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ABSTRACT 

 

Network vulnerability depends on the probability that adverse events occur and the impacts of such 

disruptions on network functionality. Most studies on transport network vulnerability have only 

analysed vulnerability in terms of the reduction in performance indicators given that a disruption 

occurs. This study presents and applies a method to explicitly account for exposure in identifying and 

evaluating link criticality in public transport networks. The proposed method is compared with 

conventional measures that lack exposure information. The expected value of link criticality– the 

probability weighted average impact of a disruption - is evaluated. The methodology was applied for a 

multi-modal public transport network in the Netherlands where data concerning disruptions was 

available. The results expose the role of exposure in determining link criticality and overall network 

vulnerability. The inclusion of exposure in the assessment of societal costs has thus consequences on 

assessing mitigation measures and investment priorities.  
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1. INTRODUCTION  

 

Public transport planning and operations has traditionally focused on travel time and costs, while 

overlooking aspects such as reliability and resilience. However, there is substantial evidence on the 

impacts of unreliable services and service disruptions on passengers’ perceptions and the costs of these 

impacts (e.g. Rietveld et al. 2001 and Van Oort 2014). Consequently, there is a growing interest in 

recent years in the analysis of public transport vulnerability and measures to improve its resilience. 

While network reliability refers to variations due to inherent uncertainty and recurrent perturbations, 

network vulnerability refers to exceptional disruptions with severe impacts on system performance. 

This topic already attracted a lot of attention in road traffic research (e.g. Jenelius et al. 2006, Snelder 

et al. 2012) and in the last decade also entered the public transport research domain (Tahmasseby et al. 

2008, Kanacilo and Van Oort. 2008, Derrible and Kennedy 2010, Cats and Jenelius 2014, Yap 2014).  

 

Most of the research on transport network vulnerability is limited to the consequences of disruptions. 

This implies focusing on network robustness rather than its overall resilience or its antonym, 

vulnerability. Robustness is defined as the capability of a system to absorb shocks, withstand 

disruptions and quickly recover to ordinary level of performance, whilst vulnerability depends on the 

extent to which the system is exposed to various disturbances and their respective impacts (Snelder et 

al. 2012, Reggiani 2013). In other words, vulnerability takes the likelihood of various scenarios and 

hence provides a sound measure for comparing various networks as well as the benefits of 

implementing mitigation measures.  

 

Similar to the differentiation at the network-level between robustness and vulnerability, link criticality 

could be either assessed in terms of the impacts of a disruption on a certain link or enhanced by 

considering the expected disruption impact when taken over all disruptions and accounting for their 

respective prevalence. However, most studies have only analysed vulnerability in terms of the 

reduction in network performance indicators given that a disruption occurs. Arguably, this stems from 

the lack of data concerning the stochastic properties of various disruption types.  

 

In this paper, we investigate the role of exposure in network vulnerability analysis. Exposure is 

defined as the share of time that a certain network element is subject to disruption. It is thus 

determined by the frequency and duration of disruption events. Network vulnerability could be 

investigated by either performing a full scan (De-Los-Santos et al. 2012, Rodriguez-Nunez and 

Garcia-Palomares 2014)  or by first identifying a limited set of links that are potentially critical. The 

latter approach is taken in this study in order to enable the analysis of large-scale multimodal 

networks.  

 

The vulnerability analysis consists thus of two phases: identification and evaluation. Most studies 

identified the important links based on purely topological grounds by using network centrality 

indicators (Angeloudis and Fisk 2006, Criado et al., 2007, von Ferber et al. 2009, Von Ferber et al. 

2012). Cats and Jenelius (2014) proposed using a betweenness centrality measure that accounts for 

passenger demand and the probabilistic path choice. However, these measures do not consider the 

extent to which different links are exposed to disruptions when shortlisting potentially critical links. It 

is hypothesized that there is considerable variations in links’ exposure due to different disruption types 

and their prevalence. For example, the likelihood of power, signal or switch failures is related to link 

length and will therefore vary from one link to the other. Moreover, the frequency of such failures 

might differ for train, metro and tram services.  

 

This study presents and applies a method to explicitly account for link exposure in identifying and 

evaluating link criticality for a multi-modal public transport network. Link criticality is evaluated by 

the expected value – the probability weighted average impact of a disruption. A method for identifying 

candidate links that accounts for exposure will presumably be better equipped to select the most 

relevant links when compared to a risk-free approach. Previous studies of road networks concluded 

that different links were found to be the most critical depending on the criteria used in the evaluation 

(Knoop et al., 2012; El-Rashidy and Grant-Muller, 2014). The analysis is facilitated by a large 
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database on disruptions and estimating the distributions of the frequency and duration of various type 

of disruptions. Potentially critical links are identified and the impact of disruptions on these links is 

assessed by reassigning passenger trips and calculating the societal cost inflicted by such disruptions. 

The role of exposure is then exposed by evaluating the expected value of link criticality. Finally, we 

discuss the consistency between the identification and evaluation phases and the limitations of our 

analysis.  

 

2.  METHODOLOGY  

 

We propose a method for identifying the most relevant links for network vulnerability and evaluating 

link criticality. This method embeds exposure to disruptions into the identification and evaluation 

phases. The outcomes of the proposed method is compared against measures that take into 

consideration passenger flows and average disruption duration but lack exposure information.  We first 

present how exposure is defined and how the impact of a single disruption is measured. These 

constitute the two building blocks for link criticality identification and evaluation measures which are 

presented thereafter.  

  

2.1  Assessing Exposure to Service Disruptions 

The exposure of each network element to disruptions can be defined in terms of the overall prevalence 

of disruptions under a certain time period. The exposure to service disruptions depends on various 

factors such as mode of operations, traffic flows and at grade vs. underground sections. The 

infrastructure of the public transport network can be represented as a directed graph  𝐺(𝑆, 𝐿), where 

the node set S represents stops and rail stations (all called stops here for simplicity), and the link set 

𝐿 ⊆ 𝑆 × 𝑆 represents direct inter-station connections. The upstream and downstream stops of link 

𝑙 ∈ 𝐿 are denoted by 𝑙− and 𝑙+, respectively. The number of stops and links are denoted |S| and |𝐿|, 
respectively.  

 

In order to assess the exposure of each link to disruptions, the frequency in which various disruption 

types occur and their respective durations need to be estimated. The analysis of a long longitudinal 

data can facilitate the empirical estimation of the frequency of disruption occurrence or the 

corresponding inter-event time. The empirical distribution of event frequency and duration could be 

estimated for various disruption types and link-related variables such as link length, vehicle-km 

service provisioned, number of bridges, number of level crossings etc.  

 

The exposure of link 𝑙 to disruption of type 𝛿 during a certain time period is thus 
 

𝑒𝑙,𝛿 = 𝐸(𝑓𝑙,𝛿) ∙ 𝐸(𝜏𝑙,𝛿)     (1) 
 

Where 𝐸(𝑓𝑙,𝛿) is the expected value of the frequency that disruption of type 𝛿 occurs on link 𝑙 within 

a certain time window, where 𝑓𝑙,𝛿  is the random frequency variable. For example, the number of 

disruptions per year. 𝐸(𝜏𝑙,𝛿) is the expected value of the duration of disruption type 𝛿 on link 𝑙 where 

𝜏𝑙,𝛿 is the random duration variable. The multiplication of these two elements results with a measure of 

link exposure to disruptions. 

 

2.2  Evaluating the Impact of a Service Disruption  

The impact of a service disruption can be assessed in terms of its societal costs. The latter could be 

estimated based on the change in total passenger welfare when compared with the baseline case of no 

disruptions. Travel demand is given as input in the form of an origin-destination matrix. The set of 

travellers from origin so ∈ 𝑆 to downstream destination 𝑠𝑑 ∈S is denoted 𝑁𝑜𝑑.  

 

The total passenger welfare for a given scenario 𝜎 is 

 

𝑊(𝜎) = 𝐸[∑ ∑ ∑ 𝑊𝑛(𝜎)𝑛∈𝑁𝑜𝑑𝑠𝑑∈𝑆𝑠𝑜∈𝑆 ]   (2) 



4 

 

 

Where Wn(σ) denotes the welfare of passenger n in scenario σ which correspond to passenger’s total 

generalized travel cost or utility in monetary terms. Each passenger path can be described as a 

sequence of stops 𝐽 = (𝑠𝑗,1, … , 𝑠𝑗,|𝐽|) which starts from 𝑠𝑗,1 = soand ends at stop 𝑠𝑗,|𝐽| = 𝑠𝑑. In this 

study, passenger utility is  

 

𝑊𝑛(𝜎) = 𝛽1𝑡𝑎 + 𝛽2 ∑ 𝑡𝑤,𝑠 + 𝛽3 ∑ 𝑡𝑖𝑣𝑡,𝑠,𝑠+1̃ + 𝛽4(|𝐽| − 2) + 𝛽5 ∑ 𝑡𝑡,𝑠
𝑠𝑗,|𝐽|−1

𝑠=𝑠𝑗,2
+ 𝛽6𝑡𝑒𝑠∈𝐽\𝑠𝑑𝑠∈𝐽   (3) 

 

Where 𝑡𝑎 and 𝑡𝑒 are the access and egress times, respectively. 𝑡𝑤,𝑠 is the waiting time at stop 𝑠, 𝑡𝑡,𝑠 is 

the transfer walking time and 𝑡𝑖𝑣𝑡,�̃�  is the perceived in-vehicle time associated with the path leg 

starting at stop 𝑠. |𝐽| − 2 corresponds to the number of transfers. 𝛽’s are the value of time coefficients. 

All of the travel time components are for a given passenger but the passenger index is not shown for 

simplicity.  

 

In addition, it is particularly important to consider the impact of disturbances on on-board congestion. 

For example, link failure may result with a significant shift to a second-best route and hence induce 

discomfort. The alternative route may even lack residual capacity to accommodate the shifted demand. 

The perceived in-vehicle time is estimated in this study based on the link-specific passenger volume to 

capacity ratio so that  

 

𝑡𝑖𝑣𝑡,𝑠,𝑠+1̃ = ∑ 𝑡𝑖𝑣𝑡,�̃�𝑙∈𝐿𝑠,𝑠+1
= ∑ 𝑓(𝑡𝑖𝑣𝑡,𝑙 , 𝑞𝑙 , 𝜅𝑙) 𝑙∈𝐿𝑠

   (4) 

 

Where 𝐿𝑠,𝑠+1 ⊆ 𝐿 is the set of links connecting stops 𝑠 and 𝑠 + 1 and 𝑡𝑖𝑣𝑡,𝑙  is the nominal in-vehicle 

time on link 𝑙, 𝑞𝑙  is the on-board passenger load on this link and 𝜅𝑙  is the respective total vehicle 

capacity.  

 

Each disruption scenario can be defined by the disrupted link, 𝑙, the type of disruption, 𝛿, and its 

duration 𝜏, denoted by 𝜎 = (𝑙, 𝛿, 𝜏). Let the baseline scenario of no disruption be denoted by 𝜎0. The 

impact of disruption scenario 𝜎 is terms of societal cost is then 

 

∆𝑊(𝜎) = 𝑊(𝜎) − 𝑊(𝜎0)      (5) 

 

2.3  Identifying Critical Links: Accounting for Exposure  

The evaluation of disruption impacts requires to execute a new passenger assignment in order to 

model passengers redistribution. The computational time prohibits for large real-world networks the 

implementation of a full-scan approach where each all link disruptions are considered one by one. 

Hence, an initial phase of selecting a subset of links for further investigation is essential. Cats and 

Jenelius (2014) proposed a measure based on network assignment results under normal operations 

which is equivalent to computing a weighted probabilistic passenger betweenness centrality 

 

𝑃𝐵𝐶𝑙 =
𝑞𝑙

∑ ∑ |𝑁𝑜𝑑|𝑠𝑑∈𝑆𝑠𝑜∈𝑆
      (6) 

 
This measure corresponds to the share of passengers that traverse link 𝑙 out of the total number of 

passengers in the system during the same period. Hence, it reflects the minimum number of passengers 

that will have to reroute due to disruption (other passengers may shift routes as a secondary effect due 

to disruption). When selecting important links, the absolute measure of passenger load (the nominator) 

could alternatively be used. Presumably, the most busy links in the networks are also those that if 

disrupted will result with the most adverse consequences. 

 
The abovementioned identification measure disregards link exposure to disruptions. An alternative set 

of important links can be identified by accounting for the exposure of each link to service disruptions. 

It is hypothesized that such a measure is more adequate for selecting the most critical links in terms of 
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their overall expected impact. The passenger-exposure (PE) measure is defined as the total number of 

hours that a link is subject to disruptions on a certain time period times the passenger flow on this link, 

or formally 

 

𝑃𝐸𝑙 = 𝑞
𝑙
∑ 𝑒𝑙,𝛿𝛿       (7) 

 

This is an alternative measure to identify a subset of links that are most important and could 

potentially be the most critical. Two corresponding measures of link criticality are presented in the 

following section. 

 

2.4  Evaluating Link Criticality: Expected Disruption Impact 

Link criticality is the importance of a certain link for maintaining network functionality and integrity. 

In other words, it reflects the role that it plays in network vulnerability. The conventional approach is 

to measure this in terms of the consequences of a given disruption. However, there are different types 

of disruptions and they are associated with a different distribution of event duration. The criticality of 

link 𝑙 corresponds thus to the impact on a hypothetical ‘average’ disruption could be approximated by 

averaging over the impact of each disruption type scenario, each of which lasting the corresponding 

average duration, yielding 

 

𝑐𝑙 =
∑ ∆𝑊(𝑙,𝛿,𝐸(𝜏𝑙,𝛿) )𝛿

|𝛿|
      (8) 

 

While this measure of link criticality accounts for the heterogeneity among disruption types as well as 

their expected duration, it does not consider the prevalence of these disruptions. In other words, how 

likely it is that a certain disruption will happen. We therefore propose an alternative measure of link 

criticality that is based on the expected disruption impact over a certain time period 

 

𝐸(𝑐𝑙) = ∑ 𝐸(𝑓𝑙,𝛿) ∙ 𝐸(𝜏𝑙,𝛿) ∙ ∆𝑊𝑙,𝛿,𝜏 = 𝑒𝑙,𝛿 ∙ ∆𝑊𝑙,𝛿,𝜏𝛿     (9) 

 

Given the probabilities of disruption and planning horizons, it is advisable to refer to a single year as 

the time period under consideration. Hence, the expected link criticality corresponds to the impact of 

disruptions on link 𝑙  over the course of a year, assuming that the overall impact of a short-term 

unplanned disruptions is proportional to their total duration.  

 

Public transport operators may apply rescheduling measures in case of a disruption δ on link 𝑙 .  

However, often there are no separate rescheduling measures for each link 𝑙 ∈ 𝐿. This is because there 

are not always rescheduling possibilities (like switches or turnaround options) available between link 𝑙 
and its adjacent link 𝑚 ∈ 𝐿. Rescheduling measures are therefore identical for adjacent links in case 

there is no possibility for rescheduling or disruption management between the respective links. A 

sequence of links may constitute a link segment if they are subject to similar operational constraints 

and measures to mitigate the impacts of disruption.  A link segment 𝑌 ⊆ 𝐿 is therefore defined as a set 

of adjacent links  𝑌 = {𝑙1, … , 𝑙𝑛}  for which a public transport operator applies exactly the same 

rescheduling measures. The abovementioned equations could then be calculated at the link segment 

level.  

 

This methodology was applied to a case study where exposure was embedded into the identification of 

important links and the evaluation of link criticality by deploying PE and 𝐸(𝑐𝑙), respectively. The 

results obtained are compared against the PBC and 𝑐𝑙 measures. The following section provides details 

on the case study network and assignment model that were used in this application. 

 

3. APPLICATION  

 

3.1  Case Study Description  

The methodology is applied to the multi-modal public transport network of the Randstad Zuidvleugel 
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in the Netherlands. The Randstad Zuidvleugel is the southern ring of the Randstad, the most important 

economic area in the Netherlands with about 2.2 million inhabitants. Within this area there is a high 

density public transport network, consisting of train, metro, light rail, tram, regional and urban bus 

services (Figure 1). The high public transport usage combined with the relatively high number of 

available multi-modal route alternatives, makes this an interesting case study area to investigate the 

influence of service disruptions on passengers.  

 

 
Figure 1:The geographical scope of the case study area (HST – High speed train; Sprinters are the 

Dutch commuter trains and; HOV –High quality public transport in Dutch) 

 

Data concerning service disruptions in the case study area was used in this study in order to assess the 

value of incorporating exposure into network vulnerability analysis. A large dataset which consists of 

recorded disruptions of different public transport operators which supply services on different network 

levels in the Randstad Zuidvleugel was available for this study. The disruption data were provided for 

the entire network of each public transport operator. In the case of the train network, data was obtained 

for the period of January 2011-August 2013 from the Dutch Railways operator, NS. Data concerning 

urban public transport modes was obtained from the public transport operators HTM and RET which 

operate services in Den Haag and Rotterdam, respectively, over a period of 18 weeks in June-October 

2013. When analysing the data, seasonal corrections were made based on similarities with patterns 

observed for the train network. For a more detailed description of data collection, the reader is referred 

to Yap (2014).  

 

The dataset was processed to extract the empirical values of the frequency 𝑓𝛿 and duration 𝜏𝛿 of each 

disruption type 𝛿 on a certain network level of a public transport operator. Figure 2 shows the relative 

frequency of various disruption types out of all disruption events that were recorded for each mode. It 

is apparent that vehicle breakdown, switch and signal failures are among the most common disruptions 

in all cases, whilst trains are subject to more diverse disruptions, including the significant share of 

disruptions caused by suicide attempts. The empirical data about frequency and duration of each 

disruption type were statistically fitted to theoretical distribution functions. Poisson distributions 

represent the frequency with which disruption types occur per time period. The duration of different 

disruption types could best be represented by using a lognormal distribution. By applying a 

distribution fitting process, parameter values for frequency and duration of each disruption type δ were 

determined separately for each public transport mode. 
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Figure 2. Share of each disruption type out of all recorded disruptions for train (left), metro/light rail 

(middle) and tram (right) 

 

The derived network disruption parameters were transformed into link-specific parameters 

proportional to link length, vehicle-kilometres, track length, number of movable bridges or number of 

level crossings as predictors of various disruption types. Table 1 lists the disruption type categories 

and their respective predictors. This analysis enables the investigation of frequency and duration of 

disruption types for each link. The transformation is based on general network characteristics without 

considering location specific characteristics. For example, the location of psychiatric hospitals is not 

incorporated as predictor for the frequency of disruptions caused by suicide attempts for different 

network links.  

 

Table 1. Top-20 links identified as most important using the PBC measure 
Mode Disruption type  Predictor 

Train Vehicle breakdown Vehicle-km 

Major incident Vehicle-km 

Switch failure Link length 

Blockage Link length 

Restrictions emergency services Link length 

Defect / damaged bridge No. bridges 

Power failure Link length 

Defect track Track length 

Defect overhead wire Track length 

Signal failure Link length 

Suicide Link length 

Level crossing failure No. level crossing 

Damaged train viaduct Link length 

Copper theft Link length 

Metro/ 

Light 

rail 

Vehicle breakdown Vehicle-km 

Major incident Vehicle-km 

Blockage /restrictions emergency services /power failure /signal failure /other Link length 

Switch failure Link length 

Tram Vehicle breakdown Vehicle-km 

Major incident Vehicle-km 

Blockage + restrictions emergency services + power failure + other Link length 

Switch failure Link length 

 

3.2  Modelling Service Disruptions  

The multi-modal public transport case study network is represented in detail by 5 791 zones, 106 000 

nodes and 116 000 links in the transport planning software OmniTRANS (Brand et al. 2013). In this 

paper we only consider disruptions with a low level of predictability. This means that only unexpected, 

unplanned disruptions such as those listed in Table 1 are considered. Planned disruptions of public 

transport services, like scheduled track maintenance works, are not considered here, since passenger 

behaviour will be different in case a priori knowledge of the disruption is available. In the case of 

unexpected disruptions, it is assumed that passengers have no prior knowledge about their occurrence 

and thus the overall public transport demand remains unchanged. However, passengers adjust their 
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public transport route choice as a reaction to the adjusted supply of public transport services because 

of a certain disruption.  

 

In OmniTRANS the Zenith algorithm is applied for performing a passenger assignment over the 

network in both the undisrupted and disrupted scenarios (Brands et al. 2013). We applied a frequency-

based static assignment. The use of a frequency-based network representation can be justified by the 

relatively high frequencies of public transport lines in the Randstad Zuidvleugel. The difference in 

waiting time between a frequency-based (half of the inter-arrival time between two subsequent 

services) and a schedule-based network representation is therefore not significant. Furthermore, 

performing a passenger assignment based on a frequency-based network representation requires 

substantially shorter calculation times. This is an important consideration given that performing a 

single frequency-based passenger assignment for the peak period of the case study network takes 90 

minutes on a regular PC. 

 

Model outputs are passenger loads over all network links, the travel time decomposed to all travel time 

components (in-vehicle time, access time, waiting time, transfer time, egress time) specified for each 

OD-pair, and the average number of transfers specified for each OD-pair as well. Besides travel time 

impacts, we also considered the impact of disruptions on travel comfort. Based on passenger loads on 

each link of the network, an in-vehicle time multiplier is introduced to account for the differences in 

perceived travel time when travelling under various crowding conditions (Wardman and Whelan 

2011). The link loads obtained from OmniTRANS were post-processed to assign the respective in-

vehicle multiplier. The reader is referred to Yap (2014) for a more detailed explanation of the 

quantification of comfort effects and its role in determining link criticality. 

 

Only disruptions occurring during the evening peak period, a two hours period from 4pm to 6pm, are 

considered. More than 560,000 passenger trips are generated in the network during this period. To 

determine the impact of a disruption on a certain network link in terms of service provision, we used 

the rescheduling measures that are implemented by the public transport operators in the Randstad 

Zuidvleugel area in practice. This implies that a disruption on a specific link 𝑖 not only affects services 

on link 𝑖 itself, but might also affect services supplied on adjacent links 𝑗 ≠ 𝑖, if this is indeed the case 

in practice. This may be caused by a lack of switches, station capacity or other rescheduling 

possibilities at each link. Operators are therefore forced in certain cases to reduce or cancel services on 

adjacent links as well. When assessing disruption impacts for the selected links, we adjusted the public 

transport network in OmniTRANS fully in accordance with the measures taken by public transport 

operators in reality. A new passenger assignment is then performed with the adjusted network. Figure 3 

shows for illustrative purposes the OmniTRANS passenger assignment output in case of a disruption 

on the train link between the city of Delft and Rijswijk compared to the undisturbed scenario. 

 

 
Figure 3. Difference in passenger load over network links after a disruption between train station 

Delft and Rijswijk (indicated by the blue cross) (green: increase; red: decrease in passenger load 

compared to undisrupted scenario) 
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4. ANALYSIS AND RESULTS  

 
4.1 Identifying Critical Links  

In this section we report the results of the identification of the links which are potentially most critical 

using two different measures: (a) the probabilistic passenger betweenness centrality (PBC, Eq. 6) 

which only considers the impact of a disruption by assessing the passenger load on each link; (b) 

passenger-exposure (PE, Eq. 7) which incorporates both exposure to disruptions and the expected 

impact of disruptions by multiplying the expected time each link is exposed to disruptions with the 

respective passenger load.  

 

Two sets of links are generated based on the two different methods for an average evening peak on the 

case study network. Table 2 shows the top-20 links which are identified as most vulnerable using PBC. 

Next to the absolute and relative PBC, also the mode which operates the identified link is mentioned. 

Note that links are directional in the identification phase, since passenger loads can differ. The most 

heavily loaded link carries almost 9 500 passengers during the peak period. Each of the links in the 

top-20 list carries between 1.3-1.7% of the total passenger demand in the case study network. Table 3 

shows the identified top-20 most critical links when using passenger-exposure to disruptions as 

measure. The pass-exposure value corresponds to the total number of lost passenger hours on the 

respective link over a year period. Note that this is not the impact of the disruption but merely a 

measure used for identifying links that might be subject to further analysis where the rerouting effects 

could be assessed.  

 

Table 2. Top-20 links identified as most critical using the PBC measure 
Ranking Link  Mode PBC  

[pass] 

PBC  

(%) 

1 Rotterdam Centraal - Schiedam Centrum Train 9 462 1.7% 

2 Rotterdam Zuid - Rotterdam Lombardijen Train 8 927 1.6% 

3 Rotterdam Lombardijen - Barendrecht Train 8 905 1.6% 

4 Rotterdam Blaak - Rotterdam Zuid Train 8 882 1.6% 

5 Rotterdam Centraal - Rotterdam Blaak Train 8 845 1.6% 

6 Rijswijk - Delft Train 8 769 1.6% 

7 Den Haag Moerwijk - Rijswijk Train 8 583 1.5% 

8 Delft Zuid - Schiedam Centrum Train 8 448 1.5% 

9 Delft - Delft Zuid Train 8 419 1.5% 

10 Den Haag HS - Den Haag Moerwijk Train 8 320 1.5% 

11 Wilhelminaplein - Rijnhaven Metro 8 133 1.4% 

12 Rijnhaven - Maashaven Metro 8 023 1.4% 

13 Leuvehaven - Wilhelminaplein Metro 7 875 1.4% 

14 Blaak - Oostplein Metro 7 569 1.3% 

15 Oostplein - Gerdesiaweg Metro 7 546 1.3% 

16 Delft - Rijswijk Train 7 493 1.3% 

17 Rijswijk - Den Haag Moerwijk Train 7 388 1.3% 

18 Beurs - Leuvehaven Metro 7 383 1.3% 

19 Gerdesiaweg - switches Gerdesiaweg / 

Voorschoterlaan 
Metro 7 284 1.3% 

20 Switches Gerdesiaweg / Voorschoterlaan – 

Voorschoterlaan 
Metro 7 284 1.3% 
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Table 3. Top-20 links identified as most critical using the passenger-exposure measure 
Ranking Link Mode PE  

[pass-hour] 

1 Ternoot - Laan van NOI Tram 43 520 

2 Laan van NOI - Voorburg 't Loo Light rail 42 951 

3 Spui - Grote Markt  Tram 42 332 

4 Grote Markt - Brouwersgracht  Tram 41 548 

5 Rijnhaven - Maashaven Metro 40 461 

6 Centraal Station (hoog) - Spui  Tram 39 882 

7 Voorburg 't Loo - Leidschendam-Voorburg Light rail 37 112 

8 Leidschendam-Voorburg - Forepark Light rail 36 355 

9 Maashaven - Zuidplein Metro 34 926 

10 Melanchtonweg - Meijersplein Light rail 33 187 

11 Slinge - Rhoon Metro 32 322 

12 Switches Gerdesiaweg / Voorschoterlaan - 

Voorschoterlaan 

Metro 

31 410 

13 Voorschoterlaan - Kralingse Zoom Metro 30 649 

14 Blaak - Oostplein Metro 29 505 

15 Oostplein - Gerdesiaweg Metro 29 415 

16 Gerdesiaweg – switches Gerdesiaweg / 

Voorschoterlaan 

Metro 

28 394 

17 Forepark - Leidschendam-Voorburg Light rail 28 094 

18 Meijersplein - Rodenrijs Light rail 27 617 

19 Switches Hoogvliet/Zalmplaat – Zalmplaat Metro 25 794 

20 Zalmplaat - Spijkenisse Centrum Metro 24 174 

21 Leidschenveen – switches Afrikaweg Light rail 24 127 

 

A comparison of the results in Table 2 and Table 3 clearly shows that incorporating exposure to 

disruptions leads to a remarkably different set of identified links compared to using the PBC measure. 

When using the PBC, all of links included in the top-10 list belong to the train network. In the next 

highest 10 links, both train links and the busiest metro links appear (see Table 2). However, when 

passenger-exposure is used as measure, no links from the train network appear in the top-20 list of the 

most critical links. Table 3 shows that mainly links from the light rail and metro network appear in this 

list, as well as a few links from the tram network. These results indicate that links from the urban rail-

bound network are more often exposed to disruptions compared to train network links. This explains 

why some metro, light rail and tram links do appear in the top-20 list when accounting for exposure to 

disruptions, while they do not appear when only considering the passenger load. The identified links in 

Table 3 are mainly links which are used by a relatively high number of passengers for the network 

level on which they function. This means that these links in fact have a unfavourable combination of 

being exposed to disruptions relatively often, while at the same time being used by a relatively large 

number of passengers.  

 

The results show that an entirely different top-10 set of critical links emerges when using the PBC and 

passenger-exposure measure. In the two top-20 sets there is only 20% overlap between the identified 

links. In Figure 4 a scatter plot shows the correlation between the PBC and passenger-exposure 

measures for all identified links of the train, metro, light rail and tram network of the case study 

network. Over all links Pearson’s’ correlation coefficient equals 0.30, indicating only a limited 

correlation between these measures. This result stems from the considerable variation in link exposure 

to risks in multi-modal networks. From Figure 3 we can conclude that the correlation between these 

two measures is especially weak for train links. A relatively high number of passengers travels over 

these links, while exposure to disruptions for these links is relatively limited, compared to links from 

the metro, light rail and tram networks. This underscores that especially train links are listed as 

potentially critical when using the PBC measure, whereas these links are less relevant when using 

passenger-exposure as a measure. Using different measures clearly leads to different results in terms of 

the set of potentially critical links.   
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Figure 4. Scatter plot with correlation between probabilistic passenger betweenness centrality and 

passenger exposure measure 

 

4.2 Evaluating Link Criticality  

4.2.1 Probabilistic PCB and Passenger Exposure per Link Segment 

In this chapter we assess link criticality for the case study network by using two different methods. In 

the first method, only the societal costs given the fact that a disruption occurs are incorporated in the 

link criticality. In the second method, both exposure to disruptions and the societal costs of each 

disruption are accounted for when evaluating link criticality. Although the identification of the most 

critical links (Section 4.1) can be done for each link separately, link criticality is assessed in this study 

for each link segment separately (Section 2.1). As mentioned in Section 3, public transport operators in 

the Netherlands apply rescheduling measures in case of a disruption. In the case of the train and bus 

networks, each link constitutes a segment as they can be terminated at each station, while metro and 

light rail segments are defined based on switches availability. The societal costs of a disruption on 

each link 𝑙 ∈ 𝑌 will be equivalent, since exactly the same rescheduling measures are applied.  

 

For each of the aforementioned top-5 most critical links based on either the PBC or the PE measures, 

the corresponding link segment was determined. This results with a total of 10 link segments for 

which a new assignment is performed in order to find the redistribution of passengers in the case of a 

disruption. The results of each disruption scenario are then analyzed in terms of both measures  - 

impact given a scenario and expected value of the impact when accounting for exposure.  

 

In order to enable a valid comparison between the identification phase and the evaluation phase, it is 

necessary to calculate the PBC and PE measures at the link segment level. Therefore it is necessary to 

determine the passenger load 𝑞𝑒𝑠 for each link segment. The link segment passenger load 𝑞𝑒𝑠,𝑖 ≠ ∑ 𝑞𝑖
𝑛
𝑖 , 

since some passengers travel over more than one link of that link segment. Simply adding link 

passenger loads would neglect this overlap and therefore overestimate 𝑞𝑒𝑠  and result with biased 

measures. Instead, the following formula is used (Yap 2014): 

 

𝑞𝑌 =  𝑞𝑙1
+  ∑ 𝑏𝑠 

𝑙𝑛
−

𝑠=𝑙1
+        (10) 

 

Where 𝑞𝑌 is passenger load on link segment 𝑌 = {𝑙1, … , 𝑙𝑛}  and 𝑞𝑙1
 is passenger load on link 𝑙1. 𝑏𝑠 is 

the number of boarding passengers at stop 𝑠. 

 

Since each rescheduling measure always applies for all links 𝑖 ∈ 𝑒𝑠𝑖, exposure to disturbances is equal 

for each of these links. The PE measure can then be calculated by multiplying exposure of that link 

segment 𝑒𝑠 to disruptions with 𝑞𝑒𝑠. Since it is assumed that rescheduling measures apply for public 

transport services in both directions on a link segment, passenger loads and exposure of a certain link 

segment 𝑒𝑠𝑖 in both directions can be added. 
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Table 4 shows the identified 5 link segments based on the probabilistic PBC and the identified 5 link 

segments based on PE, including the PBC value, PE value and mode for each link segment. Next, 

criticality is assessed for each of these 10 link segments. 

 

Table 4. Link segments identified based on the probabilistic PBC and passenger-exposure 

Nr Link segments identified based on PBC 

 

Mode PBC 

 

[pass] 

PE 

 

[pass-hour] 

1 Rotterdam Centraal -  Blaak - Rotterdam Zuid Train 21 533  12 920 

2 Rotterdam Centraal - Schiedam Centrum Train 18 207    2 850 

3 Rijswijk – Delft Train 16 262    5 693 

4 Rotterdam Zuid - Rotterdam Lombardijen Train 15 149    4 207 

5 Rotterdam Lombardijen - Barendrecht Train 14 888    4 703 

 

 Link segments identified based on PE 

 
Mode PBC PE 

 

[pass-hour] 

1 Brouwersgracht – Grote Markt – Spui – CS  Tram  8 517 167 217 

2 Laan van NOI – Leidsch. Voorburg – Forepark Light rail  6 415 161 017 

3 Melanchtonweg – Pijnacker Zuid  Light rail  8 638 148 862 

4 Rijnhaven – Maashaven – Zuidplein Metro 11 744 118 614 

5 Ternoot - Laan van NOI Tram   3 474   67 364 

 

4.2.2 Link Criticality 
Table 5 shows the link criticality for the 10 link segments when link criticality is expressed as the 

societal costs as consequence of the occurrence of an ‘average’ single disruption, 𝑐𝑙 (Eq. 8), as well as 

the annual expected societal costs when accounting for exposure, 𝐸(𝑐𝑙) (Eq. 9). The time period on 

one year is chosen for illustration purposes.  

 

When only disruption impact is considered, link criticality is the largest for four of the five train link 

segments. This is because the impact of a disruption on train links – given that a disruption occurs – is 

relatively large because of the high number of passengers travelling over train link segments compared 

to especially tram and light rail link segments. Moreover, disruptions of train links often involve 

greater detours due to their backbone role in the network and the more limited availability of travel 

alternatives (see Figure 1). Link criticality for the selected tram and light rail link segments is 

substantially lower than for the train link segments.   

 

As evident in Table 5, a distinctively different ranking of link criticality prevails when the expected 

frequency and duration values are considered. Link criticality for the selected tram, light rail and 

metro link segments is substantially higher than link criticality for train link segments once exposure is 

accounted for due to their higher disruption prevalence. Despite the lower impact once a disruption 

occurs on the tram or light rail network, compared to the impact of a disruption on the train network, 

the relatively high frequency with which disruptions occur leads to a clearly higher link criticality in 

the end. It is remarkable that the most critical link, the tram link segment connecting Ternoot - Laan 

van NOI, inflicts over the course of a year a societal cost which is 80 times greater than the link 

segment with the highest PBC, the train connection between Rotterdam Zuid - Rotterdam Lombardijen. 

Since both the results in the identification and the evaluation of link criticality differ substantially 

between the situation with and without considering exposure, we stress the importance of considering 

exposure in both phases. Considering only the PBC and disruption impact without accounting for 

exposure clearly leads in both phases to significantly different outcomes. 
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Table 5. Welfare changes for each link-segment disruption scenario 
Link segment Mode Welfare 

change  

 

 

 

[€] 

Ranking 

based on 

impact for 

an average 

disruption, 

𝒄𝒍 

Annual 

expected 

welfare 

change  

 

[€/year] 

Ranking 

based on 

annual 

expected 

impact, 

𝑬(𝒄𝒍) 

Rotterdam Zuid - Rotterdam Lombardijen Train € 64 102 1 €  11 574 9 

Rotterdam Centraal -  Rotterdam Zuid Train € 56 183 2 €  30 499 6 

Rijswijk - Delft Train € 56 180 3 €  26 045 7 

Rotterdam Centraal - Schiedam Centrum Train € 39 385 4 €  11 287 10 

Rijnhaven – Zuidplein Metro € 33 489 5 € 266 235 3 

Rotterdam Lombardijen - Barendrecht  Train € 27 134 6 €  14 885 8 

Ternoot - Laan van NOI Tram € 26 840 7 € 931 873 1 

Laan van NOI – Forepark Light rail € 14 175 8 € 281 226 2 

Melanchtonweg – Pijnacker Zuid Light rail € 13 931 9 € 189 173 4 

Brouwersgracht – CS   Tram € 10 038 10 € 176 821 5 

 

When comparing Tables 4 and 5, it becomes clear that there is consistency between the method used 

for the identification of critical links and the method used for the impact assessment. From the top-5 

identified link segments using PBC, 4 link segments have the highest link criticality when considering 

disruption impact only. Similarly, the top-5 link segments identified as most relevant using the PE 

measure also have the highest link criticality when exposure is explicitly accounted for next to 

disruption impact. This is also supported by the results presented in Table 6. In this table, Pearson’s 

correlation coefficient expresses the correlation between the two different measures for links 

identification and the two different measures for assessing link criticality for the 10 studied link 

segments. Although we only considered a limited selection of link segments, a strong positive 

correlation can be found between the PBC and the societal cost of a given disruption. The correlation 

between passenger-exposure and link criticality when considering exposure is also positive, but with a 

considerably lower value of 0.35. Moreover, a strong negative correlation is found between the 

criticality of links identified based on PBC with vs. without accounting for exposure (-0.78). Finally, a 

strong negative correlation of -0.82 is found for links identified based on the passenger-exposure 

measure when comparing their impacts with vs. without considering exposure. 

 

Table 6. Correlation between measures for identification and evaluation of critical links  

Pearson’s correlation coefficient Evaluation of link criticality 

𝒄𝒍 𝑬(𝒄𝒍) 

Identification of 

critical links 

PBC +0.74 -0.78 

PE -0.82 +0.35 

 

5. DISCUSSION  

The results demonstrate that our approach to incorporate exposure in analysis of network vulnerability 

leads to considerably different outcomes. The explicit inclusion of exposure in the identification and 

evaluation phases yielded a substantially different list of critical links. The results suggest that the 

consideration of potentially critical links in terms of passenger loads results with the analysis of links 

that are significantly less critical than other less busy links that are more prone to disruptions.  

 

The main contribution of this approach from a scientific point of view is that it supports the 

understanding of the mechanisms concerning vulnerability. By enriching the conventional approach 

we are able to better understand what the real critical links are in a multi-modal network and what are 

the underlying determinants. Interestingly, the impact of an average disruption corresponds relatively 

well to the potential criticality as assessed by PBC. However, this measure is not a good predictor of 
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expected criticality when exposure is considered. The inclusion of exposure in the identification phase 

result corresponds well to the expected criticality.  

 

The inclusion of exposure in the assessment of societal costs is a prerequisite for performing an 

economic evaluation of measures to improve network resilience. The total welfare losses due to 

disruptions on the 10 selected links only amounts to more than 1.9 million euros per year. Measures to 

either reduce the probability of a disruption to occur or mitigate its impacts once it happens can be 

evaluated by weighting their costs against their perspective benefits (Jenelius and Cats 2014). For 

example, reducing the exposure of the metro link connecting Rijnhaven and Zuidplein by 50% will 

save approximately 130 000 € per year (Table 5) when considering the evening peak period only. 

Hence, the proposed method contributes to policy making by supporting investment decisions such as 

selecting the weakest links in the network to be made more robust or selecting the highest net value 

project. Furthermore, it can also help quantifying the resilience impacts (positive or negative) of public 

transport projects in general, such as extending the network, changing the schedule or adding 

infrastructure (such as switches) to the network. Yap (2014) presents several real life applications. 

 

The main limitation of the approach presented in this paper is its reliance on disruption data. A 

detailed local disruption data was available for this study. Fortunately, more and more data is 

becoming available in the field of public transport. In the lack of such data, the method could be 

applied to other networks by assuming that exposure levels are similar and deriving link-specific 

exposure rates based on the predictor provided in Table 1.  

 

Another limitation relates to the behavioral assumptions made in this study. The static assignment 

model that was used in this evaluation assumes that passengers have perfect knowledge of the 

provisioned service and can therefore adapt their entire path. The results are therefore likely to 

underestimate the impact of unplanned disruptions. Previous studies provide evidence that the 

provision of real-time information can be especially beneficial in case of service disruptions, although 

counter examples also exist (Cats et al. 2011, Cats and Jenelius 2014). More revealed preference data 

will enable a better understanding of how passenger react to changes in service provision, both on the 

short and long run. A recent revealed preference research based on smart card data allows to gain 

relevant insights that might enable to embed more nuanced behavioral response to disruptions in the 

future (Van Oort et. al 2015).  

 

6.  CONCLUSION  

In public transport network planning practice, aspects such as reliability and vulnerability are often 

overlooked. However, there is a growing evidence on the impacts of unreliable services and service 

disruptions on passengers’ perceptions and the costs of these impacts (e.g. Avineri and Prashker 2005, 

De-Los-Santos et al. 2014). Network vulnerability depends on the extent to which the system is 

exposed to various disturbances and the impact of these disturbances once they occur. Most previous 

studies on this topic have only analysed robustness in terms of the reduction in network performance 

indicators given that a disruption occurs.  

 

Our study presents and applies a method to explicitly account for link exposure in identifying and 

evaluating link criticality for a multi-modal public transport network. The proposed method was 

compared with the conventional approach which disregards the role of exposure for a multi-modal 

case study in the Netherland. The results demonstrate that the proposed method yields a substantially 

different list of most critical links. The case study illustrates the added value of accounting for the 

expected value of disruption impact over a certain time period such as one year. However, our method 

requires additional data and processing time. Fortunately, more data is available these days and 

processing power of current tools and computers is sufficient to deal with this. Further research on 

behavioural aspects with regard to uncertainty and travel information will be instrumental in 

improving the realism of dynamic passenger redistribution effects (Cats and Gkioulou 2015). 
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