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Introduction 1.1 Context

Global warming is a growing threat to humanity, and electricity production and transport have a significant impact in this regard since they are the two leading sectors emitting CO2 in the world, with 42% and 22% respectively of total emissions from energy combustion [START_REF]Répartition sectorielle des émissions de CO2 dans le monde, Chiffres clés du climat[END_REF]. In this context, the deployment of electric vehicles has been on the rise these last years as a low emission means of transport, and we can imagine that it will keep on increasing because it is in line with the objectives set by the European Union, which reached an agreement in October 2022 providing for the end of the sale of new motor vehicles from 2035. Both used for personal purposes and for public transport, their deployment is such that the global fleet of electric vehicles could reach 145 to 230 million vehicles in 2030 [2]. This massive electrification of vehicles increases the electricity needs of urban infrastructures, which intensifies the interactions and interdependences that already exist between the electric power and transport networks. As a result, incidents suffered by one of the two networks have a significant impact on the second. Various natural disasters in recent years have highlighted the vulnerability of infrastructures regarding networks interdependences. For example, Hurricane Sandy that occurred in New York in 2012 created disruptions that worsened progressively and caused cascading failures: power cuts made it difficult to drain water in subway tunnels, these floods have severed the liquid fuel supply chain at the terminals, and all of this was combined with traffic restrictions on waterways. The fuel shortage then affected emergency response services and power restoration efforts [3].

Many other examples highlighting the vulnerability of coupled networks to natural disasters exist, which can lead to unprecedented human and economic losses and significant environmental consequences [3]. As power grid outages are unpredictable and unavoidable, it is therefore essential and urgent to improve the resilience of interdependent urban infrastructures by considering the risks associated with random phenomena.

PhD project perspectives

It is in this context that the PhD project I will begin next October falls within. The overall objective of my doctoral study will be to provide answers on the issues associated with the resilience of coupled transport and electricity networks, which is a subject that is little discussed in the current literature, especially when it comes to multimodal transport networks.

More precisely, I will jointly model these two interconnected networks with a dynamic approach, by considering multimodality. I will then be able to assess the resilience of the system by carrying out simulations of random disturbances of the electrical network, considering the cascading failures generated on the rest of the system. The final objective will be to apply operational planning strategies to improve this resilience, such as optimal maintenance scheduling, in order to help transport infrastructure managers, reduce the consequences caused by random and unavoidable power outages.

Research objective and questions

The research subject of my internship in Stockholm is directly related to my incoming PhD topic, so that this end-of-study work serves as a springboard towards my three-year project.

Therefore, my personal outlook for this introductive study is above all to get familiar with this topic by laying the first foundations. This five-month internship is relatively short to work on such a wide topic, which means that the research objectives had to be restrained. The following are the key objectives that will be addressed in this paper:

• Conduct a review of related literature, to understand the research gaps;

• Model train, metro, and tramway networks of Stockholm;

• Grasp how power grid disruptions can affect public transport in Stockholm ;

• Establish a topological robustness measure that is consistent with the studied networks; • Assess the system's robustness under various electric breakdown scenarios;

• Highlight the most vulnerable areas of the transport networks;

The remainder of the paper is structured as follows. Section 2 defines the key notions and gives an overview of the existing studies related to the topic. Section 3 introduces the modelling framework, including the main assumptions that were made on the power grid influence. Section 4 presents the results, namely the final modelling of the networks and the robustness assessment. The results and their possible applications are discussed in Section 5. Finally, Section 6 describes the possible follow-ups to this work, emphasizing, for example, the improvement of the assumptions that have been made.

Literature review 2.1 Definition of key notions

Resilience and robustness

In the context of this study, it is first essential to explain the difference between two terms that we've already used in the previous section: the resilience and the robustness of a network.

Generally, the resilience of a network is defined as its ability to face up and adapt to unexpected disruptive events, and its ability to recover quickly [4]. As for robustness, it is usually defined as the network's capacity to keep functioning when part of it is damaged [5]. In other words, robustness can be interpreted as part of the notion of resilience, in the sense that it would correspond to the phase which directly follows the appearance of the failure, before the network starts recovering. Some studies consider precisely this kind of operational definition of resilience, considering that it is set by two parameters: robustness and speed of recovery [START_REF] Johansson | Vulnerability analysis of interdependent critical infrastructures: case study of the Swedish railway system[END_REF]. Figure 1 illustrates this definition of resilience, inspired by [START_REF] Dong | Measuring the Topological Robustness of Transportation Networks to Disaster-Induced Failures: A Percolation Approach[END_REF].

Figure 1 -Schematic definition of resilience

Liu et al. [START_REF] Liu | Network resilience[END_REF] go into more detail in the explanation of the differences between the two notions.

In fact, the definitions may vary slightly depending on the type of network that is studied, but they are generally close to what has been said previously. Going further, they add that robustness is a concept related to the static topology of the network, measuring its capacity to maintain its connectivity when a fraction of its components fails. As for resilience, it is a broader notion that requires dynamic approaches to capture the response of the network to disturbances.

From these definitions arise two concepts that are mentioned in many works associated with my research topic: vulnerability and criticality. Vulnerability is considered as an antonym of resilience, which means that a high degree of vulnerability corresponds to a low degree of robustness and recovery speed. A network component is considered critical if the failure of this component is a system vulnerability [START_REF] Johansson | Vulnerability analysis of interdependent critical infrastructures: case study of the Swedish railway system[END_REF]. For instance, several related studies focus on critical infrastructure by applying network vulnerability analysis.

Basics of interdependences

When it comes to studying critical infrastructures of urban cities as transportation or electric networks, it is important to understand how they connect to each other. A link connecting two networks is said to be a dependency when it is unidirectional, and an interdependency when it is bidirectional. More generally, two networks are interdependent when the proper functioning of each depends on the other [START_REF] Rinaldi | Identifying, understanding, and analyzing critical infrastructure interdependencies[END_REF].

There are several different categorizations of interdependencies in the literature. Many articles associated with my subject mention as a reference categorization the one introduced by Rinaldi et al. [START_REF] Rinaldi | Identifying, understanding, and analyzing critical infrastructure interdependencies[END_REF], which define four categories: physical, information/cyber, logical and geographic. Let's consider different infrastructures to illustrate these four categories. The railway network is physically dependent on the electrical network as a direct power supply, but it is also cyber dependent on the communication network because it is virtually supervised by several control systems. Railway and electricity networks are also geographically interdependent, with train stations generally being supplied by nearby local substations. Logical interdependencies are all other network interconnections, such as financial inputs or human decision-making in railway matters. More generally, the different categorizations that exist can be broadly summarized in two categories: functional and geographic interdependencies [START_REF] Johansson | Vulnerability analysis of interdependent critical infrastructures: case study of the Swedish railway system[END_REF]. Functionality refers to the infrastructure requirement for the proper functioning of an infrastructure of another network.

Approaches to study interdependencies

Johansson et al. [START_REF] Johansson | Vulnerability analysis of interdependent critical infrastructures: case study of the Swedish railway system[END_REF] introduce three different perspectives for vulnerability analysis of interdependent infrastructure networks : global vulnerability analysis, critical component analysis, geographical vulnerability analysis. Global vulnerability analysis involves applying stresses of varying magnitudes to the whole system and assessing the resulting system performance. Critical component analysis derives from the latter, but the objectives are different. It consists in controlling the constraints applied to the system by considering the failure of a limited set of components, in order to compare the negative consequences that arise from it, and finally to highlight the most vulnerable components of the system, namely the most critical. Geographical vulnerability analysis considers failures that affect components in the same geographical area, to highlight the consequences that a targeted natural disaster would have, for example.

It is also worth mentioning the different quantitative approaches listed in [4] for the study of interdependencies involving transport networks : empirical-, simulation-, graph theoretic-, mathematical modelling-, and network flow-based methodologies. Given the definitions of robustness and resilience presented earlier, we can already figure out that robustness assessment studies often focus on graph theoretic approaches whereas resilience analysis usually requires simulation or network flow-based methodologies. We will not go into detail for the description of each of these notions, their name being quite significant, but they remain important since each one is found in the related papers that will be presented later on.

In order to apply the approaches presented above, it is necessary to model the studied networks as well as their interdependencies. For this purpose, Johansson et al. [START_REF] Johansson | Vulnerability analysis of interdependent critical infrastructures: case study of the Swedish railway system[END_REF] describe the modelling of interdependent networks in two parts: the structural and the functional part. The latter are often intertwined and not always explicitly distinguished in the literature. On the one hand, the structural model is associated with the topology of the system, which is often connected by physical links. On the other hand, the functional model makes it possible to overcome topological limits by representing the necessary conditions for the proper functioning of the infrastructure. For example, functional links allow to model the electricity dependencies of the rail network: a drop in electricity supply can reduce the capacity of a line. Nevertheless, it is mentioned that studying topological properties of a system can sometimes be sufficient to draw interesting conclusions of a its vulnerability.

Interdependences associated with critical infrastructures

Now that we know more about the global process of studying interconnected networks, let's explore some examples of technical tools that can be of great use for the purpose of improving the performance of critical infrastructures in urban cities, before focusing on transport and electricity networks, which constitute the work area of our study.

Urban networks are increasingly interconnected, which makes them more vulnerable and more complex to study. Critical infrastructures form the mainstay of modern society by providing essential services to crucial functions, it is therefore essential to make them as resilient as possible. For this purpose, it is necessary to find quantitative tools that make it possible to assess the performance of networks, in order to implement relevant solutions [START_REF] Johansson | Contrasting critical infrastructure resilience from Swedish infrastructure failure data, Safety and Reliability -Safe Societies in a Changing World[END_REF].

Until recently, the optimization of critical infrastructures was generally studied independently, taking into account their own limits and objectives, considering solely the factors directly influencing their solution, but this is no longer sufficient for complete results. Indeed, there is one critical dimension missing from all of these operational optimizations: analysing interdependent critical infrastructures first requires determining the common variables and mutually influential factors between the networks [START_REF] Amini | A Panorama of Interdependent Power Systems and Electrified Transportation Networks, Sustainable Interdependent Networks II: From Smart Power Grids to Intelligent Transportation Networks[END_REF].

Amini et al. [START_REF] Amini | Interdependent Networks: A Data Science Perspective[END_REF] explore potential directions in the field of data analytics to study interdependent critical infrastructures, introducing a fictive system composed of Societal-Water-Energy-Economical-Transportation (SWEET) networks. The societal network is the backbone of this model. It is considered as a network that makes communication between all the interdependent networks easier. The agents of this network would be entities capable of transporting information and spreading knowledge among the interdependent networks. This type of network would be particularly useful when facing networks that have their own data policy, making it hard to access information. With such a model based on data sharing, data analytics tools like machine learning could lead to optimal decision-making and use of resources for all networks.

Percolation theory also appears to be an interesting potential solution for the study of interdependent critical infrastructures. This geometric method is based on the study of the behaviour of the different components of a graph when nodes or edges are randomly deleted.

The percolation theory was introduced to study network stability, its robustness being sometimes associated with the critical percolation threshold, which is the minimum number of nodes or links removed leading to the complete collapse of the network [START_REF] Havlin | Percolation of interdependent network of networks[END_REF]. Although the applications of percolation are generally done on infinite and monolayer graphs, we can also apply this theory for interdependent networks of finite size as shown in [START_REF] Radicchi | Percolation in real interdependent networks[END_REF]. Dong et al. [START_REF] Dong | Measuring the Topological Robustness of Transportation Networks to Disaster-Induced Failures: A Percolation Approach[END_REF] even use percolation theory as a topological method to assess the robustness of a road network. However, this study does not consider interdependencies with other networks, but simply the direct consequences of the hazards that could disrupt the transport network operation. The consequences of snowfall or any other disturbance of human or natural origin could, for example, lead to the blocking of a road.

Power grid and transport networks 2.3.1 Electric cars

Electric power and transport networks are the two critical infrastructures involved in this work, and the interdependences between them are very wide and diverse. The growing fleet of electric vehicles might even be enough to justify the growing interdependencies between these networks. Electric cars can even be considered as the main connecting point between power and electrified transportation systems. Indeed, on the one hand, their routing optimization affects and is affected by traffic conditions and infrastructures. On the other hand, their battery charging optimization affects and is affected by the electrical load in power systems [START_REF] Amini | A Panorama of Interdependent Power Systems and Electrified Transportation Networks, Sustainable Interdependent Networks II: From Smart Power Grids to Intelligent Transportation Networks[END_REF].

Several events highlighting the vulnerability associated with these interdependent transport and power distribution infrastructures exist. As an example, in May 2018, power grid maintenance caused the malfunction of more than 500 charging poles in 5 charging stations in Shenzhen, China. Consequently, nearly 2,700 electric taxis couldn't recharge in time, causing long queues at the charging stations [START_REF] Wei | Interdependence between transportation system and power distribution system: a comprehensive review on models and applications[END_REF].

Consequently, the growing fleet of electric cars needs to be studied carefully because, managing the current fleet being already a challenge, it will be even more complicated after a high penetration of Plug-In Electric Vehicles (PIEV). It will get more and more complicated to establish the optimal routes for electric cars since they depend on many parameters, such as traffic congestion, locations of fast charging stations or price of electricity at these stations [START_REF] Wei | Interdependence between transportation system and power distribution system: a comprehensive review on models and applications[END_REF]. The uncontrolled charging of so many vehicles deteriorate the load forecasts, making management complicated for electrical infrastructures owners. Amini et al. [START_REF] Amini | Optimal Reliability-based Placement of Plug-In Electric Vehicles in Smart Distribution Network[END_REF] highlight the importance of controlled scheduling and allocation of PIEVs in such a context.

In summary, there are several optimization issues related to electric cars that need to be addressed in order for urban infrastructures to be prepared in handling the incoming growing fleet. In the next section, we'll see that public transport systems are also facing important interdependence issues, as they are more and more electrified.

Interdependences between electricity and transportation networks

In the previous section, we justified the existence of electrical interdependencies associated with electric cars, but this also applies to the rest of the transport system. The dependence of the public transport network on the power distribution is obvious, but dependences in the reverse direction also exist. Indeed, public transport systems such as railway consume a large amount of electricity, which puts significant strain on the electricity network since urban cities are dense and their transport services increasingly rich. In addition, during maintenance or repair work on electrical components, it is necessary to consider the condition of transport infrastructures because the movement of equipment and personnel over a specific area could be necessary [4].

When it comes to studying the performance of public transport systems, it is essential to consider the impact of power outages. For instance, this is shown by two vulnerability analyses that were carried out on the Swedish National Power transmission and Railway system. The former [START_REF] Johansson | Vulnerability analysis of interdependent critical infrastructures: case study of the Swedish railway system[END_REF] addresses a three-perspective approach, which we described in section 2.1.3, to best identify the interdependences. In this context, global vulnerability analysis aims to determine which systems are the most critical for the overall functioning, critical component analysis highlights the most vulnerable components that need to be strengthened and protected, and finally geographical vulnerability analysis finds out critical geographical locations where components could all be affected at the same time by natural disasters like earthquakes [START_REF] Johansson | Vulnerability analysis of interdependent critical infrastructures: case study of the Swedish railway system[END_REF].

The second paper [START_REF] Svegrup | Vulnerability Analyses of Interdependent Critical Infrastructures: Case study of the Swedish National Power transmission and Railway system, Safety and Reliability of Complex Engineered Systems[END_REF] is a kind of follow-up to the first, published several years later, with a refined model and larger case study. The conclusion is that disturbances in the power grid have high chance of causing indirect consequences on the Swedish railway system. If only direct internal consequences are considered when assessing a system vulnerability, the total consequences are underestimated, since the indirect ones are significant, being associated with interdependencies and cascading failures.

These interdependencies are therefore essential to consider, but given power and transportation networks, how can they be established in practice? To provide answers to this question, we'll describe how interdependences are introduced in four papers related to resilience assessment of interconnected transport and electricity systems. The characteristics of these studies will then be discussed in next section. One possible general approach described in [3] is to divide interdependences into four types. The first indicates the reduction in capacity that would be induced by the failure of an asset. The second represents the possible propagations of disturbances contrary to the third type, which has immediate effects through logical connections. The fourth interdependency type indicates that the use of an asset should be reduced, or its repair deferred until sufficient resources are available. Fotouhi et al. [4] apply a mathematical approach to capture interdependences related to a road network, through a set of equations that link variables by logical constraints. As an example, one equation determines the functioning state of traffic signals under a specific scenario, and this can then lead to a link capacity reduction. Zou et al. [START_REF] Zou | Enhancing resilience of interdependent traffic-electric power system[END_REF] distinguish three interdependency types for road and power networks. The first and second types are dependencies of the road network on the power grid, respectively evaluating whether traffic lights are working and whether a fallen power tower is blocking a road. The third type is associated with accessibility to damaged sites for reparation. Bellè et al. [START_REF] Bellè | Modeling and vulnerability analysis of interdependent railway and power networks: Application to British test systems[END_REF] consider the railway network depends on the traction power network, for track supply, and that each substation of the traction power network depends on the closest external power network node, for electricity supply. The relations are unidirectional: disturbances are modelled by edges removal from the external power network, thus affecting the traction power network and the railway network by cascading failures.

It is also worth mentioning that there are studies related to transport system resilience which don't implicitly consider interdependences with the power network. For instance, Johansson et al. [START_REF] Johansson | Contrasting critical infrastructure resilience from Swedish infrastructure failure data, Safety and Reliability -Safe Societies in a Changing World[END_REF] work with empirical failure data of various critical infrastructures, accounting for disruptive events due to interdependences via their direct consequences. This is a retrospective approach that has limited predictability for the resulting resilience of not yet experienced strains. This consequence-based approach is also reminiscent of the robustness study using percolation in [START_REF] Dong | Measuring the Topological Robustness of Transportation Networks to Disaster-Induced Failures: A Percolation Approach[END_REF].

Resilience assessment and improvement

Table 1 provides an overview on the methodologies applied in the papers related to resilience assessment and improvement of interdependent transportation and power networks. It can be observed that each of these studies considers a single mode in the transport network. Moreover, they all address a dynamic approach to assess the resilience of the system. As part of our topological study, we will focus on a static approach to study the robustness of a multimodal transport network. 

Network robustness measures

In order to assess network robustness, Freitas et al. [5] focus on graph-theory based robustness measures of interconnected networks. For studies associated with transport networks, they suggest applying highly interpretable network analysis tools such as Average Distance, Average Vertex Betweenness, Global Clustering Coefficient or Largest Connected Component. They add that spectrality-based measures can complete the previous ones, like Spectral Gap for example.

Let's introduce each of these measures and their relevance with transportation networks.

Average Distance

The distance 𝑑 between two vertices (𝑢, 𝑣) of a graph 𝐺 is defined as the length of the shortest path linking these two vertices. The Average Distance 𝑑 of a graph is the average of the distances associated with all its pair of nodes. Let 𝐺 = (𝑉, 𝐸) denote the graph, where 𝑉 and 𝐸 are the sets of vertices and edges respectively, and 𝑛 the cardinality of 𝑉. In the case of our study, we will consider ordered pair of nodes. Indeed, going from station 𝑢 to station 𝑣 won't be considered the same as going from 𝑣 to 𝑢, because we are considering multimodality and 

• Scenario tree (4)

• Minimum cost flow approach in response to disturbances (5)

Calculation of resilience by a two-level model with linearized stresses

Flow-based simulations for cascading failures [START_REF]Répartition sectorielle des émissions de CO2 dans le monde, Chiffres clés du climat[END_REF] Illustrates the difference between the value of infrastructure services requested and provided. The demand and supply of both journeys and electricity are considered.

(2) Each simulation minimizes the total travel time by being subject to constraints of budget, traffic flow or infrastructure inoperability.

(3) Metaheuristic that progresses iteratively towards the global optimum of the objective function. The latter aims to maximize resilience.

(4) This method generates simulation scenarios according to the probability of their occurrence, thus accounting for stochasticity.

(5) Linear programming is used to model the redistribution of people flows and the optimal deployment of repair resources.

interconnection times might differ depending on the trip direction. Therefore, Average Distance is defined by the next equation:

d = 1 n(n -1) ∑ ∑ d(u, v) v∈V v≠u u∈V ( 1 )
This measure is very consistent with the study of a transport network because the electrical failure of a substation can lead to a reduction in the capacity of a line, thus increasing travel time, which would lead to a larger Average Distance. In sum, a lower Average Distance indicates a better network robustness [5].

Average Vertex Betweenness

The vertex betweenness of a node is the number of times this vertex is crossed by the shortest path between two nodes of the graph, out of the total shortest paths between all pair of nodes. This notion can also be applied to edge betweenness. A high value of Average Vertex Betweenness 𝑏 𝑣 would mean that a small subset of the nodes of the graph are crossed by several shortest paths of the graph. Consequently, if these central nodes, which can be associated to public transport stations, get disconnected because of a power outage, then the distance of several shortest paths would increase substantially. A low centrality value is therefore synonymous with better network robustness. As a matter of fact, average betweenness centrality is directly related with Average Distance according to [5], through the relation described by Equation ( 2 ).

𝑏 𝑣 = 1 2 (𝑛 -1)(𝑑 + 1) ( 2 ) 

Global Clustering Coefficient

This measure describes how well the nodes of a graph tend to cluster together. It is related to the number of triplets of nodes in the graph, which are defined as three vertices connected by either two edges or three edges. The triplet is considered open in the first case, and it is closed for the second -a triangle. A larger number of triplets in the graph is significative of a larger Global Clustering Coefficient, and a better robustness [5]. Indeed, if we disconnect an edge of a triangle, the three vertices remain connected. Basically, the more lines in a transit network connect at different locations, the more alternatives there will be when a line fails, so the better the robustness.

Largest Connected Component

The objective of the Largest Connect Component measure is to find the largest connected subset of a graph 𝐺. Mathematically, the Largest Connected Component 𝑉 𝐿𝐶𝐶 can be defined as the largest subset of 𝑉 such as for each (𝑢, 𝑣) ∈ 𝑉 𝐿𝐶𝐶 , there is a path from 𝑢 to 𝑣 in 𝐺 [5]. In the simple example illustrated in Figure 2, 𝑉 𝐿𝐶𝐶 = [0,1,4,5] and the associated measure is This measure can be interesting when applied to a transit network, or another transport system, whose operation is disrupted on a large scale. Largest Connected Component then highlights areas that are not accessible due to damaged infrastructure. 

Spectral Gap

Spectral Gap is defined as the difference between the two largest eigenvalues of the adjacency matrix associated with the graph. This measure is less interpretable than the previous ones, but still is an interesting for graph robustness assessment. Indeed, a large value of Spectral Gap is representative of a network with good expansion properties, whereas a smaller value indicates with bottlenecks and bridges [5].

These five robustness measures will be addressed again in section 3.2.4, to highlight which ones are the more relevant with my model.

Capacity reduction of public transport

This section covers the last related literature area that has been of interest for this study, namely the capacity loss of public transport lines. When the power grid suffers a breakdown which has repercussions on the operation of the transit network, this does not always imply a disconnection of a transport line. In fact, the line can keep operational with reduced capacity. Capacity is defined as the number of vehicles passing through a certain station in a given period [START_REF] Cats | Beyond a complete failure: the impact of partial capacity degradation on public transport network vulnerability[END_REF]. This is directly related to frequency: when capacity reduces, frequency increases. The objective of this section is to understand the existing ways of modelling capacity loss.

𝑇 𝑓 = 𝑇 0 (1 + α * ( 𝐹 𝐶 ) β ) ( 3 ) 
The first idea I had was to use the Bureau of Public Roads (BPR) function, which relates travel time to flow, defined in Equation ( 3), where 𝑇 𝑓 is the observed travel time, 𝑇 0 is the free-flow travel time, 𝐹 is the observed frequency, 𝐶 is the given link capacity, α and β are estimated parameters [START_REF] Raux | Modélisation du trafic routier et calcul des temps de parcours sur un réseau de transports collectifs urbains, report[END_REF]. Unfortunately, this formula is usually applied to road traffic and can't be extended to public transport. To prove this, let's consider two cases: 𝐹 1 = 0, 𝐹 2 = 𝐶. The first case refers to empty vehicles, whereas the second case indicates that the public transport is running at full capacity. In both cases, there is no speed reduction for a public transport line like the metro in practice, while road traffic would be affected. With the BPR formula, these cases lead to 𝑇 𝑓,1 = 𝑇 0 and T f,2 = T 0 (1 + α) ⟹ α = 0. This means 𝑇 𝑓 = 𝑇 0 ∀𝐹. But the latter equation can't be used to consider cases where 𝐹 > 𝐶, which would be cases of interest in our study as high values of frequency will be assessed as a result of power grid disruptions.

Therefore, reduction in public transport can't be addressed using the same tools as for road traffic flows. Cats et al. [START_REF] Cats | Beyond a complete failure: the impact of partial capacity degradation on public transport network vulnerability[END_REF] precisely shows the complexity related to the study of capacity reduction when it comes to public transport, because many nonlinear properties step in. They study the consequences associated with capacity reductions by establishing a non-equilibrium dynamic public transport operations and assignment model. The case study, which is an application to the Stockholm rapid public transport network, shows that the reduction in frequency leads to a greater number of passengers boarding and alighting, which results in significant delays. As the number of passengers increases, vehicles can also be full, which prevents some passengers from boarding and therefore creates queues at busy stations. This therefore encourages users to use less direct and less attractive lines, which are not prepared to receive so many passengers, thus creating congestion also on the secondary axes.

This multiplicity of possibilities for a passenger to take a path that connects several stations of a network is referred to as Common lines problem. Several studies deal with this problem and investigate passenger assignment in a congested transit network, employing frequency-based dynamic models [START_REF] Cea | Transit Assignment for Congested Public Transport Systems: An Equilibrium Model[END_REF], [START_REF] Cominetti | Common-Lines and Passenger Assignment in Congested Transit Networks[END_REF]. There are also papers focusing on evaluating the queuing time faced by passengers at congested transit stops, using frequency-based dynamic models as well [START_REF] Trozzi | Dynamic User Equilibrium in Public Transport Networks with Passenger Congestion and Hyperpaths[END_REF].

In summary, the study of public transport congestion is a complex problem that requires dynamic tools. Our study focuses on a topological and static approach for the evaluation of robustness, thus we will take inspiration from the studies mentioned in this section and will consider that a reduced capacity is directly associated with a drop in frequency, which will only affect the waiting time according to the formula 𝑡 = ), inspired from [START_REF] Raux | Modélisation du trafic routier et calcul des temps de parcours sur un réseau de transports collectifs urbains, report[END_REF], where 𝑡 is the waiting time in 𝑚𝑖𝑛 and 𝐹 is the frequency in 𝑣𝑒ℎ/ℎ. We will therefore neglect the dynamic assignment of passengers and over-queuing.

Innovative contribution

To conclude this section on the literature review of various topics associated with my research project, resilience of interdependent transport and electricity networks is a recent and complex subject, which requires that we concentrate our efforts there, in order to obtain efficient and prepared infrastructures, to face the growing electrification of transport.

The studies mentioned will obviously not all be directly used in the context of our study since we will address a static approach. Indeed, the purpose of this literature review was also to go beyond the limits of our topic, to understand all the associated stakes. Having analysed these studies will also be very useful to me in preparation for my PhD project.

Still, I think that this master's thesis work addresses some gaps in the literature, because the topological robustness assessment of public transport is a subject that is little covered in the current studies, especially when it comes to considering multimodality.

Methodology

Data and material

Transport data

In order to build our model, the source of data which was most important is first of all the rail network map of Stockholm (cf. Appendix A, page 49). This map is publicly published by Storstockholms Lokaltrafik (SL), the public transport authority of Stockholm. This map illustrates ten different lines:

-the three metro lines: Blue, Red and Green lines -the four tramway lines: Spårväg City, Nockebybanan, Lidingöbanan and Tvärbanan -the two light rail lines: Saltsjöbanan and Roslagsbanan -the commuter rail line: Pendeltåg These lines are those on which this work will focus, thus putting aside the road, the bus and the ferry networks. There are, of course, interdependences between these networks and the power grid as well, such as those associated with traffic lights and charging stations discussed previously. However, the impacts of electrical disturbances are very different for this kind of interdependences. Indeed, the traffic is affected when a traffic light fails, but it is rare that it causes certain routes to be blocked. And that is actually what our topological work is about: removing nodes or edges on the modelled network and evaluating the resulting robustness. We can imagine that this type of approach could be applied in the case of fully electrified trolleybus lines, but this is not the case in Stockholm.

In order to evaluate the average travel time of the studied lines or their frequency during peak hours, I was provided General Transit Feed Specification (GFTS) data. These are standardized timetables streamed out to be used by third parties and represent the scheduled arrival and departure times of public transport lines, they are used by several routing apps. More specifically, I had access to public transport timetables for the months of January and February, in 2019 and 2022.

Table 2 illustrates what this data looks like. Each trip is characterized by a trip ID, thus grouping the arrival times at each station for this trip. The stations are represented by numbers and not names, but I had access to a table giving the name, the type and the geographical location associated with each of these station numbers. An overview of the data associated with stations is represented in Table 3. The manipulation and preparation of this data was particularly tedious, in particular to match the names of the stations from the Stops data with the ones associated with my modelled network. Indeed, many stations did not respect the same format. For instance, some capital letters did not correspond, and even sometimes, a station was divided into several sub-stations, depending on whether it was the north entrance or the south entrance. I therefore had to understand all these irregularities in order to correct them automatically, without having to consider each of the stations on a case-by-case basis.

Last but not least, I have been working with OpenStreetMap data, through the Python library OSMnx [START_REF] Boeing | OSMnx: New Methods for Acquiring, Constructing, Analyzing, and Visualizing Complex Street Networks[END_REF], to visualize and use Stockholm's road network. This library will be explored in more detail later on. 

Power grid data

To improve my knowledge on electrical networks, my supervisor Patrik sent me the materials of his course on Reliability Evaluation of Electrical Power Systems. Along with the state of the art, which was the first research phase of my internship, I was therefore working on the slides for this course. After a few weeks, the objectives of my research became clearer, and since I was not going to model the electricity network but simply consider the impacts of its disturbances on the public transport network, we considered there was no need for me to continue taking this course. Nevertheless, it was useful to me since it introduced me to various notions such as how the Swedish power distribution systems work. Hydro and nuclear power are the main sources of electricity generation in Sweden, supplying the high-voltage stateowned transmission lines that connect the country over large distances but also to other countries in Europe. As for regional and local power distribution, they are associated with weaker voltage and their ownership is more complex. Local power distribution is covered by more than 150 Distribution System Operators (DSO) in Sweden, either state-owned or private structures. I also learned some basics associated with reliability analysis of power systems, from mathematical functions to Markov model or reliability indexes as SAIDI or SAIFI. The latter are respectively the average number of outage duration or experienced interruptions for each customer.

After a few discussions with my supervisors on my research objectives, we quickly draw the conclusion that it was too ambitious for me to try modelling the electricity network that supplies the transport lines. Indeed, this network is too wide and complex, and above all, the associated data is protected and therefore difficult to access. It would have been over time-consuming to work on the construction of a realistic electricity network for a 20-week internship only. But in order to make relevant assumptions on how the electrical disturbances affect public transport in Stockholm, I decided to contact experts working in this field. This task is one of those that took me the most time because finding experts whose profile matched my research was laborious. By word of mouth with researchers or by using the LinkedIn platform, I contacted more than 50 people at the end. Error! Reference source not found. illustrates the main organization structures that I contacted. Not every expert answered, but several accepted to answer my questions or even agreed to meet. For confidentiality reasons, I won't mention their names, but here is a summary of the main discussions that gave me a better understanding of how the electricity grid connects to public transport network in Stockholm. The first important discussion I had was with an expert working as a Senior Data Strategist for Vattenfall. For instance, he told me about the n-1 criterion and redundancy, two notions linked to reliability which illustrate the possibility for an electrical component to be replaced when a disturbance prevents it from functioning. He also explained how failures in a power grid can be identified using disconnectors, how the management of the electricity network is organized among the various Distribution System Operators (DSO) in a territory. Finally, we discussed existing map tools to visualize power grids, as Open Infrastructure Map or Copper Sushi. At the time we met, the research objectives of my internship were not set yet, so we didn't go into detail about my model, but still, it helped me to better understand the context of my study.

Among the few responses I got over the next few weeks, not all of them were even helpful, as it was complicated to contact the right people. An Asset Reliability Engineer working for Vattenfall told me that he didn't have access to the power grid information any longer and couldn't help me. A technical specialist working for another DSO, Ellevio, had some answers to my questions, but he explained that Ellevio is just providing power to Storstockholms Lokaltrafik (SL), meaning that I needed their permission so that I could know how their power supply demands get fulfilled. It was at this stage, when several weeks had passed since the beginning of my work, that the decision was made to restrain the study and consider the electricity network only through the consequences of its breakdowns on public transport. But the remaining challenge was to understand how to model these consequences. For instance, can one electric substation feed several lines associated to different modes? What would be the lines' response to outages of the substations supplying them?

Then, an Electric Power Engineer at Vattenfall told me he doubted that subway and railway could be supplied by the same substations. He also explained that subway works with direct current (DC) and is fed from local grids, whereas normal railway needs frequency conversion and is often fed with higher voltage, from sub transmission of regional grids.

The discussion that helped me the most for the framework of my model was then with another expert, who is a Power system engineer at Trafikverket. He listed the different voltage values associated with each transport line. He told me that a train needs two different types of supply to operate: auxiliary and traction supply. The first is mainly related to the signalling system, whereas the latter is associated with the power needed for the train to move forward. Less power is required for auxiliary supply, making it more redundant. In line with what the previous expert told me, he said it is very unusual that a substation feeds different transportation modes, because the needs are totally different. He also sent me a map showing the two main substations feeding the commuter railway tracks, namely Pendeltåg. This map might be confidential; therefore, I am not inserting it here. If one of these two substations fails, the train will keep operational, but with a lower capacity. Unfortunately, he didn't know about the other transport lines since the Pendeltåg tracks are owned by Trafikverket and not by SL.

A professor of Electric Power Engineering at KTH confirmed this important information related to the Pendeltåg line. He added that the other lines are DC fed by rectifiers from various parts of the power grid, and that it was needed to know which part of the power grid feeds each DC rectifier in order to understand how the system would be affected by a specific disruption in the alternative current (AC) grid.

At that point, I was thinking that it would be interesting to extend the information I had learned for Pendeltåg to the light rail, tramway and metro lines that are operated by SL. But then, an expert working for SL with a long experience on electric grid operations told me that these lines were supplied by more than 100 rectifier stations in Stockholm supplying primarily traction power. It is a system with good redundancy, that can survive losing rectifier stations without significant impact on the lines operation. However, considering all these rectifier stations in my model would be extremely challenging as I have no information on their location neither their power supply. Therefore, this expert thinks that it would be a relevant starting point to consider that there are two main substations for each line, as it is for Pendeltåg.

The last main discussion was several weeks after these exchanges, with another electrical engineer working for Trafikverket. We mostly talked about the redundancy of Pendeltåg. He showed me a large map of Sweden point out the location of all the main substations of the high-voltage transmission lines, and there was an indication of how well-redundant each of these substations are. The two main substations supplying Stockholm that I had heard about were indeed included, and of course, they were particularly redundant, with several back-up components to ensure reliability. I asked him about the main disruption risks, expecting it to be related to flood or wind, but he answered that it was birds. Indeed, these substations are very well protected from natural hazards, with various preventive defences, accounting for snowfalls in the North of Sweden for example.

To summarize, even though these exchanges required a lot of time, they helped me a lot to understand better how the power grid connects to the public transport of Stockholm. I understood that the main transport infrastructures are relatively well protected and prepared to face electrical disturbances. Nevertheless, for the sake of this study, it is necessary to consider critical situations where one or more substations would breakdown. Regarding the consideration of the substations, these discussions with experts taught me that considering only a few main substations for each public transport line would be sufficiently interesting, because trying to represent all the rectifier stations would be too ambitious. The following section precisely describes the model that was finally established.

Modelling approach

Networks modelling

As it has already been discussed previously, graphs are a very useful tool to study networks. Figure 4 shows a simple example to describe the link between a graph, which could represent a real transit network, and its adjacency matrix. The nodes and links of the graph respectively represent the stations and the lines of a transit network. The associated adjacency matrix 𝑀 is defined as 𝑀 𝑖,𝑗 = { 1 𝑖𝑓 (𝑖, 𝑗) ∈ 𝐸 0 𝑒𝑙𝑠𝑒 . In the case of undirected links, 𝑀 is real and symmetric, therefore diagonalizable. This proves the existence of eigenvalues, thus the validity of the Spectral Gap robustness measure.

Figure 4 -Adjacency matrix of a network

In order to compute and study networks, we will use python library NetworkX. For the sake of our study, we will consider weighted graphs, which means that each link of the graph is associated with a value 𝑤 𝑖,𝑗 . The resulting adjacency matrix is 𝑀 𝑖,𝑗 = { 𝑤 𝑖,𝑗 𝑖𝑓 (𝑖, 𝑗) ∈ 𝐸 0 𝑒𝑙𝑠𝑒 . The metric that we'll be considering in this topological work is basically travel time, because considering budgetary constraints or flow-based techniques would require more data and dynamic tools. We assume that our graph is undirected, meaning that the travel time between two consecutive stations is the same in both directions.

The GTFS data presented in section 3.1.1 made it possible to assign a travel time value to each link of our transit network, which contains the 10 different lines of the SL rail network map (cf. Appendix A page 49). The approach consisted in considering that the public transport system is working at full capacity, meaning that the electrified transport network is stressed and more vulnerable to disruptions. In this line, it was arbitrarily decided to calculate the average travel time of each line on a weekday, Tuesday the 18 th of January 2022, between 7:00 and 9:00.

Power grid assumptions

As a conclusion of the various exchanges I had with experts, which are summarized in section 3.1.2, it was decided to classify the 10 lines of the railway network into 7 layers, one of them gathering the four tramway lines, the six other being unchanged. We therefore have a multilayer network, and each of these layers are interconnected, based on the joint stations. Figure 5 illustrates these interconnections, with the example of three lines from the rail network map: Tvärbanan, Blue line and Green line. These interconnection links will also be weighted based on the line capacity, to account for waiting times at interconnections. Finally, we consider that there are two electric substations supplying each of these layers independently. There are therefore two disruption scenarios for each class. The first is when one substation fails, then we consider that the capacity of the associated layer will be reduced.

On the other hand, if both substations associated to that layer fail, this layer is disconnected. Note that tramways were gathered in one layer because their routes are smaller and thus may require less power supply than bigger lines, such as the commuter rail line Pendeltåg. Next section goes into more detail on these two disruption scenarios.

Disruption scenarios

• Capacity reduction

When one of the two substations associated to a layer breaks down, we'll consider that the capacity of the associated line, or lines in the case of the tramway layer, gets reduced by half.

With the example of railway, this means one out of two trains doesn't run. Therefore, the frequency is divided by 2. We consider that the travel speed of each line is not affected, but passengers waiting time at stations will increase. For simplification reasons, we also neglect over-queuing effect and passenger assignment that we mentioned in section 2.6. Regarding our graph, the weight of the links which are internal to the layers therefore remain unchanged, but the weight of the interconnection links will increase. Details on these link weight calculations will be addressed in section 4.2.1.

• Line disconnection

When both substations associated to a layer fail, the associated line will disconnect. For the sake of applying robustness measures on the same graph structures, we consider that a line disconnection doesn't change the components of the graph structurally. Instead, the weight of each link that is Indeed, we assume that there is a shuttle service that replaces the disconnected layer, using the road network and serving each of the stations at the speed that a bus would take, accounting for the stopping time at the stations and the congestion road. Library OSMnx is the main tool helping us carrying this out, as it gives access to the road network of Stockholm, with several parameters for each road link, such as distance, free-flow travel time or speed limit. Figure 6 illustrates the three states of operation, by considering that the layer associated to Red line is affected, with the example of the trip going from station Nacka (Satlsjöbanan) to station Bodal (Lidingöbanan). The difference between the first and the second cases is that the commuter will have to wait more at station Slussen, where the connection between Satlsjöbanan and Red line occur. Indeed, the capacity of the latter is reduced in that scenario. Regarding the last case, the whole Red line stopped functioning and was replaced by a shuttle (black line). The shuttle has to make detours and deal with road traffic conditions in order to serve each station, so the travel time is much longer.

Robustness measures

Now that we know more about the model framework, we can discuss the five robustness measures we introduced earlier [5]. First, Global Clustering Coefficient is a measure that is entirely based on topology since it describes the clustering quality of the nodes in a graph. Therefore, this measure doesn't consider the weight on each edge, thus doesn't seem to fit well with our model. One possibility could be to use it as a secondary measure, which wouldn't consider the three states of operation of a line, neither the line replacement by a shuttle, but which would simply be used to compare Global Clustering Coefficient of the reference network with the ones associated to line removals. However, applying this measure in this way doesn't capture robustness as we intend to. Figure 7 proves that we can get better values of Global Clustering Coefficient (GCC) when we remove components of a graph. Note that GCC is defined as the number of closed triplets divided by the total number of triplets, meaning that the best expected robustness would be 𝐺𝐶𝐶 = 1, and the worst would be 𝐺𝐶𝐶 = 0. At the end, we won't use GCC measure in our study. Regarding Largest Connected Component (LCC), according to Figure 7, it seems to be a more appropriate robustness measure than GCC for our study, when we consider that a line disconnection removes the associated links and keeps the unreachable nodes in the structure. However, in our model, the structure of the network is affected only when two substations of the same layer are affected, which leads to line disconnection. Therefore, the outcomes of this measure are predictable for our model: the proportion of accessible nodes will be the lowest when we disconnect a line that has a lot of isolated stations. It would have made more sense if we were considering that the consequences of power grid disruptions could affect a line partially, disconnecting only a few links. Therefore, we won't use LCC neither.

At this point, we aren't sure yet of how relevant Spectral Gap will be. Indeed, it is related to the eigenvalues of the adjacency matrix, and the latter is affected by each of the three states of operation of a layer, since these three states differ by the link weights on the associated graph.

As the three different states of operation differ by the weight of the links of the graph, Average Distance seems to be the most relevant robustness measure for our study. Indeed, we expect this measure to be able to highlight that the robustness is best when the transit network operates without issue, then the robustness would be weaker when a substation fails, and even weaker when two substations of the same layer fail. By the way, our metric is associated with travel times, which means that the distance between two nodes in the network is the travel time between the two related stations. However, we will keep referring to this measure as Average Distance to avoid ambiguities.

Finally, we won't consider Average Vertex Betweenness because it is directly related to average distance according to Freitas et al. [5].

Model outline

As a conclusion to this comprehensive description of our modelling approach, let's summarize its main features. The model can be considered static in the sense that we consider neither travel demand, flow-based simulations nor passenger assignment. A topological approach is carried out to assess the robustness of the network, using Average Distance as the main tool, a measure based on graph theory. The networks considered in this model are the power grid and the multimodal rail network of Stockholm. The transport system is modelled by a multilayer graph, where the 10 initial lines were divided into 7 layers. The relation to the power grid, which we don't model explicitly, is considered through unidirectional dependencies. Indeed, we consider that there are two main substations supplying traction power for each layer: when one fails, the associated line loses capacity; and when both fail, the line is replaced by a shuttle driving on road network. The main purpose of the Average Distance measure will be to apply it on the reference network, to assess robustness when the public transport operates normally, and then to compare it with the robustness related to several scenarios of disruptions. We will then be able to highlight which public transport lines are the most vulnerable to electrical breakdowns depending on the disruption scenario.

To make the connection with some notions introduced in the related literature in section 2, we are employing a graph-theoretic quantitative methodology [4] to address the dependencies of the transport system on the power supply. Our approach of considering multiple disruption scenarios recalls critical component analysis [START_REF] Johansson | Vulnerability analysis of interdependent critical infrastructures: case study of the Swedish railway system[END_REF], which tends to identify the most vulnerable components of the system. It can also recall the robustness assessment study based on percolation [START_REF] Dong | Measuring the Topological Robustness of Transportation Networks to Disaster-Induced Failures: A Percolation Approach[END_REF], which intended to remove a fraction of the network's components and reevaluate its functionality. The flowchart of Figure 8 illustrates the algorithm that was computed to create the graph, given the number of operational substations on each layer. The consideration of capacity reduction and line disconnection is performed in two main steps. Layer disconnection affects the weights of the links that are internal to the layer and is thus computed in the first phase where each layer is created independently. Capacity loss is considered in the second phase, when connecting each layer by waiting times at shared stations. The values associated with waiting times and shuttle travel time will be addressed in the next section.

This model, of course, has limited outcomes. It would have been more realistic if the approach was dynamic and not only topological, considering passenger flows etc. Furthermore, I am aware that reality is way more complex, especially for the power grid assumptions. It would have been more relevant to consider the power grid with more detail, considering more rectifier stations which influence each other, and that have different redundancy characteristics. I was told that it is very unlikely that a failure will completely disconnect a substation. But the purpose of my study is precisely to imagine the consequences of such breakdowns, to make the infrastructures more prepared.

Results

Networks modelling

The first approach that was addressed to model the transit network was to draw the network manually, using the NetworkX Python library. The goal was to set the position of each node by hand, in order to make it look like the rail network map from SL (cf. Appendix A page 49). The outcome of this modelling approach based on NetworkX was to represent the model, which is illustrated in Figure 9, and to get the associated adjacency matrix, which is useful for applying the Spectral Gap for example. This exhaustive approach was time-consuming and had limited outcomes regarding robustness analysis. Indeed, it was possible to assess the robustness of the reference network through this model when all the lines operate normally, but it doesn't account for line replacement by a shuttle when two substations related to a layer disconnect. Therefore, the goal was simply to represent the SL rail network pas. This is the reason why 10 lines are illustrated in Figure 9; the division into 7 layers was not considered yet.

Then, I got familiar with OSMnx data which made it possible to consider the road network for the line replacement by shuttles. GTFS data gave me access to the geographical position (longitude and latitude) of each station of the transit network. Therefore, it was possible to merge the previous model based on NetworkX with the road network of Stockholm. This task was challenging because of the correspondence of the station names I had computed with NetworkX and the ones from GTFS data. Indeed, many stations did not respect the same name format, because of capital letters or because the station was divided into several sub-stations, depending on whether it was the north entrance or the south entrance. Once I was able to match each station, I could represent the transit network and the road network together, as shown in Figure 10(a). To make the map clearer, I also made a representation of the transit network with the base map of Stockholm, using the tile maps from contextily Python package. These cartographic representations highlight the large difference in scale between each mode. Indeed, the Pendeltåg commuter rail and the Roslagsbanan light rail serve much wider areas, compared to other lines that mainly serve downtown Stockholm. Moreover, this representation highlights the small sizes of the Spårväg City, Nockebybanan and Lidingöbanan tramway lines, which justifies our choice to classify these lines and the Tvärbanan line on a single layer representing these 4 tramway lines. It is also worth mentioning that links and nodes associated with the transit lines were added to the OSMnx road network in order to obtain these representations. Therefore, these coloured edges and vertices are not part of OSMnx; a car can't drive on these links.

Figure 11 completes these network representations by illustrating fictive locations for the two electric substations which supply each layer. For readability reasons, this map doesn't show Pendeltåg and Roslagsbanan, thus considering only the city centre of Stockholm. We can observe that tramway lines were considered as one layer in this representation, because we assume that two substations supply the four tramway lines. The choice for the location of these substations was totally arbitrary because it won't be important for the sake of our study. We are not performing a geographical vulnerability analysis, but a critical component analysis [START_REF] Johansson | Vulnerability analysis of interdependent critical infrastructures: case study of the Swedish railway system[END_REF]. 

Waiting times

In this section, we investigate the value of the weight assignment of the of layer interconnection edges. Inspired by the study of [START_REF] Raux | Modélisation du trafic routier et calcul des temps de parcours sur un réseau de transports collectifs urbains, report[END_REF], we consider that when a line functions properly, the waiting time is half the average headway on this line. Headway is here defined as the duration between two consecutive vehicles on the considered line. For instance, if a metro passes a station every 10 minutes, then the average waiting time at that station is assumed to be 5 minutes. Therefore, the calculation of the waiting time associated to a line is defined by the Equation ( 4) where 𝑡 is the waiting time in 𝑚𝑖𝑛 and 𝑓 the frequency of the line in 𝑣𝑒ℎ/ℎ.

𝑡 = 1 2 ( 60 𝑓 ) ( 4 ) 
For each of the transport lines we are studying, the associated frequency is calculated with empirical GTFS data on Tuesday the 18 th of January 2022, between 7:00 and 9:00. We assume that this weekday period is representative of the transit network operating at full capacity, because it is during peak hours.

With this macroscopic calculation approach, we are assuming that the waiting times are the same for each passenger, because we are not considering passenger flow or passenger assignment. Also, we assume these waiting times are the same for the case where the line is disconnected and replaced by a shuttle.

Let's now focus on the waiting times associated with capacity loss, when one substation of a layer breaks down. As it was addressed in the description of the model, we assume that capacity is reduced by half for this disruption case. It means that frequency is divided by two. Therefore, the resulting waiting time is multiplied by two, as described in the following equation:

t capacity loss = 1 2 ( 60 𝑓 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑙𝑜𝑠𝑠 ) = 1 2 ( 2 * 60 𝑓 ) = 2 * 𝑡 ( 5 ) 
Figure 12 illustrates the average waiting times that were calculated for each layer of our public transport network, for normal operation and reduced-capacity operation. In accordance with what we could have predicted, the waiting times associated with the railway lines are longer. It is worth mentioning that the latter results are based on the consideration of each layer independently and separately. But in our model, waiting times are assessed in the weight of the edges connecting the layers together. This brings us to a challenging point because each edge of our graph has a unique weight, but it can be crossed in two different directions, and the waiting time depends on which line the passenger is going to enter, not this one which he comes out of. This could have been solved by considering directed graphs, but as a matter of fact, this won't be needed for our study. Indeed, our main robustness measure is Average Distance, which considers all pair of nodes of the graph. This means that for every path travel time that will be measured, the opposite path will also be assessed. We can therefore weight the layer interconnection edges by the average of the waiting times associated with both layers. • Option 1 -Shuttle speed of 𝟏𝟓 𝒌𝒎/𝒉

To compare the relevance of each option, we will investigate two extreme scenarios: when all lines operate properly, and when all lines are disconnected. I am aware that the latter is inconceivable because it would mean that all metro, train, and tramway lines of Stockholm are out of function, and that there are enough shuttles to replace each of them with the same frequency. But still, we will consider this scenario as a comparative tool. To evaluate quantitively this approach, we'll focus on the average travel time between two consecutive stations for each layer of our graph independently.

Using OSMnx data allows me to access the distance of each link of the road network. Therefore, I was able to compute the shortest path length between all pair of consecutive stations, for each layer. Then, by dividing this value by the speed shuttle, which is equal to 15 𝑘𝑚/ℎ in this option, we get the travel time between all pair of consecutive stations for each layer. To be more precise on how I computed it, it's worth mentioning that the stations of the transit network are not nodes of the OSMnx road network. Therefore, the travel time I calculated for each pair of stations was, in reality, the travel time to go from and to the closest road network nodes of the stations, which is approximately the same.

To confirm the values that I obtained with this approach using OSMnx, I have been suggested to use Google Distance Matrix API or TravelTime API, but unfortunately, these tools can't be used for free. Figure 14 summarizes the values that were obtained with option 1, by considering each layer of the network independently. We can observe very high shuttle average speeds for some lines, especially Pendeltåg and Roslagsbanan. This is not surprising because they are the lines that cover the largest area; thus, the stations are far from each other. It therefore takes a lot of time for a shuttle moving at 15 𝑘𝑚/ℎ to serve consecutive stations which are far apart. But still, the results are globally relevant since the tramway lines are the ones that are the least impacted, and this could be predicted as they go slower than metro or trains at normal operation, and the tramway stations are closer to each other.

Bus line

• Option 2: Shuttle speed of 𝟏𝟓 𝒌𝒎/𝒉 in the city centre, 𝟑𝟎 𝒌𝒎/𝒉 outside

The two areas associated with this option were defined arbitrarily. It was decided that the city centre would include all the points that are within 10 km of Stockholm Central Station, as it's shown in Figure 15. Metro and tramway lines are mainly located in the city centre area, as desired. Shuttle speed is considered equal to 15 𝑘𝑚/ℎ within this area, and 30 𝑘𝑚/ℎ outside. To compare options with the same basis, a similar bar chart was drawn for this option, represented in Figure 16. Metro and tramway lines were very slightly impacted, whereas the travelling times of the shuttles associated with light rail and commuter rail were highly reduced, namely Saltsjöbanan, Roslagsbanan and Pendeltåg. This is not surprising because we can see that a large proportion of these lines are outside of the city centre area. Regarding Pendeltåg, the shuttle speed value is still high, and is thus more appropriate. However, the shuttles related to Roslagsbanan and Saltsjöbanan are now as impacted as some tramway or metro lines, or even less impacted. Let's see if the last option gives better outcomes.

• Option 3: Adaptative shuttle speed

The objective of this option is to adapt the speed of the shuttles according to the characteristics of the roads they cross during their operation. To carry this out, we will use a OSMnx tool that gives the free-flow travel time for each edge of the road network, based on its length and the maximum speed associated to this road. Of course, this free-flow speed doesn't account for congestion at peak hours or stops at the stations. To consider these traffic parameters, let's focus on the average speeds we calculated for city centre bus lines in Table 4. These speeds were approximately equal to 15 𝑘𝑚/ℎ, and the associated roads crossed by these buses mostly have a speed limit of 30 𝑘𝑚/ℎ. Therefore, the overall average speed of the city centre bus lines is half of the speed limit. Let's now consider that this ratio of contains the information associated with the traffic conditions. Therefore, we assume that multiplying the speed limit of a road by Figure 17 illustrates the bar chart associated with average travel times between two consecutives stations for each layer, when considering shuttle speed based on option 3. The shuttle speed associated with Pendeltåg remains the highest, followed by light rail and metro lines. Contrary to the second option where Roslagsbanan had been over reduced, we can see here that it has the second highest shuttle speed, which seems to be more relevant because this line is wide and runs mainly outside the city centre.

To conclude the comparison of the three methodologies to calculate shuttle speed, option 3 is the one that we will use for the rest of the study because the outcomes associated to this shuttle speed calculation seem to be more appropriate for our model. Indeed, it indicates a very high travel time for the shuttle replacing Pendeltåg, and low travel times for the shuttles replacing tramway lines. Also, it is worth mentioning that all the shuttle travel times are higher than the associated normal operation travel times, showing that normal operation will always be the best scenario.

I am aware that the assumption we made for the calculation of shuttle speed in option 3 leads to an oversimplified approach that does not account for real traffic conditions. But capturing real traffic conditions require having access to a lot of data on the observed speeds for each link. It could also be managed with more dynamic tools, using simulations and Origin-Destination matrix. But this is not the perspective of this work, so we'll assume our approach reflects reality. Anyway, the outcomes of this approach on the operation of the network fit perfectly with the objectives of the model.

Robustness measures calibration

In section 3.2.4, we established that Average Distance would be the main robustness measure of this study, and that we needed to apply Spectral Gap on our network to check its relevance. Therefore, Spectral Gap was applied to the three extreme scenarios of our study: all the lines work properly (Reference scenario), one substation fails for each layer (Reduced capacity scenario) and all the substations fail (Shuttle replacement scenario). According to Freitas et al. [5], the bigger the Spectral Gap, the better the network robustness. The results presented in Table 5 make no sense when we consider our model since they indicate a better robustness for the network where all waiting times at interconnection links are higher. At the end, this measure doesn't seem to work well when applied to weighted graphs, since the structure of the graphs related to the three extreme scenarios are the same. Spectral Gap won't be used for our robustness analysis.

Reference scenario Reduced capacity scenario Shuttle replacement scenario Spectral Gap measure 6.70 16.25 0

Table 5 -Application of Spectral Gap on extreme scenarios

Finally, out of the five measures from [5] that we investigated, Average Distance appears to be the one that fits the best with the methodology applied for robustness analysis. However, the NetworkX module 𝑎𝑣𝑒𝑟𝑎𝑔𝑒_𝑠ℎ𝑜𝑟𝑡𝑒𝑠𝑡_𝑝𝑎𝑡ℎ_𝑙𝑒𝑛𝑔𝑡ℎ that takes the graph as input, and calculates the associated Average Distance seem to have some limits when applied to our networks. First, this measure doesn't consider the waiting time at the first station of a trip, because waiting times are assigned to layer interconnection links. Moreover, this function considers all pair of nodes of the graph without exception, but some of them must be avoided for the sake of our study. Indeed, it would have no sense to consider a trip between the same station from different layers. As an example, station Gamla Stan is a station in both Red and Green metro lines. Therefore, the layers associated to these two lines both have a node related to this station, and there is an interlayer edge between them, weighted by waiting time. Considering a trip going from Gamla Stan of Red line to Gamla Stan of Green line makes no sense. More generally, all the trips where the shortest path starts or ends by an interlayer link have to be avoided, because they don't reflect real life trips.

To compensate for the shortcomings of the NetworkX built-in function, we computed our own measure for Average Distance calculation.

Robustness assessment

Extreme scenarios

In this section, we address a comparison based on extreme scenarios, just like we did for Spectral Gap earlier. The reference scenario is related to the normal operation of each layer, the reduced capacity scenario refers to the whole network working with 50% capacity, and the shuttle replacement scenario assume that all the substations are out of service, which is the worst and nearly impossible case. This first comparison shows how impactful the consequences of power grid outages are on the transit network with our model. Based on this measure, the average trip travel time is 46 𝑚𝑖𝑛 when we consider all the possible trips in the network. This value may seem high at first glance, but it is consistent because the network is large, so even trips from one side of the city to the other are considered. We can also observe that this average travel time is highly affected by capacity reduction, even if it was accounted only by doubling the waiting time at trips connections. Finally, the replacement of the whole network by a shuttle service has a huge impact on travel time, being more than the double of the normal operation one.

More realistic disruption scenarios

Let's now consider disruption scenarios that are more likely to occur, the two previous ones being nearly inconceivable in practice, because there is high redundancy on these substations. Therefore, we will consider four scenarios of disruption in this section.

• Disruption scenario 1: One substation fails

In this scenario, we assume that one substation of one layer breaks down, somewhere in the network. The goal is to know for which layer this would have the most negative impact on the robustness of the whole network. Our approach is therefore to measure the robustness of seven different graphs; for each of these graphs, one layer has 50% capacity reduction while the six other layers work properly. The Average Distance values of these seven graphs are illustrated in Figure 18, as well as the robustness of the reference scenario. As we can observe, is the most vulnerable line when it comes to capacity loss. This is not surprising because, according to Figure 12 (cf. page 32) which illustrates the waiting time associated with each layer, Pendeltåg is the most impacted by capacity reduction when it comes to waiting times. However, this same figure indicates that the waiting times associated with the two light rail lines, namely Roslagsbanan and Saltsjöbanan, are equally impacted by capacity reduction. However, we observe that Saltsjöbanan is the second line least vulnerable to loss of capacity when it comes to measuring the overall robustness of the network.

As Average Distance is a measure that considers all the trips associated with all the pairs of nodes in the network, we could also think that the number of stations within a layer is a parameter that strongly impacts the robustness measurement. Indeed, the more the line has nodes, the more Average Distance considers the layer as origin or destination. But it is more complex than that. For example, the metro Red line contains 36 stations, and the Green line 49 stations. Additionally, the waiting times shown in to Figure 12 (cf. page 32) indicate that the waiting time associated with the Green line is twice as long. Therefore, everything suggests that Green line is more vulnerable than Red line, but the figure above proves the opposite. It is therefore very interesting to note that the metro Red line is the second most vulnerable one, meaning that it is a very busy line when it comes to considering the shortest paths.

It is also worth mentioning that the Average Distance related to the reference scenario is the lowest, showing that capacity loss effectively reduces the overall travel time of all the trips. Therefore, reference scenario is the more robust.

• Disruption scenario 2: Two substations from the same layer fail

In this second disruption scenario, we assume that there is one layer of the network that is disconnected because the two associated substations failed. Just like we did for the first scenario, we will consider separately the impact on the overall robustness of each of the seven cases where one layer is disconnected, and the six other layers operate properly. Figure 19 shows the resulting robustness of each case.

Once again, Pendeltåg is the most vulnerable line, but far ahead of the other lines this time. This could have been expected because this line serves the largest area and at the highest speed, so replacing it entirely with a shuttle service will have a huge impact on the average travel time. Then, we can observe that Red line and Roslagsbanan are the two next most vulnerable lines. For the same reason as Pendeltåg, this is easily interpretable for Roslagsbanan, as it also operates on a large scale. However, it is once again less obvious to explain such an impact on the Red line. Its scale is very comparable to the Green line, however, there is a strong difference in robustness when replacing one or the other with shuttles.

Regarding the other lines, the impact of their disconnection has a relatively small impact on the overall robustness. In particular, we notice that the lines order of vulnerability is no longer the same as in scenario 1, when assuming capacity reduction. For instance, tramway becomes the least vulnerable layer. It is very surprising to observe that for this tramway layer, the reduction in capacity has more impact than the disconnection of the line. In our study, this would mean that the failure of the two substations supplying the tramways would have a greater impact than the failure of just one of them. This obviously seems incoherent, but it can be explained by the small scale of the tramway lines. Indeed, all the stations are close to each other, and the tramway lines operate at a low speed compared to the train or the metro. Therefore, travel time is more impacted by doubling waiting time values, rather than replacing the tramway network by a shuttle service. However, this does not mean that infrastructure managers should replace tramway lines with shuttles when their frequency is reduced due to power cuts. Indeed, our robustness measure does not consider a lot of parameters; setting up such a shuttle service is not simple. Let's now consider a scenario where two substations from two different layers fail. This implies that two layers of the network suffer from capacity loss. A similar approach was applied here, considering all possible permutations of layer pairs in the network. To be more precise, let us remember the flowchart describing the algorithm used to program the graph which represents the network accounting for the state of operation of each layer (cf. Figure 8, page 28). The input of this algorithm is a 7-tuple {𝑥 1 , 𝑥 2 , … , 𝑥 7 } where 𝑥 𝑖 describes the number of disrupted substations of layer 𝑖, and therefore its operating state. In scenario 1, we implicitly considered all the permutations of the 7-tuple {1, 0, … , 0}, in scenario 2 those of {2, 0, … , 0}. Here, we consider permutations of {1, 1, 0, … , 0}. This represents The associated robustness assessment is addressed in Figure 20. For better readability, each case is associated with one bar which is drawn using two colours, each representing one of the two layers that is considered affected by capacity reduction. The order of the colours does not matter in this representation. As with the previous bar charts, the bars were arranged in order of their robustness to better discern critical cases.

(min) These results first reveal that the maximum value of Average Distance in this scenario is 50.99, which exceeds the robustness measured when either Blue line, or Saltsjöbanan, or Green line, or the tramway layer is disconnected and replaced by shuttles. However, disconnecting either Red line, Roslagsbanan or Pendeltåg has much more impact on the network performance.

We can also observe that no single scenario significantly stands out from the others, the evolution of Average Distance is relatively progressive depending on the case studied. In terms of vulnerability, the conclusions that emerge from this figure follow the same logic as for scenario 1 since we have simply gone from one faulty substation to two faulty substations. Indeed, even if it depends on the pairs of layers considered, Pendeltåg, then Red line, then Roslagsbanan are overall the most vulnerable lines since they are involved in the cases associated with the greatest values of Average Distance.

• Disruption scenario 4: Two substations of the same layer and one other fail

In this last scenario, we assume that one layer of the network is disconnected and replaced by a shuttle service, and additionally, one other layer suffers a loss of capacity. We are thus considering the permutations of the 7-tuple {2, 1, 0, … , 0}, which cover 7 * 6 = 42 possibilities.

As for the previous scenarios, we will compare the results based on a bar chart. Contrary to the previous representation, the order of the bar colours is important here; the colour on the left refers to capacity reduction, and the one on the right represents the disconnected layer.

We can first observe that, overall, three main intervals of robustness stand out: [47.5 , 52.5], [54.5 , 58.5] and [64. 5 , 66]. Each of them is associated with one of three main intervals that we distinguished in scenario 2. Indeed, when one layer is disconnected and one other suffers capacity reduction, then the resulting robustness is mainly affected by the disconnected line. Therefore, all the cases where Pendeltåg is disconnected are associated with a higher Average Distance, then Roslagsbanan and Redline, then the other layers.

What is then interesting to mention when looking at the results in more detail is that combining the disconnection of one layer with the loss of capacity of another layer leads to complex results. Indeed, the case associated with the greatest vulnerability is the disconnection of Pendeltåg and the reduction in capacity of Green Line. However, when we focused on capacity loss in scenario 1, Green Line was only the fourth most vulnerable line. 

Analysis and discussion

Each of the four disruption scenarios have already been commented on and confronted in the previous section. To conclude this robustness analysis, we can establish that Pendeltåg, Red line and Roslagsbanan are the most vulnerable lines to electric power failures, whether in terms of capacity reduction or line disconnection. This means that these transit lines play a key role in journeys on the Stockholm rail network, and therefore their malfunction have a significant impact on commuters travel time. These outcomes could benefit Stockholm's transport and electricity system operators, by encouraging them to concentrate their efforts to protect and prepare the infrastructures on these three lines, which will give them better user satisfaction, but also better economic and environmental performance.

Of course, these results should be taken with a pinch of salt, because of all the assumptions that were made regarding the consequences of electrical failures on the network as well as the measurement of robustness.

On the one hand, it would have been beneficial to consider a more complete electricity network than ours, while maintaining a topological approach since it is the basis of this study. Indeed, considering more than two substations for each layer would have made it possible to address more varied consequences due to the electrical dependencies, with disturbances that affect a layer partially for example, contrary to our approach which considers impacts on the whole layers with three operating states. In addition, making the electrical network more complex would also have made it possible to consider not only the traction supply, which allow the vehicles to move forward, but also the auxiliary supply, which is related to the signalling system. Both power supplies are essential for a train to operate. Finally, with a more complex power grid, it would also have been possible to consider geographical vulnerabilities, with disruption scenarios disconnecting spatially close substations in order to highlight vulnerable areas. But all these approaches would have required much more data related to the power grid. Empirical data regarding the main failures that occurred in the power grid could also be beneficial for this study, making it possible to consider disruption scenarios based on their probability of occurrence.

On the other hand, our topological measure of robustness based on the Average Distance could have benefited from other parameters to be more complete. For instance, including budgetary constraints in the measure would have made it possible to account for less frequented journeys, since it is necessary to pay supplements to the normal ticket to access certain stations of the commuter rail line Pendeltåg. Our robustness measure could also have benefited from the consideration of travel demand. Indeed, the latter could have been used to consider each trip within the network according to its probability of occurrence in practice. This would have avoided considering all the pairs of nodes with the same influence on robustness, and thus to consider short trips with more importance because they are more frequent. But these approaches would also have required more data, like a complete Origin Destination Matrix.

A strong hypothesis that we also carried out was the replacement of a disconnected line by a shuttle service. Indeed, in practice, it is difficult to imagine that shuttles can serve as many people as a train for example. But the overall objective was to obtain two states of disturbed operation which are detrimental in terms of travel time. With the minor exception of the tramway, these hypotheses have effectively made it possible to show that the disconnection of a line has more impact than the reduction in capacity.

Conclusion and future work

This study proposed a topological modelling approach to analyse the robustness of a multimodal transport network under the constraints of power grid failures, based on a graphtheoretical measure which accounts for travel time. Multiple scenarios of disturbance were addressed in order to highlight the transit lines that are the most vulnerable to electric failures. The main conclusion that was drawn is that such an approach, though limited in scope, gives interesting insights that could be beneficial for infrastructure managers.

When discussing the results, we considered several possible improvements that could be led with such a topological approach. But more generally, this work could be continued and complemented by applying more dynamic approaches.

For instance, considering the flows in the power grid would permit understanding the interactions between all the substations. Thus, when one substation fails, other substations could support and cover a part of the missing supply. Taking into account passenger flows in the transport network would also broaden the scope of the study, making it possible to model over-queuing at stations or dynamic assignment of passengers. Accounting for these network flows would make it possible to run simulations and address cascading failures related to a disruption.

The consideration of these dynamic approaches would make it possible to extend the study of robustness to the analysis of resilience, making it possible to address the recovery phase of the system after a failure. It would then allow us to consider the interdependencies between the transport network and the power grid, and no longer only the dependencies of the first with respect to the second, as it has been done in this present study.

A resilience study would also benefit the consideration of other transport modes, like buses, cars, e-scooters, bikes or even walking. Indeed, the wider the choice of mode of transport, the more relevant the study will be. This will, however, complicate the measurement of resilience, as the impact of power outages on different modes of transport is different.

In order to justify the importance of studying the resilience of interconnected electricity and transportation systems, it will also be important to include economic and environmental criteria to understand the associated issues. For example, this involves measuring CO2 emissions, which can be associated with resilience.

The objective of my PhD project will be to address as much as possible all these criteria in order to deepen the literature associated with the resilience of interdependent systems. Having carried out my master's thesis in Stockholm will allow me to apply my future models to different case studies, since my thesis will focus on the city of Lyon.
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	Date	Trip ID	Arrival time Line number Transport mode Origin stop number	Destination stop number Stop sequence
	20190201 22750000002200	15120	40	TRAIN	-1	5310	1
	20190201 22750000002200	15300	40	TRAIN	5310	5320	2
	…	…	…	…	…	…	…	…
	20190201 22750000002200	18360	40	TRAIN	5006	5007	13
	20190201 22750014303943	64440	14	METRO	-1	2851	1
	…	…	…	…	…	…	…	…
	Stop number		Stop name	Stop type	Longitude	Latitude
	2851			Fruängen	METROSTN	17.9650057	59.2859289
	…			…	…		…	…
	5310			Stockholm City	RAILWSTN	18.059434	59.331141
	5320		Stockholm Odenplan	RAILWSTN	18.049998	59.342888
	…			…	…		…	…

Table 3 -Overview of Stops data
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Table 4 -Average operating speed observed for each bus line
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  Table 6 presents the Average Distance related to each of these three scenarios.

		Reference scenario	Reduced capacity scenario	Shuttle replacement scenario
	Average Distance measure (min)	45.97	58.67	100.56

Table 6 -Application of Average Distance on extreme scenarios

 6 
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In this line, there will be three scenarios to consider when creating the graph that accounts for the operation state of each layer. First scenario corresponds to addressing an edge that connects two layers that function properly. The second scenario is related to when one of the two layers has a reduced capacity, thus combining two cases. Last scenario is when capacity of both layers is reduced. Equations ( 6), ( 7) and ( 8) respectively calculate the corresponding waiting times. 𝑡 𝑎,i and 𝑡 𝑏,i are the waiting times of the layer 𝑖 considered independently, during normal operation and when capacity is reduced, respectively. 𝑓 𝑖 refers to the frequency of layer 𝑖 during normal operation. 

Calibration of shuttle speed

As explained in the modelling framework, when a layer is disconnected because the two associated substations break down, shuttles are assumed to replace it and stop at each station. It was therefore needed to evaluate the travel time between all pairs of connected stations of the transit network. We assume that these shuttles are operating like buses, especially for their travelling speed. To have a basis of comparison, GTFS data was used to calculate the average speed of several bus lines between 7:00 and 9:00 on Tuesday the 1 st of February 2022. These average speed values are represented in Table 4. Moreover, in order to have varied results, bus lines from the city centre but also from the outskirts of Stockholm were chosen, as shown in Figure 13 using OSMnx data.

We can observe that all the observed average speeds are relatively low, even for the lines located outside of the city centre, where the speed is usually limited to 50 𝑘𝑚/ℎ. As a matter of fact, this observed speed accounts for congestion, which is frequent during peak hours, and for time spent at stop stations. It is also worth mentioning that the average speed is higher outside the city centre.

Let's now explore three different options to decide the final shuttle speed approach we will be using. The first option consists in assuming that the shuttle speed is 15 𝑘𝑚/ℎ everywhere in the road network, based on the observed bus lines average speed. The second option distinguishes two areas: the city centre, where the shuttle speed is assumed to be 15 𝑘𝑚/ℎ, and the outskirts where it is 30 𝑘𝑚/ℎ. The latter value was arbitrarily chosen, based on the fact that the bus stops are closer to each other than the Pendeltåg or Roslagsbanan stops are. This means that our shuttle won't have to stop as many times as a bus in this area, and will thus be able to drive quicker than 20 𝑘𝑚/ℎ, which is approximately the speed we observed for buses operating outside the city centre. The third option is an adaptative speed depending on the roads taken in the trip of the shuttle.
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