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This research presents a novel framework that employs the resilience index and metrics, building on previous studies, to conduct a sequential evaluation of flooded road network performance at each timestep throughout the recovery stage. Subsequently, the mathematical integration of the performance-time diagram produces the Recovery Resilience Index (RRI) used to evaluate any recovery strategy/sequence. Furthermore, a sensitivity analysis ensures the consistency of the results. As a case study, this research evaluated three post-flood interventions: Flood-susceptibility-based; Centrality-based; and Critical-links-first recovery strategies, within the context of the FIFA World Cup in Qatar, 2018. The results showed that the best strategy to be dealing with the critical-links-first and flood-susceptibility strategy to be the worst. The suggested framework will expand the options for recovery planning and resource allocation. Also, it will provide the policymakers with a recommendation to improve the recovery process during FIFA World Cup in Qatar, 2018 and any future mega event.
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1 INTRODUCTION AND BACKGROUND
Cities and urban areas are continuously growing and expanding, and likewise, their supporting critical infrastructures. These urban infrastructures act as indispensable lifelines that are not only necessary for the livability in the urban areas but also a defining factor for their growth, thriving, and even the unique character of each city (Neuman, 2020). Currently, infrastructures are increasingly facing more challenges to keep up with the growth in the urban population and to withstand the climate change impacts (Serdar et al., 2021). Such challenges introduced unprecedented disturbances that execrated their impacts in terms of both economic and human losses (Duy et al., 2019; Ilbeigi, 2019; Tahir et al., 2021; Serdar et al., 2022c). These losses motivated to expand the design philosophy beyond the current limits of accommodating certain volumes of load (whether it is m3 of water, kWh of electricity, or the number of vehicles passing from one place to another) (Serdar and Al-Ghamdi, 2021a). The emerging philosophy focuses on the system’s ability to sustain a disturbance, the level of performance during such disturbance, and its recoverability process (Linkov and Palma-Oliveira, 2017). These different aspects of infrastructure performance during disturbances are referred to as resilience.
1.1 Resilience definitions and aspects
There are many definitions revolving around the concept of resilience suggested in the literature. This variation stems from various reasons, such as the variation in the nature of the disturbances, the nature of the investigated system, or sometimes a reflection of the used metric or stage of interest (Faturechi and Miller-Hooks, 2015; Hosseini et al., 2016; Serdar et al., 2022b). Moreover, in many cases, resilience is reflected through a combination of qualities that can describe a system, such as vulnerability and robustness, among several others (Faturechi and Miller-Hooks, 2015; Al-Humaiqani and Al-Ghamdi, 2022; Serdar et al., 2022b). Overall, resilience could be defined as the capacity of the system to withstand a disturbance (reflecting low vulnerability), maintain an acceptable level of service (reflecting robustness and survivability), and recover in a timely manner (reflecting rabidity and recoverability) (Faturechi and Miller-Hooks, 2015; Hosseini et al., 2016; Al-Humaiqani and Al-Ghamdi, 2022; Serdar et al., 2022b). Moreover, other system qualities could improve its resilience include reflectivity, to leverage the expertise acquired in previous events, resourcefulness, to determine the availability of recovery resources and alternatives, and flexibility, enable development and adjustments to the system (Hosseini et al., 2016; Al-Humaiqani and Al-Ghamdi, 2022; Serdar et al., 2022b).
During the resilience assessment, there are two important stages one related to the system’s ability to sustain the damage, and the other one is its recovery (Goldbeck et al., 2019; Liu and Song, 2020; Serdar and Al-Ghamdi, 2021b; Butry et al., 2021). Both aspects are interrelated, as a less damaged system will require fewer recovery resources; however, there are some fundamental differences. Among the differences is the concept of resilience by design versus resilience by intervention, with the former being determined by the design of the system and its nature as an inherent property, which is mostly translated into system resistance to degradation under certain disturbances. On the other hand, resilience by intervention is reflected by the group of processes, actions, and steps taken upon the onset of the disturbance, which is mostly reflected in the recovery stage (Kott et al., 2021). Within the context of urban infrastructures, resilience by design presents an important inherent property but one that is costly to change, as most of such networks were developed over a long span of time and may require huge investments to accommodate their upgrade cost and the damage resulting from their limited capacity or availability during the process. Meanwhile, there is huge potential for resilience by intervention, which through various possible approaches, can lead to reducing the recovery time and costs and thus significantly improve the resilience of the systems (Liu and Song, 2020; Kott et al., 2021). Emphasizing the importance of recovery approaches, many researchers have investigated its role in improving system performance and resilience of various built environment systems, including water, energy, and transportation, among others, as presented in (Liu and Song, 2020), leveraging resilience qualities enhancements (Sharkey et al., 2021), or within the framework of humanitarian operations as in (Çelik, 2016).
1.2 Transportation networks resilience and floods
Among all infrastructures, the transportation networks play a central role in the recovery process of other networks as they facilitate the accessibility of recovery teams for all other infrastructure; thus, their recovery and resilience are essential for the effective recovery of other networks and the overall resilience of the city (Bešinović, 2020; Liu and Song, 2020; Bešinović et al., 2022; Serdar et al., 2022b). Urban transportation networks are exposed to several disturbances, such as natural hazards, intentional attacks, random failures, cyber-attacks, and even failure propagation from other networks (Serdar et al., 2022b). However, natural hazards present the main threat to transportation networks, as they impact large parts of the networks and can significantly restrict mobility, thus affecting network performance. For example, the loss of important connections, such as a bridge, due to an earthquake can excessively impact the network (Twumasi-Boakye and Sobanjo, 2021; Twumasi-Boakye and Sobanjo, 2018). Moreover, a flood can impact a large portion of the network and jeopardize its connectivity inflecting massive cost and performance reduction, as in Hurricane Sandy in 2012 (USA) and Pakistan floods in 2022 (Abramson and Redlener, 2012; Bhamani, 2022). Among all natural hazards, floods prevail as the largest in terms of disaster cost and annual occurrence rate (UNDRR, 2020). These reasons necessitate allocating additional attention to flood resilience and especially to the interventional aspect of resilience, which is related to recovery strategies. To expand on the literature on flood resilience of transportation networks, readers can refer to (Rebally et al., 2021; Watson and Ahn, 2022).
Flood recovery is a complicated process one which various stakeholders are engaged on multiple levels (Medd et al., 2015). Some studies observed the recovery practices and documented the day-to-day recovery efforts in the aftermath of a flood helping to shed light on the physical and social aspects of the recovery (Medd et al., 2015). Others focused on funding the recovery process by comparing the strategies of different nations and responses (Slavíková et al., 2020) and even different social classes in the same country (Wilson et al., 2021). Recovery strategies play a major role in improving the resilience of the networks, with the effectiveness of different strategies could be attributed to both the cost and recovery sequence (Henry and Emmanuel Ramirez-Marquez, 2012; Saadat, 2021). The cost of a recovery strategy can be reflected through the sum of the cost of lost income (or services) and the cost of repairing resources and efforts (Saadat, 2021). While focusing on the post-disasters phase, simulation-based approaches help to compare different recovery strategies, which is the aim of this research. Based on the results of different recovery sequences and strategies, the decision-makers can approve an informed decision that enhances the system’s resilience in light of the available resources, presenting a direct example of resilience-by-intervention (Nurre et al., 2012; Almoghathawi et al., 2019; Bešinović et al., 2022). However, these studies focused on the resilience of the transportation networks to floods during normal working conditions outside the strain caused by MSE. Despite the importance of MSE, represented by the associated cost both in terms of finance and reputation, and the strict conditions to ensure the successful hosting of such events, the resilience to flooding during MSE remains an under-investigated topic, and moreover the role of recovery strategies in enhancing the performance and resilience under such conditions, which this paper tries to address.
Qatar’s capital, Doha, presents a unique case as one of the fastest-growing cities, increasing its size 60 times over the past 50 years (Rizzo, 2013). Moreover, Doha is the host city for the FIFA World Cup Qatar 2022, delivering the most compact version of this event, with almost all the venues located in its metropolitan area at an astronomical price tag of $200 billion (Griffin, 2019; Meza Talavera et al., 2019). This high cost was essential to overhaul and modernize the infrastructures in Doha and develop the competition venues to accommodate the event and facilitate spectators attending multiple matches a day. However, over the last decade Doha, situated in a hyper-arid climate, witnessed unusual precipitation and flooding events, especially in 2015 and 2018, which caused large disruption to mobility throughout the city and obstructed activities at several important venues, such as Education City, in addition to catastrophic asset and property losses (Mamoon, 2017; Ajjur and Al-Ghamdi, 2022; Serdar et al., 2022a). Moreover, this trend of extreme precipitations is projected to increase over the coming years (Mamoon, 2017; Ajjur and Al-Ghamdi, 2022). However, no official data shows the cost or damage extent of previous events, other than some press reports or photos posted online by individuals (Middle East Eye, 2018; Qatar, 2018; Muraikhi and Al-Shafi, 2022; Flood List, 2023). Such intense precipitations during the World Cup, which exceed the design capacity, could cause huge losses in terms of direct cost and reputational damage to the small nation, jeopardizing the huge investments and effort put forward for the event’s success.
1.3 Aim and scope of the study
The advent of climate change impacts, particularly flooding, puts the huge investments needed for hosting a successful Mega-Sport event (MSE) at a perplexing risk and necessitates the resilience of critical infrastructure, especially road networks. For example, as presented in previous research (Serdar and Al-Ghamdi, 2021b), the road network, which is planned to be the main facilitator of the fans’ mobility during the FIFA World Cup in Qatar 2022, has a very limited resilience level under the threat of natural hazards scenario, presented by flooding. This lack of resilience threatens the success of the competition and requires investigating various possible recovery strategies to determine the most effective one. Moreover, while inherent resilience introduced during the design stage can increase the cost significantly to be adapted to changes in climate and result in a white-elephant network, the adoption of an effective recovery-strategy and informed use of recovery-resources could substantially improve the post-disaster circumstances and improve the overall performance and resilience of the system at a fraction of the cost. Thus, quantifying the impacts of different interventions/recovery-strategies on the resilience of road networks under floods during MSE is highly important, yet it is an under-investigated topic (Meza Talavera et al., 2019; Serdar et al., 2021; Orr et al., 2022). (Meza Talavera et al., 2019) conducted a review on the role of MSE in sustainable development and noted the potential challenges posed by climate change to such events, while (Orr et al., 2022) review totally focused on climate change hazards on sports competitions and events, highlighting coping approaches and potential risks at several levels including individual and city levels. Both reviews, in addition to (Serdar et al., 2021), noted the lack of literature focusing on resilience during MSE and compared the importance of preparedness and recovery planning to address such impacts, including flooding and quantifying the performance to better manage MSE and their legacy. (Serdar et al., 2022b). assessed the flood resilience of the road network during the FIFA World Cup Qatar 2022 but ignored the role of the recovery stage in enhancing the overall resilience of the network, which is the central focus of the current research. Thus, this study aims to present a simple and robust approach to assess the role of recovery strategies to improve the resilience of the road networks during MSE. Moreover, this research:
• Presents a framework that spans the life cycle of disaster, identifies the critical disturbance, and highlights the role of recovery strategies in enhancing the resilience of MSEs.
• Facilitates the development of different recovery sequences based on several strategies.
• Investigates the effectiveness of using flood susceptibility to guide the recovery process compared to other strategies from a resilience perspective.
• Assesses the impacts of several recovery strategies on the resilience of a flooded road network during an MSE, building on the results and metrics of previous studies.
The study uses the FIFA World Cup Qatar 2022 as a case study building on a previous assessment of different potential critical disturbances, which identified the flooding as the critical disturbance and evaluates the effectiveness of several recovery strategies in enhancing resilience within that context. These recovery strategies rely on flood susceptibility, network centrality, or critical paths, as will be explained later in the methodology section. Also, it is important to consider that the aim is to compare different recovery strategies rather than finding the optimal recovery sequence. Furthermore, a sensitivity analysis is conducted to verify the consistency of the assessment results under different weighting factors. Subsequently, the results will guide response teams during flooding and help pre-locate the required resources accordingly. The rest of the manuscript is divided into methodology, results and discussion, and conclusion.
2 METHODOLOGY
The suggested method for this research starts by conducting the initial resilience assessment, as presented in (Serdar and Al-Ghamdi, 2021b), to identify the disturbance scenario that causes the maximum degradation in the network performance, which was denoted as the critical disturbance; nevertheless, we can use this method to plan the recovery of any disturbance scenario. Based on the disturbance nature, network characteristics, and public authorities’ recovery resources and goals, several assumptions that control and outline the recovery stage will be drafted, which will form the basis for the development of different recovery strategies. Each recovery strategy will be translated into a recovery sequence that satisfies the process assumptions and timeline. At each time step of the recovery, the metrics identified in (Serdar and Al-Ghamdi, 2021b), total betweenness [using Gephi (Bastian et al., 2009)] and average trip duration will be calculated, and this process will be repeated for each recovery strategy. Using the performance results, we will calculate the Recovery Resilience Index (RRI) for each recovery strategy. Finally, we will conduct a sensitivity analysis for weighting factors to ensure the consistency of the results and identify the optimal recovery strategy. The following subsection will expand on the aforementioned steps and clarify their application, and the general outline of the method is presented in Figure 1.
[image: Figure 1]FIGURE 1 | Resilience-Oriented recovery framework and the general outline of the methodology. Square brackets refer to the source or application in our case study.
2.1 Identifying flooding as the critical disturbance during the initial resilience assessment
The initial resilience assessment relied on the impacts caused to the network due to several disturbances, namely, natural hazard/flooding, an intentional attack, and random accidents, which was previously conducted by (Serdar and Al-Ghamdi, 2021b), the general framework of that assessment is presented in Figure 2. The flooding scenario relied on flooding maps developed by the Ministry of Municipalities and Environment (MME) for the 100-Years Average Recurrence Interval (ARI) scenario, representing an extreme precipitation event (MME, 2018), with road segments covered by high hazard level, inundation depth of 61–120 cm, to be considered inaccessible. The intentional attack scenario was represented by an attack targeting the central node, the node with the highest betweenness, creating an inaccessible area of 3 km radius, while the random accidents scenario created ten randomly scattered failure points each with an inaccessible radius of (500) m. The three scenarios were simulated and resulted in calculating Mega Sport Events Road Resilience Index (MSERRI) for each case, as presented in Table 1, which shows an extremely low performance of the network during the 100ARI flood scenario, thus denoted as the critical disturbance. The output of the critical disturbance scenario, 100 ARI flooding, is presented in Figure 3. Figure 3 highlights fragmentation and severe degradation in the road network under the natural hazards scenario represented by flooding. The flooding caused the maximum damage by far compared to other scenarios and thus was denoted the critical scenario. In this research, we will focus on the identification of the optimum recovery strategy, using the same performance metrics from (Serdar and Al-Ghamdi, 2021b), from the damage caused by the considered flooding scenario of 100 ARI. However, the same method could be applied to the recovery from other scenarios and for other networks by changing the recovery assumption and strategies to suit the application.
[image: Figure 2]FIGURE 2 | Multilevel resilience assessment framework developed for MSEs. [image: image] refers to betweenness centrality, T refers to the average time of trips, MSERRI refers to Mega Sport Events Road Resilience Index, β refers to threat weighting, α refers to Level weighting, and the subscript notions (0,N,I,A,G,L) refers to (Baseline case, Natural hazard scenario, Intentional attack scenario, random Accidents scenario, Global/network level, Local/important-trips level), respectively. Adopted from (Serdar and Al-Ghamdi, 2021b).
TABLE 1 | Doha Road network initial assessment results and resilience index. Adopted from (Serdar and Al-Ghamdi, 2021b).
[image: Table 1][image: Figure 3]FIGURE 3 | Flooding scenario and its impact on Doha roads network. Under the Natural hazard scenario, the sum of betweenness centrality has dropped by almost 97.5%, and the important trips could not be completed due to the extensive damage to the network. Due to the failure of the damaged network to facilitate the trips, its resilience index during this scenario was equal to zero: MSERRIN = 0. Adopted from (Serdar and Al-Ghamdi, 2021b).
Several resilience metrics are reported in the literature, with the choice of suitable resilience metric is related to the context, aim, and scale of the assessment (Liu and Song, 2020; Sun et al., 2020; Serdar et al., 2022b; Büyüközkan et al., 2022). However, in this study, we are concerned with measuring the performance and, subsequently the resilience, at two levels, one is at the overall network level, and the other is related to the trips between MSE venues. For this purpose, there are two performance metrics reported in (Serdar and Al-Ghamdi, 2021b) and adopted in this study; these metrics are total network betweenness centrality ([image: image] ) and average critical-trips duration (T); similar two metrics were adopted in the work of (Kermanshah et al., 2014; Kermanshah and Derrible, 2017). Network betweenness is a one of the complex networks features and it helps identifying bottlenecks and critical nodes and links, also it reflects network’s cohesion (Pregnolato et al., 2016; Casali and Heinimann, 2020). Changes in a network, including due to a disturbance, modify the relationship between its components, which is reflected in [image: image] as it scans all pairs of nodes, thus [image: image] can be used to detect the change in networks cohesion and performance (Liu and Song, 2020). Subsequently, [image: image] is used to assess infrastructures performance during disasters, e.g., roads networks flooding (Pregnolato et al., 2016; Casali and Heinimann, 2020). Additionally, [image: image] has been used for performance and resilience assessment in several previous studies (Kermanshah et al., 2014; Akbarzadeh et al., 2019; Sarlas et al., 2020; Yadav et al., 2020; Martín et al., 2021). The calculation of the betweenness was done using ArcGIS software developed by ESRI, with (GIS F2E) plugin by (Karduni et al., 2016), and a complex network tool called Gephi developed by (Bastian et al., 2009). On the other hand, the duration of trips connecting specific points of interest could be crucial for the functionality of the network and representing its performance, especially during disasters and extraordinary events like MSE. Especially during events such as MSEs, some trips are vital as they facilitate the movement of fans between venues of interest (Serdar and Al-Ghamdi, 2021b). The duration of such trips plays a critical role in the success of such events, and failing to follow up with the rigid timeline of competitions could have severe financial and reputational costs (Serdar and Al-Ghamdi, 2021b). The loss of some links/roads due to a disturbance can lead to delays or inaccessibility to some important venues, which could lead to severe consequences and act as a representative of the road network performance (Ukkusuri and Yushimito, 2009; Serdar and Al-Ghamdi, 2021b). Trips duration was used in several studies to reflect the network performance and resilience to disturbances, as in the work of (Yin and Ieda, 2001; Ukkusuri and Yushimito, 2009; Soltani-Sobh et al., 2015; Ilbeigi, 2019). The calculation of the shortest path between the critical venues was done using ArcGIS.
2.2 Recovery process assumptions
The recovery process is complex and requires clear outlining to reflect reality and produce a reliable recommendation. Moreover, the recovery process depends on the nature of the disturbance, available resources, precautions and pre-deployed preparation, and authority plans and goals; as such, a recovery from an intentional attack will be totally different from a natural hazard, and even in the case of an intentional attack there will be a difference when dealing with physical threat compared to the case in the cyber domain. In the case of natural hazards, especially flooding, several precautions and support system could be available, ranging from city-wide storm management sewer systems to on-site pumping and storing ponds or tanks, in addition to mobile resources that act as intervention resources to apply the recovery strategies set by the disaster management authorities.
In our case, the public works authority (Ashghal), which is tasked with flood hazards mitigation and management in Qatar, is managing a large spectrum of assets, including roads, sewers, and storm drainage networks. Moreover, it employs many on-site emergency assets, such as fixed and mobile pumps and trucks, all aimed to intervene in the case of flooding, as it emerged as an unusual costly threat over the past decade. All these assets serve in Ashghal plan to achieve full recovery of the network within 24 h from the beginning of the recovery process, as mentioned in Ashghal design guides and stated by several of their design and operation managers (Public Works Authority - Drainage Affairs, 2005). Based on the design guide and interviews with the managers, the stormwater management system will drain the flooding water throughout the network. Additionally, recovery intervention teams will contribute to speeding up the process and achieving the goal of full recovery, in the form of regaining mobility, within 24 h. This intervention will be mainly directed to the areas with high and extreme inundation and risk levels, identified in the flood hazard map developed by MME (MME, 2018) and used in (Serdar and Al-Ghamdi, 2021b) to identify the damaged parts of the network, as presented in Figure 3. Based on this information, it could be assumed that the recovery resources will be allocated to the inaccessible segments of the networks, identified by the high and extreme hazards level, and these recovery resources will be enough to complete the restoration of the accessibility on these sections within 24 h regardless on the location and resources needed.
By using the model from (Serdar and Al-Ghamdi, 2021b) presented in Figure 3, we can calculate the length of the damaged/inaccessible segments ([image: image]), and through dividing this value by the recovery duration of 24 h, we get an up-rounded value of 13 km/h of recovered segments length. This value is central for the development of the recovery sequences; however, any other planned value or justifiable value could be used in the suggested method. Additionally, it is important to consider the initial recovery performance metrics, the performance metrics values immediately after the event, which is total betweenness equal to 914, and the average trip duration is unmeasurable, denoted N/A, due to inaccessibility of the roads leading to the event venues. However, for facilitating the calculations and application of the method, any trip that could not be completed was assigned a trip length of 1,000 km till the accessibility was re-established, but any other excessively large number, longer than the whole network, could be assigned as it does not affect the results of the assessment. For example, the current assumption is that the average trip duration is 1,000 min, during the flood, compared to 16.11 min in normal conditions.
Furthermore, another important assumption is reflected in the “localized smart recovery/shortest-local-first strategy”; it is assumed that the recovery teams, at any given node/intersection, will try to recover the shortest segment connected to it first, thus maximizing the number of recovered sections at any given time step. Additionally, as a starting value, the weighting factors will be assumed to be distributed equally (0.5 total betweenness and 0.5 average trip time); however, these weighting factors will be subjected to sensitivity analysis to verify the consistency of the results.
2.3 The suggested recovery strategies and sequences development
Based on the disturbance scenarios and the established assumptions, a suitable recovery alternative needs to be developed. This study suggests three recovery strategies that are expected to have a unique benefit to the network. These strategies were proposed and developed by the authors. For example, some sources in the literature mentioned that susceptibility mapping could be used to lead recovery planning or efforts without any details about how it could be employed for that purpose, so the authors have to come up with a way to convert the susceptibility into normalized recovery sequence as presented in the paper, as in the case of Link Averaged Flood Susceptibility (LAFS).
The first recovery strategy is related to road flood susceptibility; this method relies on the averaged link susceptibility to the flooding threat, based on the mapping done by (Serdar et al., 2022a) and presented in Figure 4. The calculation of the Link Averaged Flood Susceptibility (LAFS) is done using Eq. 1, as follows:
[image: image]
Where:[image: image]: refers to the sum of all link (i) segments that exist in low flood susceptibility regions[image: image]: refers to the sum of all link (i) segments that exist in medium flood susceptibility regions[image: image]: refers to the sum of all link (i) segments that exist in high flood susceptibility regions[image: image]: refers to the sum of all link (i) segments that exist in extreme flood susceptibility regions
[image: Figure 4]FIGURE 4 | Flood susceptibility map for the state of Qatar. Adopted from (Serdar et al., 2022a).
These ascending weights would facilitate ranking the links/roads based on their flood susceptibility and then developing the recovery sequence starting with the highest flood susceptibility. 
The following example, presented in Figure 5, will facilitate the understanding of the calculation of LAFS and the development of the recovery sequence associated with flood susceptibility:
[image: image]
[image: image]
[image: Figure 5]FIGURE 5 | LAFS calculation and sequencing example.
Based on the calculation of LAFS, we can establish that (link 1) is more susceptible to flood and thus will be recovered first. This approach can be repurposed to be employed in other sectors other than flood susceptibility by using the suitable layer associated with a problem of concern, such as student evacuation during a totally different disturbance scenario; however, in the current application, it was denoted as Susceptibility Based Recovery (SBR).
The second recovery strategy relies on network nodes’ centrality using the betweenness results obtained in the model developed in (Serdar and Al-Ghamdi, 2021b). Contrary to the first one, this strategy focuses on network nodes instead of links. Under this strategy, the recovery is aimed to restore the links connected with nodes with the highest betweenness values, under normal conditions, first and then in a descending manner, with the application of the “localized smart recovery” to restore the shortest link first among the links connected to the same node. This strategy is denoted as Centrality-Based Recovery (CBR). The following example, presented in Figure 6, will facilitate the understanding of the second recovery strategy and the development of the recovery sequence associated with node centrality:
[image: Figure 6]FIGURE 6 | Centrality-based recovery example. This presents a sample network with its nodes connected prior to disturbance used to calculate the nodes’ betweenness. a, b, c, d, e, and f are links annotations, and the numbers after (,) are the associated required recovery length of each link in km.
By calculating the betweenness centrality for the nodes in the sample network presented in Figure 6, we can find that node (3) is the highest betweenness with a value equal to (3.5), and the next will be node (4), with rest of the node having betweenness value equal to (0). Considering these values and the recovery length of each of the links are as provided in Figure 6, and assuming that 13 km will be restored at each time step, the resulting recovery sequence will be as demonstrated in Table 2.
TABLE 2 | Centrality-based recovery sequencing example.
[image: Table 2]The third recovery strategy was based on recovering the critical trips paths, related to the competition or the considered event, starting from the shortest segments first, and after restoring these paths, the rest of the links in the network will be restored starting from the shortest damaged segments, this strategy was denoted as Critical Links Based Recovery (CLBR). Using this mentality, the associated sequence was developed and prepared for application on the model.
Various other recovery sequences could be developed based on any justifiable or suitable strategy and thus can be integrated into the assessment to find the most suitable one, which can be done in future studies.
2.4 Recovery resilience index and sensitivity analysis
During the application of the recovery sequences on the model, we will get the total betweenness [image: image] and the average critical trips time [image: image] metrics at each time step. This information will be combined using the assumed weightings, [image: image] [image: image] and present the performance [image: image] of the network under each recovery strategy. Thus, the performance at each time step will be calculated by Eq. 2:
[image: image]
Where:[image: image] the total betweenness at step (t)[image: image] the total betweenness before the disturbance[image: image] the average critical trips duration at step (t)[image: image] the average critical trips duration before the disturbance[image: image] overall network performance weighting[image: image] Critical trips performance weighting
Using the diagram of performance against time, presented in Figure 7, the Recovery Resilience Index (RRI) can be calculated using Eq. 3, as follows:
[image: Figure 7]FIGURE 7 | An example of the Performance-time diagram. P(t) is the performance at moment t. t0, t1, and t2 are the start of the event, the start of the recovery, and the end of the planned recovery process, respectively.
[image: image]
It is important to notice that during the calculation of RRI, represented by the hatched area (area under the curve during the recovery phase), only the recovery phase is of concern since the recovery strategy used has no impact on the degradation of the performance prior to the recovery phase.
After calculating the performance-time diagram and RRI for each recovery strategy, a sensitivity analysis will be conducted to verify the impact of weighting factors, [image: image] [image: image] on the results and verify their consistency. The sensitivity analysis is to be performed by assigning the values from (0%–100%), with a 10% step for one weight factor while the other is equal to (100%—1st weight factor). This approach could verify the recovery results against all possible scenarios, such as full reliance on centrality metrics or full focus on the event’s short paths. The sensitivity analysis results will provide the sense and the consistency for the evaluation results and allow the understanding of the influence of favouring one aspect over the other on the decision to follow one recovery strategy instead of the others.
3 RESULTS AND DISCUSSION
The main result of applying the methodology presented in the previous section is identifying the best recovery strategy among the suggested strategies. However, leading to that result, the performance metrics, total betweenness and average trip time, are calculated at each time step for each strategy, assuming equal weighting. Furthermore, the RRI for each recovery strategy will be calculated and later subjected to sensitivity analysis for the weighting factors to verify the results’ consistency and pave the way for identifying the best recovery strategy. The following paragraphs will present the results of these steps.
Using the sequences developed for each recovery strategy, the performance metrics were calculated at each time step and are presented in Figure 8 and Table 3.
[image: Figure 8]FIGURE 8 | Performance-Time diagram of the recovery strategies. As mentioned in previous sections, CBR Centrality Based Recovery, SBR Susceptibility Based Recovery and, CLBR Critical Links Based Recovery. The presented values reflect equal weighting, [image: image] [image: image], of the performance metrics.
TABLE 3 | Step-by-step performance metrics results of recovery strategies. Average trip 1,000 stands for inaccessible; this value is only used to facilitate the calculations.
[image: Table 3]The results showed that CLBR is the best strategy; this is also proven by the application of Eq. 3, considering t1 = 0, t2 = 24 h, and P(t) as presented in Table 4, to calculate RRI for each recovery strategy, which yields the following values: [image: image]. These values highlight the importance of applying CLBR by the authorities to significantly improve the network resilience compared to the other strategies.
TABLE 4 | Performance value at each step of the recovery strategies. (Metrics equally combined, weights 0.5,0.5).
[image: Table 4]On the other hand, it is important to observe the steps by which different recovery strategies re-established accessibility to the event venue from the fan zone. The results showed that in the CLBR strategy, the fans gained access to the venues by the 9th hour, and full access was established by the 10th hour; in the CBR strategy, access was gained by the 18th hour and full access by the 23rd hour; and in SBR strategy, access was gained by the 22nd hour and the full access was achieved only at the 24th hour. These results also reassure that the CLBR strategy is the best one among the suggested strategies. The results are summarized in Table 5 and given in step-by-step detail for each recovery strategy in Tables 6, 7, 8.
TABLE 5 | Summarized recovery strategies assessment results.
[image: Table 5]TABLE 6 | Average trip length (km) to stadiums at each step during the CBR strategy. 1,000 stands for no accessibility.
[image: Table 6]TABLE 7 | Average trip length (km) to stadiums at each step during the SBR strategy 1,000 stands for no accessibility.
[image: Table 7]TABLE 8 | Average trip length (km) to stadiums at each step during the CLBR strategy 1,000 stands for no accessibility.
[image: Table 8]It is worth noting that in the step-by-step results and Figure 8, there were some fluctuations, which were caused by the partial recovery of some links and the emergence of pseudo nodes that later disappear in the following steps with the restoration of the normal links and nodes, and the re-establishment of the connection between large clusters. These fluctuations could be observed in steps 5 & 9 of CLBR, 8 & 13 of SBR, and 13 & 18 of CBR. However, they do not affect the accuracy of the assessment as they happen in all strategies and do not create any long-term changes to the diagram or performance, as could be observed in Table 4 and Figure 8. Nevertheless, it is recommended to investigate the stability of the total betweenness metric to improve it or the adaptation of more stable centrality metrics in future studies. The step-by-step recovery development of the network under each strategy can be observed in Figures 9, 10, 11.
[image: Figure 9]FIGURE 9 | CLBR recovery step-by-step. The red lines are the ones recovered in the current step, and the green ones recovered in the previous steps or the ones that survived the disturbance (flood). The competition venues are also presented. Step0 represents the post-event situation.
[image: Figure 10]FIGURE 10 | CBR recovery step-by-step. The red lines are the ones recovered in the current step, and the blue ones recovered in the previous steps or the ones that survived the disturbance (flood). The competition venues are also presented. Step0 represents the post-event situation.
[image: Figure 11]FIGURE 11 | SBR recovery step-by-step. The red lines are the ones recovered in the current step, and the brown ones recovered in the previous steps or the ones that survived the disturbance (flood). The competition venues are also presented. Step0 represents the post-event situation.
Conducting the sensitivity analysis is important in evaluating the possible changes in the analysis outcomes due to favouring one metric over the other. Therefore, the sensitivity analysis was conducted following the method stated in the methodology section; by changing the weighting factors by 10%, starting from 0% to 100%. The result, presented in Table 9, shows that regardless of the weighting used in all cases, the best strategy is CLBR, then CBR, and the worst is SBR. This proves the consistency of the assessment results and reaffirms the CLBR as the most efficient recovery strategy among the suggested ones.
TABLE 9 | RRI sensitivity analysis results.
[image: Table 9]CLBR enjoys an advantage by focusing on the links that have a higher value to the metrics used in the evaluation, the links that facilitate the connections between the fan zone and the stadia; this gives it the potential always to achieve a higher performance earlier than other approaches, especially when higher weighting is given to the average trip duration. Nevertheless, CLBR also achieves better performance when the weighting is totally focused on centrality metrics, as it focuses on regaining a central part of the network first and then recovering the shortest links, which increases the number of regained connections at each time step. This pattern presents an added advantage to CLBR as the Doha Road network consists of a large number of short roads in the center close to the coast which will be added to the initially recovered critical links creating a more connected and centralized recovered subnetwork/cluster compared to the other strategies. Additional recovery strategies could be derived by combining these strategies or introducing other strategies, which may result in better overall performance and resilience. The possible optimization of the recovery efforts resulting from the coupling of different strategies could be investigated in the future. Such development will require the integration of additional steps, such as Monte Carlo simulation, to evaluate possible improvement at each step and examine a large number of possibilities. However, such integration will require additional resources, prolong the assessment, and its effectiveness will depend on the variation between the suggested approaches. The current focus was to introduce the stepwise recovery and assess its impact on resilience, presenting the application through three strategies, which could be modified or coupled as seen fit by the authorities or researchers in the future, or while assessing other MSE in different countries.
On the other hand, from a decision-making and risk management perspective, it is important in any assessment to consider the financial aspects of each strategy and the resources required for its application. However, due to the huge cost associated with MSE compared to any potential cost of strategies, the complexity of quantifying the cost of late recovery, and the normalization of the recovery capacity per timestep, based on the study assumptions stated in section 2.2, this study did not account for the financial aspects of the recovery strategies. However, it is important to consider such aspects when assessing the recovery outside the context of MSE or develop a robust approach to integrate it into future studies.
Finally, it is intuitive that less intense precipitation/flood scenarios, 10,25,50 years ARI events, could cause some inundation in the network; however, their impact will always be less than the extreme event of 100 years ARI, which exceed the regular design requirements. Thus, the recovery efforts in such scenarios are less of a concern compared to the 100-year ARI events. While the variation between recovery strategies’ effectiveness could be less prevalent under these scenarios, investigating such variation is out of the scope of this study and could be addressed in future studies.
4 CONCLUSION
The recovery strategy of any system directly affects its resilience This research presents a framework that builds on the resilience index and metrics used in previous studies to conduct a resilience-oriented recovery strategies evaluation, within the context of Mega Sport Events (MSE). The damaged state was based on 100 ARI Flooding, which was found to be the critical disturbance in (Serdar and Al-Ghamdi, 2021b), as explained in methodology section. Three recovery strategies were suggested, namely,: Flood-susceptibility-based (SBR), Centrality-based (CBR), and Critical-links-first (CLBR) recovery strategies. Performance metrics are calculated for each strategy at different time steps, and the Recovery Resilience Index (RRI) is determined for each. The results consistently indicate that CLBR strategy significantly improves resilience compared to the other strategies, regardless of weighting. The suggested framework is flexible, allowing for various recovery sequences and expanding the options available to recovery planners and decision-makers.
The study presents a simple and robust approach for evaluating recovery strategies’ impact on road networks resilience and performance during MSE, using simple metrics. However, It overlooks crucial network aspects such as the impact on passengers, actual delays, and costs, which may require more detailed modeling and processing resources. Future studies should modify the framework to incorporate different metrics and applications beyond MSE, including urban disaster planning and management. Additionally, the framework could be developed into a user-friendly software tool to swiftly evaluate and identify optimal recovery strategies, potentially integrating optimization techniques. Future studies should modify the framework to incorporate different metrics and applications beyond MSE, including urban disaster planning and management. The utilization of Artificial Intelligence (AI) applications could leverage accumulated experiences to suggest more efficient and optimized recovery approaches. Furthermore, the framework can be enhanced to consider varying full-recovery duration, cost, and resources associated with different strategies, thus providing a more comprehensive and insightful evaluation.
Overall, this research contributes to understanding the implications of recovery strategies on resilience, particularly within the context of MSE and Mega Events in general. By adopting the findings, planners and decision-makers can develop better-informed policies, ultimately leading to more resilient and successful events capable of overcoming emerging challenges.
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