the algorithm checks if it is possible to visit and unload the truck in this 

community within the truck’s time window. Notice that the road clearing schedule is used 

in this step, so if a truck tries to traverse an edge being unblocked, it will wait until the road 

clearing team finishes the activity. If it is not possible to visit the community in the time 

window, the community is removed from the RCL. Otherwise, if it is possible to visit the 

community, then this candidate community is replaced with an unvisited community. 

Every time a truck delivers to a community, its capacity is reduced. The algorithm keeps 

track of the truck’s capacity. When all supplies are delivered, the algorithm moves to create 

another truck’s route. The objective function is to maximize the number of relief supply 

units delivered to the communities. Since this is also a GRASP approach, several truck 

solutions are created, and the one with the highest objective function value is chosen and 

used in the other parts of CIRCULATIONS, as depicted in Figure 27. 
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Figure 31. Structure of the algorithm of trucks route creation, from PVIII 

5.1.3 Relief supply distribution by helicopters 

Using GRASP to generate the helicopters’ routes is analogous to the ships and trucks 

metaheuristic (Subsections 5.1.1 and 5.1.2). First, the communities are clustered to their 

closest heliport of origin. 
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Since both helicopters and trucks have a homogenous fleet, the helicopters’ constructive 

heuristic is especially similar to the truck’s constructive heuristic (see Figure 31). There are 

three differences between these two modes of transportation: (i) the helicopters are allowed 

to return to the heliport of origin to reload; (ii) the road clearing schedule is not considered 

while calculating the duration of the helicopter's route; and (iii) in the first iterations of the 

constructive heuristic, the RCL positions the less resilient communities that did not receive 

any supply at the beginning of the list. 

5.2 The plausible M9.0 Cascadia Megathrust Earthquake scenario 

One of the objectives of this thesis is to apply the CIRCULATIONS model to a plausible 

real-world case scenario to show its functionalities. RQ.4.1 proposes a medium and a high 

impact scenario to a plausible M9.0 megathrust earthquake scenario. PIX (Appendix I) 

presents these two scenarios, and provides a detailed description of and access to the 

associated databases. Finally, this Section briefly summarizes the medium impact scenario, 

which was chosen to illustrate CIRCULATIONS and its solution approach. 

The Cascadia Subduction Zone (CSZ) is located near Vancouver Island. In this zone, the 

Juan de Fuca tectonic plate is subducting under the North American plate, where Canada 

and the United States of America are located. According to Natural Resources Canada 

(2021) and Doughton (2014), these two plates are locked, and energy is being accumulated 

in the fault. After many years, this energy will be released, causing a megathrust 

earthquake. According to Natural Resources Canada (2021), such an earthquake may 

trigger a series of tsunamis. 

Earthquakes in subduction zones are considered one of the most threatening disasters 

(Gupta & Gahalaut, 2013). Some examples are the 2004 Sumatra earthquake and the 2011 

Great East Japan Earthquake. Atwater (1987), Goldfinger et al. (2012), and other 

researchers found evidence suggesting that megathrust earthquakes can be expected to 

occur on the CSZ on average every 500 hundred years (Natural Resources Canada, 2021). 

The Peak Ground Acceleration (PGA) and other input data required to create a plausible 

scenario are presented in Appendix I. The roads expected to be damaged in the medium 
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impact scenario are depicted in Figure 32, with green lines representing intact roads and 

red lines indicating blocked roads. The status of the roads in the aftermath of the disaster 

follows the study performed by Bell and Bristow (2020). The roads unblocking times are 

proportional to the length of each road segment (in kilometers) divided by the clearing rate 

(kilometers cleared per hour) specified by a Canadian Road Repair Guideline (Nova Scotia 

Department of Transportation & and Infrastructure Renewal, 2019). 

 
Figure 32. Status of the roads after the medium-impact plausible M9.0 scenario, from PIX 

All ships' trajectories considered in the scenario are shown in Figure 33. The trajectories 

are compiled and organized by Rodrigues (2023). The delays to the ships trajectories follow 

the results of Goerlandt and Islam (2021), whereas the communities’ resilience level 

considered in the scenario is proposed by Chang and Tanner (2022). Finally, the strength 

of evidence of all data used in the scenario is discussed in Appendix I, to ensure that the 

results can be responsibly used in a disaster risk analysis context. 
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Figure 33. Ferries and barges trajectories near Vancouver Island under normal conditions, 

from PIX 

5.3 Model illustration 

The solution approach to CIRCULATIONS introduced in Subsection 5 is applied to the 

M9.0 plausible CSZ scenario presented in Subsection 5.2. This Section describes the 

parameters and numerical experiments performed to answer RQ.4. 

The solution approach to CIRCULATIONS is experimented on an AMD Ryzen 9 3960X 

with a 16-cores processor and 64GB of RAM. The GRASP parameters (i.e. level of 

randomness and the number of iterations) are 0.75 and 100 iterations in both levels of the 

metaheuristic, following the calibration in Chapter 4. The scenario parameters are presented 

in Table 10, considering that the immediate response phase (i.e. time horizon) lasts 72 

hours, and that the victims will receive one box of food with supplies for 7 days. 

The purpose of the numerical experiment is to show the functionalities of the 

CIRCULATIONS in the context of a real-world scenario. First, the numerical experiment 

aims to identify what type of vessel (ferry or barge) transports most supplies to Vancouver 
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Island and the most important port terminals. Second, the numerical experiment is intended 

to identify what road clearing start points (Victoria, Port Alberni, or Nanaimo) are 

unblocking most roads. Third, the numerical experiment aims to show the proportion of the 

overall demand supplied by the multi-modal distribution. 

Table 10. Parameters adopted in the Cascadia scenario, from PVIII 

Model Parameter Value 

Road clearing 

Traversing speed of road 

clearing teams 
50 km/h 

Road clearing depots and 

available teams 

Nanaimo = 4 teams 

Victoria = 8 teams 

Port Alberni = 4 teams 

Multi-modal distribution of 

relief supplies 

Truck’s traversing speed 50 km/h 

Truck’s unloading time 2 hours 

Truck’s capacity 380 boxes of relief supplies 

Proportion of supplies 

delivered to communities 
7 days = 1 box 

Port’s of origin capacity Unlimited trucks available 

Ferry’s loading time 2 hours 

Ferry’s unloading time 2 hours 

Barge’s loading time 3 hours 

Barge’s unloading time 3 hours 

Helicopter’s traversing 

speed 
180 km/h 

Helicopter’s unloading 

time 
3 hours 

Helicopter’s loading time 3 hours 

Helicopter’s capacity 95 boxes of relief supplies 

Helicopters’ fleet 4 helicopters 
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CHAPTER 6: Results of research objective 2 

The results of the numerical experiments are presented in this Section. These results 

illustrate some of the features of the solution approach to CIRCULATIONS, answering 

RQ.4. The total processing time is 4.65 hours for CIRCULATIONS, with 4.59 hours 

dedicated to solve the road clearing part of the problem. 

The barges, ferries, and trucks’ routes are depicted in Figure 34. As can be seen in this 

figure, the majority of the ships’ routes are in blue, indicating that barges are a key asset in 

transporting the supplies to the victims. This is not surprising given that they are more 

flexible than ferries. Additionally, as identified by Goerlandt and Samsul (2021) the delays 

of ferries’ trajectories are longer than the barges.  

 
Figure 34. Results of the ships and trucks routes in the medium-impact plausible M9.0 scenario, 

from PVIII 

The model assigned barges to deliver supplies directly to five communities: Juan de Fuca 

(part 2), Alberni-Clayoquot A, Ittatsoo 1, Ucluelet, and Tofino. The ferries deliver only to 

Texada Island, stopping at Blubber Bay. The port terminal located in the Muchalat Inlet 

(represented with a red leaflet in Figure 34) is expected to receive most supplies, which is 
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a surprising result given that major port terminals located near Victoria and Nanaimo are 

not the most important ones. 

The road clearing results are shown in Figure 35. The average road clearing times are 22 

hours per team starting in Victoria, 19 hours per team starting in Nanaimo, and 37 hours 

per team starting in Port Alberni. Therefore, the depot starting in Port Alberni may be 

considered a key road clearing depot as it reconnects to most of the unblocked roads. 

 
Figure 35. Results of the road clearing routes in the medium-impact plausible M9.0 scenario, 

from PVIII 

Another interesting result is that most road clearing teams are moving to the island's 

northern part. This can be explained by the less resilient communities being located north 

of Port Alberni. A total of 66 road segments are unblocked in this plausible scenario, and 

3 of these roads are cleared by two collaborative teams. 

The helicopters’ routes are depicted in Figure 36. The results show that helicopters starting 

in the northern heliport on Canada’s mainland are responsible for supplying the 

communities located on the south portion of Vancouver Island. In contrast, the helicopters 

starting in the southern heliport are supplying the communities up north. An explanation 
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for such a result is the order in which the helicopters’ routes are being created. For instance, 

the matheuristic may be starting to create routes on the Mainland’s southern heliport 

cluster. Since the less resilient communities located in the northern portion of Vancouver 

Island are prioritized, the helicopters starting near Abbotsford are responsible for supplying 

these communities. 

 
Figure 36. Results of the helicopters' routes in the medium-impact plausible M9.0 scenario, 

from PVIII 

The results depicted in this Section exemplify the information that can be provided to 

stakeholders. For instance, it may be possible that the stakeholder’s emergency response 

plan considers using mainly ferries for the relief supply distribution, whereas the results 

suggest using more barges. Thus, stakeholders may improve their plan by brainstorming 

how to make more barges available in the case of a disaster or to create new policies to 

reinforce some of the port infrastructures and safety assets to make their use feasible. 

Another insight that a model like this can provide is the pattern of the results. For example, 

the roads that are always being unblocked on different scenarios, or the ports that are 

becoming the main access point to the island.  In sum, CIRCULATIONS can be used to 

give insights to stakeholders. 
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The result obtained by the model estimates that 66% of the overall community demand will 

be delivered to the communities, with 65% being transported by ships and trucks. 

Helicopters are found to deliver only 1% of the overall demand, mainly due to the number 

of available helicopters and their limited cargo capacity. 

The percentage of supplies delivered directly by each mode of transportation is available 

in Table 11. Ferries are responsible for delivering the supplies to the Sunshine Coast, where 

Texada Island (Figure 34) is located. Barges are expected to deliver the goods directly to 

some coastal communities in the southern portion of the island near Victoria and the Pacific 

RIM region near Port Alberni. Trucks will serve all regions except Texada Island on 

Sunshine Coast and the Gulf islands. The region that receives most supplies transported by 

helicopters is the Pacific RIM. 

Table 11. The percentage of supplies delivered directly by each mode of transportation in the 

medium-impact plausible M9.0 scenario 

Region 
Demand delivered 

Ferries Barges Trucks Helicopters 

North Island 0% 0% 18% 0% 

Pacific RIM 0% 19% 76% 7% 

Central Island 0% 0% 85% 1% 

Sunshine Coast 73% 0% 0% 0% 

South Island 0% 0.1% 55% 1% 

Gulf Islands 0% 0% 0% 3% 
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CHAPTER 7: Discussion 

As explained in Subsection 0, this thesis is supported by nine publications. The study 

limitations of each solution approach, problem, database, model, and software, and their 

avenues for future research are thoroughly discussed in these publications. Hence, this 

Section focuses on discussing the study limitations (Subsection 7.1) and future research 

(Subsection 7.2) considering the overall problem and high-level objectives addressed in the 

whole thesis. 

7.1 Study limitations 

This thesis's limitations are divided in data availability, validation and stakeholder 

participation, results’ visualization, model limitations, and solution approach limitations. 

Additional limitations, focusing on issues associated with specific RQs and the methods to 

address those, are given in Appendix A-I. 

A limitation of this study is the strength of the evidence used in the Cascadia plausible 

scenarios. The last Cascadia megathrust earthquake is estimated to have occurred in the 

year 1700 (Atwater, 1987; Atwater et al., 2015). The exact impacts of this last disaster in 

terms of the extension of the areas inundated by the tsunami and the damages caused by 

the earthquake are unknown. Even though the scenarios are developed based on the 

expertise of practitioners and scientists, the level of accuracy is uncertain. Therefore, the 

scenarios should not be used for prediction. However, as recommended by Goerlandt and 

Reniers (2018) and Aven and Renn (2010), this type of information should be used as basis 

to discuss the risks with stakeholders in a participative discourse. 

Another limitation is the lack of tests on networks describing past disasters, not only in 

Canada, but also around the world. It would be meaningful to obtain insights to the 

importance and implications of assumptions and modeling simplifications considered in 

this thesis, by testing the CIRCULATIONS formulation and solution approach on past 

events and comparing the model results with the actual response, which could lead to 

improvements. 
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As identified in PI (Appendix A), only the 2010 Haiti Earthquake network introduced by 

Sakuraba et al. (2016) is based on a past event. However, this network is extremely large 

(over 15,000 vertices and 18,000 edges), and even using a metaheuristic solution approach 

may take a long time to solve the instance. For example, the CIRCULATIONS illustration 

in Chapters 5 and 6 took nearly 5 hours to find a solution on the network with nearly 2,500 

vertices. Therefore, another limitation is not testing the solution approach on that existing 

historical scenario. 

This study's lack of validation of the models is a major limitation. A more intensive 

participation of stakeholders in the development phase of the model, as well as presenting 

the results could have increased the level of confidence in the model. Therefore, a limitation 

of this thesis is the lack of interviews and other types of interactions with stakeholders to 

validate the model during the development and application phase. 

Another limitation is that CIRCULATIONS is best considered as a first step to develop 

more realistic models and problems. For instance, it is a deterministic problem and does 

not consider the stochastic nature of the input data such as the time needed to clear the 

roads and the communities’ demands. Additionally, this thesis concludes with a model 

coded in Python. However, this code is not as user-friendly as would be needed for 

application in engineering contexts. Practitioners are unlikely to easily understand how to 

change parameters, run different scenarios, and generate maps displaying the results. Thus, 

another limitation of the work is that it is currently implemented as a research-based tool. 

Therefore, this study lacks an easy-to-use executable file that allows the visualization of 

the results on an animated map, which is helpful to inform disaster preparedness and 

response risk management. 

A limitation of the proposed MPC-ARCP is that road clearing teams are assumed to be 

homogeneous and have the same road clearing rate. In the case of a disaster, it is possible 

that the workforce and machinery may be partially available (e.g. some of the workers may 

be isolated, or the disaster may destroy part of the machinery), which can slow down the 

road clearing rate. The contrary is also feasible; many volunteers can help shovel the lighter 

debris and speed up the clearing process. Hence, the model's limitation is assuming a fixed 

clearing rate. In addition, homogeneous teams are considered to have the same expertise, 
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which is unrealistic in the case of a disaster. For example, electric cables tangled in the 

debris require additional expertise to deal with the electricity before safely putting the 

debris aside. 

Another model limitation is that the roads’ and ports’ capacities are not considered. For 

example, partially operable roads with only one lane open are assumed to be fully operable 

as CIRCULATIONS does not consider the lanes individually. Another issue caused by 

neglecting the road’s capacity is that traffic congestion is not taken into account. The start 

time of a road clearing activity may be delayed depending on the traffic, and consequently, 

all the interconnected activities (e.g. trucks distribution of supplies) may be late. 

Even though CIRCULATIONS considers that the vessels’ routes may be suspended for 

safety reasons, it assumes that after a trajectory becomes operational, it is active until the 

end of the time horizon. However, a trajectory may become operational, an event occurs, 

and the trajectory is closed again. For example, aftershocks can cause extra damage to the 

port infrastructure. Nonetheless, a limitation of CIRCULATIONS is that it does not 

consider the operative variability of transportation systems and the impacts of cascading 

events. 

The solution approaches proposed in this thesis also have some limitations. The 

metaheuristics for the KPC-ARCP, MPC-ARCP, and CIRCULATIONS are coded with 

Python, which is an interpreted programming language (Kwame et al., 2017). However, it 

is possible that these metaheuristic codes would be even faster if they are coded with a 

compiled programming language, such as C and C++. Another possibility would be to 

convert the Python codes to C programming language with the support of Cython or 

Numba. 

Aside from the programming language, there are other factors that could have influenced 

the processing times of the metaheuristics, such as the programmer’s skills and the libraries 

adopted to support the main code. For instance, some libraries (e.g. NumPy and Plotly) are 

constantly being improved, whereas some open-source libraries are updated less frequently. 

Another solution approach limitation is related to the MIP for the MPC-ARCP. In this 

thesis, no initial solution was used to warm up the solver. Nonetheless, a simple heuristic 
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could have been developed and used as a warm-up solution, which could have improved 

the upper and lower objective function bounds (presented in Table 9). 

The parameter calibration of the hybrid metaheuristic presented in Subsection 4.4 (Figure 

25) also has some limitations. This thesis uses the average objective function value to 

determine whether the parent reduction rate parameter should be 0.3, 0.5, or 0.8. An 

alternative approach would be to do a hypothesis test (e.g. ANOVA) to understand whether 

there is a significant difference between the results obtained with those three parameter 

values. 

Finally, the proposed approaches are tested in a small set of instances. Even though there 

are indications that some network structures (e.g. the number of components and vertices ) 

increase the processing times, this thesis lacks a systematic study on various networks to 

identify the structures hampering the solver to find the MIP’s optimal solution. 

7.2 Future research 

Several inquiry lines for future research, specific to improving the model and solution 

approaches are presented in the nine publications in the Appendix. In addition to these lines 

for future research, the limitations discussed in Subsection 7.1 may be researched. 

The lack of historical data and networks describing past events is a topic that can be 

addressed in future research. For example, researchers could develop networks of past 

disaster events considering the data used to create the database presented in PIX (Appendix 

I). Additionally, frameworks on how to create a database and collect the required real-life 

data for CIRCULATIONS could be studied. 

Another line of research is to further improve the CIRCULATIONS by gathering more 

insights from practitioners. For instance, interviews, workshops, and other activities could 

be performed to improve some of the assumptions listed in the problem definition (Chapter 

2). Some of the aspects that can be further improved are to convert the truck’s and 

helicopter’s homogeneous fleet to heterogeneous (i.e. different traversing rate, capacity, 

and trajectory). Similarly, road clearing teams could be heterogenous and each team could 

have the expertise to clear specific types of debris. For example, some teams are capable to 
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clear roads with toppled trees tangled in electric cables, whereas others could clear only 

large debris such as cars and buses. 

Researchers could also develop a visualization tool for CIRCULATIONS, which animates 

the results. For instance, the tool could display the locations of the teams, trucks, vessels, 

and helicopters over time, the percentage of the communities being supplied, and the 

unblocked roads. Another useful piece of information would be to display the interlocks, 

such as when trucks are waiting for a particular road to be cleared or the collaborations 

between teams. Additionally, this visualization tool could allow the user to change some 

parameters such as the time horizon, the time windows in which the vessels are operational, 

the fleet’s capacity, and so on. These modifications could significantly improve discussions 

on vulnerabilities, risks, and mitigation measures between researchers and practitioners and 

wider stakeholder groups. 

Future studies could address the uncertainties associated with the model. For example, 

robust optimization or other stochastic methods could be used to address the uncertainties. 

Another line of research could be to perform a Monte Carlo simulation by keeping the 

model deterministic and performing many runs on a single scenario, changing the 

parameters according to a set of probability distributions. Thus, the Monte Carlo simulation 

could provide probabilistic insights on the road clearing and multi-modal distribution 

system performance. After the model’s main uncertainties are addressed, future research 

could work on its validation. 

An alternative methodology could be solving CIRCULATIONS using game-theoretic 

models by considering that some elements may have competing interests (e.g., a ferry and 

a barge may want to use the same port simultaneously). Another alternative would be to 

use a multi-agent system approach, with each one of the transportation modes and road 

clearing teams being an agent. 

Finally, another line of research is to compare the results of the MPC-ARCP with the KPC-

ARCP. The purpose of this comparison would be solely to verify the MPC-ARCP model. 

A KPC-ARCP solution approach could be solved for each road clearing depot, and these 

individual results could be combined into a single solution. Hence, this single solution 

could be compared with the MPC-ARPC solution. Note that the benefits of this comparison 
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are minimal given that the MPC-ARCP reconnects communities to critical infrastructures, 

whereas the KPC-ARCP links communities to the road clearing depot.   
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CHAPTER 8: Conclusion 

After an earthquake or other natural disaster, the affected region's roads may be covered 

with debris, and emergency operations (e.g., distribution of supplies and evacuation of 

victims) can be jeopardized. In this thesis, a new road clearing problem is proposed and 

synchronized with the multi-modal distribution of relief supplies. Hence, this thesis has two 

primary research objectives. The first objective is to formulate, model, test, and solve the 

road clearing problem that reconnects isolated communities to critical infrastructures. The 

second objective is to synchronize the work developed in the first objective with the multi-

modal distribution of relief supplies. 

The major contributions of this thesis are as follows. 

i) A systematic literature review is performed, and the trends and gaps in the field 

of road network repair and restoration in the context of humanitarian operations 

are identified; 

ii) A new road clearing problem entitled “The Collaborative Multi-vehicle Prize 

Collecting Arc Routing for Connectivity Problem” (MPC-ARCP) is proposed; 

iii) A MIP model for the MPC-ARCP is presented; 

iv) An approximate solution approach capable of solving large instances of the 

MPC-ARCP within a short period of time is introduced. This approach 

combines two metaheuristics: GRASP and EA; 

v) The MPC-ARCP is combined with a 2-echelon multi-depot split delivery 

vehicle routing problem with time windows, and a new problem called 

“Synchronized Road Clearing and Multi-modal Distribution of Relief Supplies 

Problem” (CIRCULATIONS) is introduced; 

vi) A metaheuristic (GRASP) capable of finding an approximate solution to large 

instances of the CIRCULATIONS is presented; 

vii) The CIRCULATIONS is tested on a magnitude 9.0 earthquake plausible 

scenario in Canada. 
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In addition to these major contributions, this thesis proposes a GRASP and an ACO solution 

approach to the KPC-ARCP. Additionally, a set of over 1,700 benchmark instances to the 

KPC-ARCP and a database with two magnitude 9.0 plausible earthquake scenarios 

(medium and high-impact) on Canada’s West Coast are presented. Also, a software capable 

of solving the MPC-ARCP, KPC-ARCP, and PC-ARCP to optimality is introduced.  

As mentioned, this thesis’ research objectives are achieved by answering four research 

questions and five sub-questions addressed in publications PI-PIX. The first research 

question (RQ.1) aims to identify the trends and gaps in road network repair and restoration 

problems in the context of humanitarian operations. As presented in Appendix A (PI), a 

gap in the field is that most studies do not consider that isolated communities have different 

resilience levels and, therefore, some of them should be prioritized and reconnected first. 

Another finding is that most researchers test their models on small and medium instances 

with up to 1,000 vertices, whereas historical networks have over 15,000 vertices (e.g. 

Sakuraba et al. (2016)). Additionally, another finding is the lack of academic databases that 

researchers can use to test and compare their solution approaches. One of the trends 

identified while answering RQ.1 is that road network repair and restoration is being 

combined with other humanitarian operations, such as road clearing with the distribution 

of supplies or road clearing with the evacuation of victims. 

In the second research question (RQ.2), a new road clearing problem is defined, formulated, 

and solved with a MIP model. The main difference between this problem and the arc routing 

for connectivity problem literature is that at most two teams can collaborate to speed up the 

road clearing. Moreover, the teams can start from multiple depots, and rather than 

reconnecting the isolated communities to the road clearing depot, in the MPC-ARCP, the 

communities are linked to ports and airports to improve the flow of supplies. In this thesis, 

the MIP model is tested on 27 instances with increasing sizes ranging from 25 up to 1,000 

vertices, and with an increasing number of components. The results show that the largest 

instance solvable within five hours has 1000 vertices and 9 components. Furthermore, the 

results suggest that the instances with the largest number of components have the highest 

processing times, as the solver could not solve 11 out of the 18 instances with some and 

many components (i.e. instances with index B and C). Since the MIP could not solve large 
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instances to optimality within a reasonable time (i.e. less than 5 hours), the results suggest 

that approximation methods should be used for those networks. 

The second research question has two sub-questions, one that aims to generate academic 

instances for the MPC-ARCP (R.Q. 2.1) and another a software capable of solving the 

MPC-ARCP to optimality (R.Q. 2.2). The academic instances are created simulating the 

impacts of an earthquake or hurricane. These instances are adaptable to problems such as 

the PC-ARCP, KPC-ARCP, and MPC-ARCP.  

The software proposed in this thesis (E-ARCP) reads a text file with the characteristics of 

the network, such as the position of the vertices, the list of edges, and the unblocking times. 

Then, E-ARCP creates the MIP model and calls a solver. When the solver finds the optimal 

solution, the road clearing teams’ schedules, routes, and the objective function value are 

displayed. 

The third research question (RQ. 3) focuses on finding an approximate solution to solve 

larger MPC-ARCP instances. This question is answered with the support of RQ.3.1 and 

RQ.3.2. In RQ. 3.1, a GRASP metaheuristic is presented to solve the KPC-ARCP (a simpler 

problem than MPC-ARCP), whereas, in RQ.3.2, an ACO metaheuristic is proposed to solve 

the same problem. The performance of those two metaheuristics is compared with an 

existing matheuristic. The results suggest that GRASP is the fastest and the most accurate 

approach on larger instances.  

After identifying that GRASP performs well on KPC-ARCP, a hybrid metaheuristic to the 

MPC-ARCP is proposed. This hybrid metaheuristic generates an initial solution using an 

adapted version of the GRASP to KPC-ARCP. Then, an EA metaheuristic is used to 

improve the results. The hybrid metaheuristic is tested on the same 27 instances solved with 

the MIP, and their objective function values are compared. The comparison suggests that 

the hybrid metaheuristic is somewhat accurate. However, the EA barely improved 

GRASP’s initial solution. Thus, future studies could drop the EA part of the approach to 

reduce the processing time. 

The last research question (RQ.4) addressed in this thesis focuses on coordinating the MPC-

ARCP with the multi-modal distribution of relief supplies. The CIRCULATIONS problem 
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considers that road clearing activities occur simultaneously with a 2-echelon supply chain. 

In the first echelon, a heterogeneous fleet of ferries and barges transport the supplies to an 

island, and in the second echelon, a homogeneous fleet of trucks transport the goods from 

the island’s port to the communities. Furthermore, the problem assumes that helicopters are 

used to deliver supplies to less resilient communities. 

A bi-level metaheuristic is proposed to solve the CIRCULATIONS. In the first level, the 

MPC-ARCP is solved with the hybrid metaheuristic proposed in RQ.3. The EA 

metaheuristic is omitted in CIRCULATIONS. Then, in the second level, GRASP is used 

to create the routes and schedules of each mode of transportation. The results obtained in 

the first level are an input of the second level. 

The bi-level metaheuristic is tested in a magnitude 9.0 medium-impact Cascadia 

Subduction Zone scenario on Canada’s West Coast. This scenario is part of the answer to 

RQ. 4.1, in which two plausible scenarios are introduced. The results of the runs on the 

medium impact scenario with a time horizon of 72 hours suggest that barges are a key asset 

in transporting supplies to Vancouver Island. The Muchalat Inlet port terminal is expected 

to receive most supplies, and the key road clearing depot is located near Port Alberni. Out 

of the 69 roads expected to be cleared, 3 of them are cleared by two collaborative teams. 

The helicopters are estimated to deliver only 1% of the 66% demand supplied by all modes 

of transportation. 

The CIRCULATIONS problem and solution approach is designed to give insights to 

practitioners to improve their disaster preparedness plans, and to support risk mitigation 

activities. Therefore, this approach should not be used for prediction purposes, but rather 

for supporting participatory discussions between emergency planners and stakeholders. 

Several limitations of the models and problems are presented in this thesis and in the 

publications shown in the appendix. Major limitations are associated with the lack of 

validation of the CIRCULATIONS model and the problem's deterministic nature. Future 

research can further develop the CIRCULATIONS model and solution approaches, by 

explicitly and systematically considering uncertainties, validating the model, and creating 

a visualization tool to display the results on a map so that it can be used in practical contexts.  
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