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Abstract15

Trains normally run as scheduled in a non-disrupted situation. However, due to external and/or internal factors,16

trains may deviate from their original timetable during daily operations. To this end, the involved dispatchers are17

required to reschedule disrupted trains to efficiently transport delayed passengers to their destinations as soon as18

possible. In this study, we focus on train rescheduling in a seriously disrupted situation where a track segment is19

completely blocked for a relatively long period of time, e.g., two hours. In this situation, trains cannot pass the20

disrupted segment, meaning that passengers will be unable to travel as scheduled. We simultaneously rescheduled21

trains and passenger routes from both the operator’s and passengers’ perspectives. This integrated train rescheduling22

and passenger rerouting problem was formulated with an Integer Linear Programming model based on a space-time23

network. We decomposed the integrated model into two subproblems, a train rescheduling problem and a passenger24

routing problem, using the alternating direction method of multipliers (ADMM) algorithm. Both subproblems could25

be further decomposed into a series of shortest path problems for trains or passengers, and solved by a dynamic26

programming algorithm. Finally, we tested our models and algorithms on both a small hypothetical railway network27

and a part of the Chinese high-speed railway network.28

Keywords: High-speed railway; Train rescheduling; Track blockage; Integer linear programming; Alternating29

direction method of multipliers30

1 Introduction31

Advanced train control systems ensure that trains run as scheduled (according to the original timetable) in a non-32

disrupted situation. However, some external and internal factors, e.g., adverse weather and malfunctioning of railway33

infrastructure, may cause trains to deviate from their original timetable in daily operations. To minimize delays,34
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disrupted trains need to be rescheduled immediately after the disruption occurs. This research focuses on train1

rescheduling in an extremely disrupted situation where both tracks of a double-track segment are temporarily blocked.2

In such a situation, no train can pass the blocked double-track segment.3

Two train-rescheduling strategies are utilized to manage the disrupted trains when a complete blockage occurs.4

One strategy is to stop the disrupted trains at intermediate stations ahead of the blocked segment and wait until the5

segment is cleared, and then allow the trains to continue their journey. We call this the Disrupted Trains Waiting6

Strategy (DTWS). The other strategy is to short-turn trains into the appropriate stations adjacent to the blocked7

segment before their arrival at this point. We call this the Disrupted Trains Short-turning Strategy (DTSTS). The8

DTWS is used on some Chinese and Japanese high-speed railways; see Zhan et al (2015) and Hirai et al (2009) for9

instance. The DTSTS is applied on the railway systems in some European countries, such as the Netherlands; see10

Nielsen et al (2012), Louwerse and Huisman (2013), Veelenturf et al (2016), Ghaemi et al (2016, 2017, 2018) and Zhu11

and Goverde (2019b).12

Our research focuses on the DTWS, and as discussed in Zhan et al (2015), the key aspects to be determined in this13

strategy are the arrival and departure times for trains, the departure order of trains in each station, the intermediate14

stations where trains should wait for the disruption to clear, and whether it is necessary to cancel some trains. Most15

research has investigated rescheduling trains from the operator’s point of view, i.e., with the objective of minimizing16

the deviation and cancellation of trains. However, minimizing the deviation of trains does not guarantee that the17

disposition timetable will be convenient for disrupted passengers. For example, if the number of passengers on train18

t1 is 200, and that on train t2 is 400, it is obvious that priority should be given to train t2 to minimize the total19

passenger travel cost. In other words, reducing the impact of disruptions on passengers should be the primary aim20

of train rescheduling during a disruption. Accordingly, unlike Zhan et al (2015) and Veelenturf et al (2016), we not21

only considered the train delay and cancelation from the operator’s point of view but also took into account the22

inconvenience to passengers.23

An integer linear programming (ILP) model based on a space-time network was formulated to simultaneously24

reschedule trains and optimize passenger route-choice on a high-speed railway network. As the integrated ILP model is25

difficult to solve for large-scale real-world problems, we used the alternating direction method of multipliers algorithm26

(hereafter ADMM) to decompose the integrated model into two subproblems, a train rescheduling problem and a27

passenger routing problem. To ensure the feasibility of the train rescheduling subproblem, ADMM was further applied28

to manage the headway constraint and station capacity constraint. To this end, the train-rescheduling subproblem was29

further decomposed into a series of shortest path searching problems on the train space-time network, with one problem30

for each train. Similarly, passenger routing problem was further decomposed into a series of shortest path searching31

problems on the passenger space-time network, with one problem for each passenger group. A passenger group denoted32

passengers that booked the same train to directly travel from the same origin station to the same destination station. If33

passengers had a planned transfer, we split them into two different groups, one before the transfer and the other after34

the transfer. Then, a dynamic programming algorithm was applied to solve the shortest path subproblems. We tested35

our model and algorithm both on a small hypothetical railway network and on a part of the Chinese high-speed railway36

network.37

Our study makes three main contributions to railway scheduling. First, we extended the problem investigated by38

Zhan et al (2015) to include the station track-assignment (i.e., conducting detailed train-routing at the station area)39

and passenger route choice. Zhan et al (2015) applied a mixed integer linear programming model to solve only the train40

rescheduling problem in a major disruption. However, our current model allowed us to reschedule trains and optimize41

passenger route choice simultaneously in very high detail, which makes our solution more practical for dispatchers. We42

considered the capacity allocation of platforms in a station, and examined at a microscopic level the detailed routes43
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used by a train to enter and leave a specific station track in the station area. Second, we used ADMM to decompose1

the integrated train rescheduling and dynamic passenger routing problem into several easy-to-solve subproblems, which2

increased the feasibility of the train schedule obtained in the lower bound solution. Finally, we tested our approach on3

a part of the Chinese high-speed railway network, and confirmed that our decomposition approach could solve large4

problems in reasonable time, unlike the CPLEX optimization program (IBM).5

The remainder of this paper is organized as follows. Section 2 reviews the related literature. In Section 3, we6

briefly describe our problem. Model formulations for the integrated train rescheduling and passenger routing problem7

are given in Section 4. In Section 5, we decompose our integrated model by the ADMM algorithm and Lagrangian8

relaxation algorithm, and describe the related algorithms used to solve the relaxed problems. Section 6 presents the9

computational results. Finally, we conclude this study and discuss some future research directions in Section 7.10

2 Literature review11

During railway operations, a timetable is loaded in the railway dispatching center, and trains run according to this12

timetable in a non-disrupted situation. However, disruptions inevitably occur in daily operations and these disruptions13

require trains to deviate from the original timetable. Rescheduling trains in a disrupted situation is an important14

task for dispatchers. Several previous studies focused on train rescheduling problems, such as the recent surveys by15

Cacchiani et al (2014), Corman and Meng (2015) and Fang et al (2015).16

In the following section, we focus on the most relevant research about train rescheduling during a blockage. During17

both partial and complete blockages, disrupted trains cannot pass the blocked segment as scheduled. Nielsen et al18

(2012) studied the rescheduling of rolling-stock in a seriously disrupted situation on the Dutch railway. They had to19

determine the rolling-stock connection between short-turning trains in opposite directions at short-turning stations.20

Louwerse and Huisman (2013) formulated the train rescheduling problem using an integer programming model, which21

generated a disposition timetable for a Dutch railway line. To manage the transition from the original timetable to a22

disposition timetable and vice versa, Veelenturf et al (2016) extended the model of Louwerse and Huisman (2013) by23

taking the rolling-stock rescheduling into account. Dollevoet et al (2017) integrated the timetable rescheduling, rolling-24

stock rescheduling and crew rescheduling, and applied an iterative approach to solve for all three in a closed loop.25

In a disrupted situation where both/all tracks in a segment are blocked (i.e., a complete blockage), disrupted trains26

are short-turned at the stations before the disrupted location, as described in Ghaemi et al (2016). These researchers27

focused on how to short-turn trains in multiple stations adjacent to the disrupted segment during the disruption.28

However, they only considered trains in one direction, and trains were only rescheduled during the disruption, with29

no consideration given to the transition phase. Ghaemi et al (2018) extended the work of Ghaemi et al (2016) by30

considering the trains in both directions and the transition phase. In a more recent research, Zhu and Goverde (2019b)31

further investigated how to short-turn trains when more flexible short-turn stations were available. In the research by32

Nielsen et al (2012), Louwerse and Huisman (2013), Veelenturf et al (2016), Dollevoet et al (2017), Ghaemi et al (2016,33

2018) and Zhu and Goverde (2019b), disrupted trains were short-turned during a disruption due to track blockage.34

This strategy is normally used on railways where a seat reservation system is not applied.35

However, in some railway systems, a seat reservation system exists. Therefore, allowing passengers to change trains36

is more complicated. Usually passengers have to change their booked tickets to those for the rerouted train before37

they board this train. In addition, they may be unable to find a seat on the re-routed train if the train does not have38

enough capacity. Thus, for the passengers’ convenience, disrupted trains are stopped and kept at intermediate stations39

for the duration of the disruption instead of being short-turned, to avoid the need for passengers to transfer trains.40

However, passengers may need to wait for a longer time and arrive at their destination later in a waiting strategy than41
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with a short-turning strategy. A trade-off exists between these two strategies. Hirai et al (2009) conducted research1

on how to stop disrupted trains at appropriate stations during a completely blocked situation, a strategy that is called2

train stop deployment planning. However, they did not account for the train rescheduling required after the disruption3

was over. In contrast, Zhan et al (2015) considered train rescheduling both during and after the disruption, using a4

mixed integer linear programming model to determine the optimal way to stop disrupted trains during the disruption5

and how to reschedule trains after the disruption. Meng and Zhou (2011) have studied the “meet and pass” plan in a6

stochastic environment for trains on a single-track railway line during a temporary track blockage.7

Most of these studies focused on train rescheduling from the railway operator’s perspective, and thus only considered8

deviations, such as total train delay, weighted train delay and train cancelation. Thus, the effect of a disruption9

on passengers was not explicitly considered, although it is an important factor in the railway transportation system.10

Similarly, relatively few studies have considered passenger choice. Cadarso et al (2013) examined the passenger demand11

change during a disrupted situation in a rapid transit network. They rescheduled trains based on the forecast demand12

after the disruption occurred. However, they obtained passengers’ preferences before the disposition timetable was13

released, and passengers therefore did not know the full range of options before making their choice. Therefore, there14

was insufficient interaction between the passenger demand and the disposition timetable. Gao et al (2016) rescheduled15

metro trains in an overcrowded condition after a disruption. Considering that large numbers of passengers would16

be stranded at stations due to the disruption, they introduced a skip-stop strategy to reduce the passengers’ total17

waiting time. However, they only rescheduled trains after the end of the disruption for the recovery stage. Kroon et al18

(2015) rescheduled railway rolling-stock by considering the dynamic passenger demand in an iterative process with19

the rescheduled timetable as an input. Thus, they first rescheduled the rolling-stock based on the given timetable,20

and then assigned passengers to trains. To meet any outstanding passenger demand, rolling-stock was rescheduled21

again while the rolling-stock cost was minimized. Wagenaar et al (2017) investigated a problem similar to that in22

Kroon et al (2015) by accounting for dead-heading trips. The inclusion of dead-heading trips in a major disruption23

could help to reduce the number of trips canceled due to the lack of rolling stock. Therefore, the passenger service24

quality could be improved. Veelenturf et al (2017) extended the work of Kroon et al (2015) by considering timetable25

rescheduling, and thus iteratively solved timetable rescheduling, rolling-stock rescheduling, and passenger-assignment26

problems. However, they considered only train stop pattern changes made during the timetable adjustment stage,27

and other rescheduling strategies were not examined. Furthermore, passenger route-choice in a disrupted situation has28

not been well characterized. Zhu and Goverde (2019a) investigated the details of passenger-routing in a disruption29

by applying a simulation method based on an event-activity network. However, they only simulated the passenger30

route choice and assumed that the disposition timetable was provided to passengers. In a similar manner, Binder et al31

(2017a) studied the capacitated passenger assignment problem with various priority rules, which could be applied in32

passenger-centric train timetabling or rescheduling. Binder et al (2017b) more accurately studied train rescheduling33

and passenger route-choice in a disruption by simultaneously examining both parameters by an ILP model. However,34

their model was solved with CPLEX, which is a time-consuming method for solving a real-world problem; in their case35

study on part of the Dutch railway network, approximately 1 hour was needed to obtain a solution with an acceptable36

optimality gap. Therefore, they concluded that more efficient algorithms were necessary for their model to be applicable37

to real-world problems. In addition, Binder et al (2017b) used a 5-minute time unit to maintain the headway for trains38

using a segment track or station track to move in the same direction. That is, it was not necessary to consider a39

headway constraint because a 5-minute time unit was enough to ensure the headway. However, a five-minute time unit40

is not suitable for high-speed railways with a high speed and a three-minute headway. Finally, because in our work, we41

rescheduled trains based on the strategy of stopping disrupted trains to wait at intermediate stations for the blockage42

to clear, the station capacity constraint was very important (Zhan et al (2015)). This was not a critical aspect in43
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Binder et al (2017b) because they instead opted to short-turn trains during the disruption.1

As Binder et al (2017b) mentioned, the train rescheduling and passenger routing problem is rather difficult to solve2

fully with CPLEX. Thus, a decomposition approach is a promising alternative that reduces the computational time3

required to solve such large problems. For the train rescheduling (dispatching) problem, Lamorgese and Mannino4

(2015) and Lamorgese et al (2016) applied a Benders-like decomposition approach to decompose the train dispatching5

(rescheduling) problem into a master problem associated with the line and a slave problem associated with stations. A6

good solution could be obtained via iterative solution of the master and slave subproblems. Lagrangian relaxation (LR)7

is also widely applied to solve train scheduling and rescheduling problems. Caprara et al (2002), Cacchiani et al (2012)8

and Zhou and Teng (2016) all used LR to decompose train-scheduling problems, while Meng and Zhou (2014) and9

Yin et al (2016) applied LR to solve the train-rescheduling problem. In terms of the integrated train rescheduling and10

passenger routing problem, Corman et al (2017) studied the microscopic delay management problem by integrating the11

passenger routing into a microscopic train rescheduling model in a small disruption. They introduced various heuristics12

to decompose the integrated model and found that good solutions could be obtained in an acceptable computational13

time. However, because they focused on small disruptions, train cancelation was not considered. Furthermore, they14

assumed that the train capacity was infinite, which is not practical in a disrupted situation. To our knowledge, LR15

has not been used to solve integrated train rescheduling and passenger routing on high-speed railways. However, this16

approach has been used to solve similar problems in airline transportation, e.g., Yan and Tseng (2002) applied LR17

to solve flight-scheduling and passenger-routing problems. Yet, although LR can help to decompose a large problem18

into subproblems, sometimes this technique affords a bad lower bound, meaning that feasibility is difficult to achieve.19

In this context, ADMM can be utilized to enhance the feasibility of the decomposed problem by adding a quadratic20

penalty term. For more information on the theory and application of ADMM, interested readers are referred to Boyd21

et al (2011). Recently, ADMM has been applied by Yao et al (2019) to a vehicle routing problem to improve primal22

and dual solution quality. Zhang et al (2019) also used ADMM to relax the headway constraint in train scheduling.23

3 Problem description24

We focused our study on a double-track high-speed railway network with one track in each segment for trains running25

in one direction. Therefore, trains running in one direction do not interact with trains running in the opposite direction26

in a segment between two successive stations. We assume that the tracks in a station that can be used by trains in27

one direction are given. Usually this is decided by some practical rules in daily operations. Passengers who travel on28

the high-speed railway network book tickets in advance. Therefore, they have used a seat reservation system to plan29

the trains to take during their journey. In a disrupted situation in which both tracks in a segment are completely30

blocked for a relatively long period of time, e.g., two hours, neither trains nor passengers can run as scheduled. Thus,31

we had to reschedule disrupted trains and routes for effected passengers immediately and efficiently to both minimize32

the additional operational cost to railway companies and the travel cost to passengers. In the following section, we33

explain the train-rescheduling problem and passenger-routing problem in detail.34

3.1 Train rescheduling35

During a full track blockage situation, trains cannot pass through the disrupted segment. Therefore, many trains will36

have to deviate from their original timetable, especially on a large and busy railway network. In such a scenario, the37

dispatchers must reschedule disrupted trains efficiently based on the existing capacity of the railway infrastructure38

and the status of traffic. Specifically, they must decide the optimal sequence, departure and arrival times of trains for39

each station, and whether any train cancellations are necessary. As mentioned above, we focused on a rescheduling40
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strategy in which disrupted trains were instructed to stop and wait at intermediate stations located before the blockage1

until the blockage cleared. Thus, dispatchers are also required to decide which trains should stop and wait at which2

stations to both prevent hindrance to other trains and to minimize a given train’s operating cost. According to Chinese3

high-speed railway practice, trains are not allowed to be rerouted. Therefore, rerouting trains was out of consideration4

in this research. However, it was not difficult to handle train rerouting with our model with the addition of candidate5

rerouting routes for each train in the space-time network, although a longer computation time was sometimes needed.6

After all, from the perspective of railway companies, this may sometimes be the only way to minimize operational7

costs.8

Here, we illustrate the train-rescheduling problem using the example shown in Figure 1. This example comprised a9

small double-track railway network with six stations (S1 to S6) and five segments between these stations. There were10

two lines: Line 1 consisted of stations S1 to S4, and line 2 consisted of stations S2, S5 and S6. Three trains (G1, G211

and G3) ran on this network: trains G1 and G2 ran on line 1 and train G3 first ran on line 1 and then turned onto12

line 2 at station S2. The running directions for these three trains are shown by the dotted arrow lines in Figure 1. To13

simplify the model, we did not include trains running in the opposite direction. We also assumed that intermediate14

stations S2, S3 and S5 all had two tracks. We assumed a blockage occurred in the segment between stations S2 and15

S3, which meant that the dispatchers had to stop trains G1 and G2 at appropriate stations (S1 and S2) to wait for16

the blockage to be cleared. However, train G3 could continue running because its route did not include the blocked17

location, and it was important that the two stopped trains G1 and G2 did not hinder train G3. Trains G1 and G218

departed earlier than train G3, and thus might hinder train G3 if they both stopped and waited at station S2. The19

dispatchers therefore had to decide which of trains G1 and G2 should stop at station S2 and which should stop at20

station S1. In addition, as soon as the disruption ended, they had to decide the proper sequence and time of departure21

for these trains. Furthermore, if there are more trains scheduled to run from station S1 to S4 on Line 1, the dispatchers22

had to decide, based on current information, whether some of these trains needed to be canceled.

G1

2

G2

G3

S1 S2 S4

S6

Train

Platform Train running direction

Disruption

S3

S5

Figure 1: Train rescheduling in a complete blockage

23

3.2 Passenger routing24

Due to the disruption, some passengers would not be able to take their scheduled train, especially for those who held25

tickets for canceled trains. To minimize the effect of disruptions on passengers, it would be better to allow passengers26

to transfer to other trains to continue their journey rather than only being able to wait for the blocked train that they27

booked, even though their booked train is not canceled. In principle, passengers tend to have a temporary transfer in28

two situations with a seat reservation: a) their reserved trains are canceled; or (b) they can arrive at their destination29

much earlier than by waiting for the reserved train even if the transfer time and probable changing-ticket time are30
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taken into account. For passengers’ convenience, the passenger delay and number of passengers who cannot board1

any train should be minimized. Therefore, we allocated some passengers to other trains to ensure they reached their2

destinations in a timely fashion. However, due to the cancelation of trains and the capacity limitation of a train, some3

passengers could possibly not board any train, and thus would have to leave the railway system. We gave an artificial4

path to these rejected passengers, and a relatively high penalty, i.e., the time horizon T was added if an artificial path5

was utilized.6

In this research, we aimed to minimize the total general passenger travel cost. There were a set of candidate paths7

allocated to each passenger from his/her origin o to his/her destination d, where a path was a sequence of boarding,8

driving, waiting, transfer and alighting movements. We introduced a utility function with each alternative path, and9

we assumed that the passengers selected the path with the highest utility as possible. The utility function of each path10

p depended on the attributes below, based on Robenek et al (2016). Given the fact that it was unusual for passengers11

to depart from their origin earlier than the planned time, earlier departures were not considered. The attributes were12

as follows:13

• In-Vehicle Time (V Tp): time (min) that was spent by passengers in one or several trains along their path p.14

• Waiting Time (WTp): time spent (min) waiting by passengers between two consecutive trains in a station along15

their path p. The time that passengers spent waiting for the first train at their origin was not included as this16

time was accounted for by a later departure time t.17

• Number of Transfers (NTp): number of times that passengers had to change trains along path p.18

• Late Departure (LDp = max(0, t−to)): time difference (min) between the actual departure time t and passengers’19

desired departure time (to) from their origin o.20

In a disrupted situation, passengers do not necessarily need to pay an extra fee if they change trains. Thus, we21

assumed that the price of a trip is equal among all the paths from the same origin-destination pair, which meant that22

it was unnecessary to consider fees in the utility function. For passengers who chose to travel from o by p to reach23

their destination, the utility function was as follows (Equation (1)):24

Up = −(V Tp + β1 ×WTp + β2 ×NTp + β3 × LDp) (1)

where β1 to β3 are the weights for each type of time component described above, and were used to change any25

other times into in-vehicle time. This utility function determines how to calculate the cost of a passenger group using26

a path in this study.27

4 Model formulation28

Some assumptions and notations are given in Section 4.1. We then introduce the space-time networks for trains and29

passengers in Section 4.2. In Section 4.3, we illustrate some rules used when constructing the space-time network. We30

define the incompatible arc sets for our model in Section 4.4. Finally, the ILP model is introduced in Section 4.5.31

4.1 Assumptions and notations32

To formulate the passenger-oriented train rescheduling problem, the basic assumptions were as follows:33

• Each station track connected with the inbound and outbound main lines. The tracks in a station that could be34

used by inbound or outbound trains were defined.35
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• Trains that had already entered the blocked segment at the time of the disruption could continue their journey1

during the disruption, and the duration of the disruption was known when it occurred.2

• In a given segment, inbound trains operated only on the inbound track, while outbound trains operated only on3

the outbound track.4

• Passenger OD demands do not change due to the disruption. In addition, passengers have perfect knowledge of5

the future once the disruption occurs, and they comply with the advice of the railway managers.6

• No crowding can occur due to the ticket reservation system.7

• The rolling stock circulation is not considered.8

• The time required for passengers to temporarily transfer from a preceding train to a successor train during a9

disruption is long when there are seat reservations due to possible ticket changes. We assume that this minimum10

required transfer time is given.11

The notations that were used in our space-time network construction and ILP model formulation are listed in Table12

1.13
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Table 1: The notation used in the space-time network-based model

Notations Description

Sets:
T The set of times, t, t′, τ, τ ′ ∈ T
N The set of physical points, i, i′, j, j′ ∈ N
Nk ⊂ N The set of physical points available for train k
Np ⊂ N The set of physical points available for passenger group p
F The set of station tracks, f ∈ F
L The set of physical links connecting two neighboring physical points, (i, j) ∈ L
K The set of train services, k ∈ K
P The set of passenger groups, p ∈ P
P k ⊂ P The set of passenger groups including passengers booked train k, p ∈ P k
Etr The set of time-expanded train nodes, (i, t) ∈ Etr
Ektr ⊂ Etr The set of time-expanded train nodes available for train k, (i, t) ∈ Ektr
Epa The set of time-expanded passenger nodes, (i, t) ∈ Epa
Eppa ⊂ Epa The set of time-expanded passenger nodes available for passenger group p, (i, t) ∈ Eppa
Atr The set of time-expanded train arcs, (i, j, t, t′) ∈ Atr
Aktr ⊂ Atr The set of time-expanded train arcs available for train k
Apa The set of time-expanded passenger arcs, (i, j, t, t′) ∈ Apa
Appa The set of time-expanded passenger arcs available for passenger group p

Ãtr The set of time-expanded virtual train arcs, (i, j, t, t′) ∈ Ãtr
Ãpa The set of time-expanded virtual passenger arcs, (i, j, t, t′) ∈ Ãpa
Ak,+tr,i ⊂ Aktr The set of available arcs of train k ∈ K leaving physical point i ∈ Nk

Ak,−tr,i ⊂ Aktr The set of available arcs of train k ∈ K entering physical point i ∈ Nk

Ap,+pa,i ⊂ Appa The set of available arcs of passenger group p ∈ P leaving physical point i ∈ Np

Ap,−pa,i ⊂ Appa The set of available arcs of passenger group p ∈ P entering physical point i ∈ Np

Ω(i,j,t,t′) ⊂ Atr The set of conflict train drive arcs with drive arc (i, j, t, t′) in a segment
Ω′(i,j,t,t′) ⊂ Atr The set of conflict train arcs with arc (i, j, t, t′) corresponding to a station track

Parameters:

T̂ The end time of the planned time horizon
cpi,j,t,t′ The passenger travel cost on passenger arc (i, j, t, t′) ∈ Apa for passenger group p

cki,j,t,t′ The train operation cost on train arc (i, j, t, t′) ∈ Atr for train k

np The number of passengers for passenger group p
ok The origin of train k
dk The destination of train k
o′p The origin of passenger group p
d′p The destination of passenger group p
ek The earliest departure time of train k from its origin
lk The latest arrival time of train k at its destination
e′p The earliest departure time of passenger group p from its origin
l′p The latest arrival time of passenger group p at its destination
qk The capacity of train k
ω The weight for train operation cost
Hstart
dis The start time of a disruption

Hend
dis The end time of a disruption

hmindep The minimum departure headway of two trains in a segment

hminarr The minimum arrival headway of two trains in a segment
hminstation The minimum headway of two trains using the same station track

4.2 The space-time graph1

To formulate our problem, we extended the physical railway network into two space-time networks: one being a train2

space-time network and the other being a passenger space-time network. In this subsection, we will first introduce the3

physical railway network, and then the space-time networks for trains and passengers.4
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4.2.1 The railway network1

The railway network consisted of stations and segments spanning the area between two neighbouring stations. We2

focused on a double-track high-speed railway, in which each segment had two tracks. However, a station may have3

many tracks. A simple railway network is shown in Figure 1. Usually stations are regarded as points and segments are4

regarded as links, but to capture the details of the train-running and passenger-traveling process, we modeled a railway5

network at a more detailed level. Thus, each station with two tracks had six points and six links. A simple railway6

network consisting of two stations and one segment between them is given in Figure 2. We focused on one direction for7

this line (from station S1 to station S2). This physical railway network was denoted as G = (N,L). In this network,8

the entry point and the exit point indicated the start point and end point of a station, respectively, while the start9

point and end point on each station track indicated the points that a station track started and ended, respectively,10

with these locations being where a train could pass other trains, or wait.
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point
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Figure 2: A simple physical railway network
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4.2.2 Train space-time network12

We first discretized time into intervals, i.e., T = {0, σ, 2σ, ..., nσ}. The selection of time interval σ was important, and13

could be, for example, one minute or 30 seconds; in this research, one minute was used. We add the time dimension14

to the physical railway network G = (N,L) to extend it to a space-time network for trains, Gtr = (Etr, Atr), where15

Etr was the set of time-expanded nodes of physical points N available for trains and Atr was the set of time-expanded16

arcs of physical link L for trains. A time-expanded train arc (i, j, t, t′) ∈ Atr indicated that a train began to use point17

i at time t and ended by using point j at time t′.18

We assume that each train k started from its origin point ok and ended at its destination point dk, and its earliest19

start time from the origin and latest arrival time at its destination were ek and lk, respectively. Due to the disruption,20

some trains may not operate at all considering the limited railway capacity and the number of passengers who have21

booked passage on the trains. That is, it was assumed to be likely that the railway dispatchers would cancel several22

trains if most of the booked passengers could transfer to other running trains, as this would minimize both use of23

railway capacity and the train operation cost. To account for this situation, we constructed an artificial arc from a24

train’s origin to its destination at exactly the planned time to denote that this train is canceled. The artificial train25

arc set was Ãtr, and the artificial arc for train k was (ok, dk, ek, lk), (ok, dk, ek, lk) ∈ Ãtr.26

Based on the physical railway network and the concept of space-time network for trains, the following types of arcs27

representing all feasible movements of trains are defined. We used the physical network in which a train k runs from28

station S1 to station S2 in Figure 2 as an example to explain all possible space-time train arcs. To explain all the train29

space-time arcs, a simple example of two trains and three stations is shown in Figure 3.30

• Origin-hold arcs represented a late departure, with a train waiting at its origin. These were expressed by the set31

Aoholdtr = {(ok, ok, t, t+ 1)|(ok, t), (ok, t+ 1) ∈ Etr,∀t, t+ 1 ∈ T}. The origin-hold arc was an arc with one unit of32

time, e.g., one min. If a train waited for several minutes, we used several successive origin-hold arcs to denote33
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the waiting process.1

• Access arcs represented a train starting from its origin (e.g., shunting yard) and traveling to the first station in2

the transportation system. This arc set was defined as: Aaccesstr = {(ok, i, t, t′)|(ok, t), (i, t′) ∈ Etr,∀t, t′ ∈ T}.3

Here i was the entry point of the first station that the train used, like the entry point of station S1 in Figure 2.4

• Enter station arcs represented a movement of a train from the entry point of a station to the start point of a5

track in the same station. They were expressed by the set Aentertr = {(i, i′, t, t′)|(i, t), (i′, t′) ∈ Etr,∀t, t′ ∈ T}. For6

example, i was the entry point of station S1, and i′ was the start point of a station track in S1 in Figure 2.7

• Pass arcs represented a train passing a station without stopping for passengers to board and alight. A pass arc8

connected the start point i of a station track with the end point i′ of the same station track, which could be9

expressed as: Apasstr = {(i, i′, t, t′)|(i, t), (i′, t′) ∈ Etr,∀t, t′ ∈ T}.10

• Dwell arcs represented trains waiting at stations for passengers to board and alight. A dwell arc connected the11

start point i of a station track and the end point i′ of the same station track. The arc set could be expressed as:12

Adwelltr = {(i, i′, t, t′)|(i, t), (i′, t′) ∈ Etr,∀t, t′ ∈ T}. Here i and i′ were the start point and end point of a station13

track in a station, e.g., S1 in Figure 2.14

• Extra wait arcs represented trains waiting at a station track for a longer time than the required dwell time.15

An extra wait arc incorporated an extra unit of time. It represented a situation in which a train waited at16

the end point of a station track for one minute. We used several successive extra wait arcs to account for the17

situation wherein a train had to wait for several minutes. An extra wait arc set was expressed as: Aewaittr =18

{(i, i, t, t+ 1)|(i, t), (i, t+ 1) ∈ Etr,∀t, t+ 1 ∈ T}. Here point i was an end point as depicted in Figure 2.19

• Leave station arcs represented a train leaving a station track from the track end point to the station exit point.20

A leave station arc connected the end point of a station track i to the exit point of the station i′. All these arcs21

were expressed by the set Aleavetr = {(i, i′, t, t′)|(i, t), (i′, t′) ∈ Etr,∀t, t′ ∈ T}.22

• Drive arcs represented a train running in a segment. A drive arc connected the exit point of a station i to the entry23

point of the next station i′. They were expressed by the set Adrivetr = {(i, i′, t, t′)|(i, t), (i′, t′) ∈ Etr,∀t, t′ ∈ T}.24

For example, i was the exit point of station S1, and i′ was the entry point of station S2 in Figure 2.25

• Egress arcs represented a train leaving the last station to its destination, i.e., from its last station in the transporta-26

tion system to a shunting yard. This set was expressed as: Aegresstr = {(i, dk, t, t′)|(i, t), (dk, t′) ∈ Etr,∀t, t′ ∈ T},27

where i was the exit point of the last station and dk was the destination point of train k (i.e., shunting yard).28

• Destination-hold arcs represented a train finally arriving and stopping at the shunting yard. They were expressed29

by the set Adholdtr = {(dk, dk, t, t+ 1)|(dk, t), (dk, t+ 1) ∈ Etr,∀t, t+ 1 ∈ T}. The destination-hold arc was an arc30

with one unit of time. We used this arc to denote a train k stopping at its shunting yard at a final arrival time31

lk.32

• Artificial arcs represented a train starting from its origin at the earliest departure time and arriving at its33

destination at the latest arrival time. This arc set was defined as: Ãtr = {(ok, dk, ek, lk)|∀k ∈ K}.34

Therefore, all the space-time train-arcs are Atr = Aoholdtr ∪ Aaccesstr ∪ Aentertr ∪ Adwelltr ∪ Apasstr ∪ Aewaittr ∪ Aleavetr ∪35

Adrivetr ∪ Aegresstr ∪ Adholdtr ∪ Ãtr. Thus, a pass arc denoted a train passing a station without stopping, a dwell arc36

indicated a train stopping at a station for a planned period of time, and an extra wait arc represented a train stopping37

at planned station and remained stopped longer than planned, due to a disruption. Thus, the dwell arc ensured that38
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a train stopped at a station for a period no shorter than the planned time (i.e., the minimum dwell time constraint1

was respected), and the extra wait arc allowed trains to stop at a station for longer than the planned time, which is2

necessary in a disruption. A train can only used a drive arc to pass a segment, which means that the running time of3

a train passing through a segment was fixed and that a train is not allowed to stop within a segment but only at a4

station. This is similar to the green wave policy evaluated in Corman et al (2009).5

Space

Time
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S2

S3

Origin-hold arc Access arc Enter station arc Pass arc

Leave station arc Drive arc Dwell arc Extra wait arc

Egress arc Destination-hold arc Artificial arc

Figure 3: A simple space-time network for trains

4.2.3 Passenger space-time network6

Similar to the train model, we added the time dimension to the physical railway network G = (N,L) to form a space-7

time network for passengers Gpa = (Epa, Apa). Here Epa was the set of time-expanded nodes of physical points N8

available for passengers, and Apa was the set of time-expanded arcs of physical link L for passengers. A time-expanded9

passenger arc (i, j, t, t′) ∈ Apa indicated that a passenger group began using point i at time t and ended using point j10

at time t′.11

For each train k, there were many passengers who had booked tickets with reserved seats. As previously stated, we12

denoted all passengers who had booked tickets for the same train from the same origin station to the same destination13

station as a passenger group. Therefore, each passenger group had the same expected departure time, which was the14

scheduled departure time of the booked train. We did not allow a passenger group to split, as had been permitted in15

previous research such as Binder et al (2017b). Each passenger group p was assigned an origin point o′p and destination16

point d′p, with the earliest start and latest arrival times of e′p and l′p respectively. Similarly, the earliest departure time17

e′p was the planned departure time of the train that passenger group p had booked. The latest arrival time l′p was the18
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denoted the end of the time horizon T̂ .1

Based on this space-time network for passengers, many types of arcs were used to represent the movements of2

passengers. Most passenger arcs were similar to the corresponding space-time train arcs except for transfer arcs and3

penalty arcs. The types of arcs that were used by passengers were defined as below. A simple example of three stations4

and one passenger group is also shown in Figure 4 to illustrate the definition of space-time passenger arcs.5

• Origin-wait arcs represented passengers waiting at their origins. They were expressed by the set Aowaitpa =6

{(o′p, o′p, t, t + 1)|(o′p, t), (o′p, t + 1) ∈ Epa,∀t, t + 1 ∈ T}. An origin-wait arc comprised one unit of time, i.e., one7

min. If a passenger group waited for several minutes at the origin, several successive origin-wait arcs were used8

to represent the waiting process.9

• Arrive arcs represented a passenger group departing from its origin and arriving at the first station of its journey.10

This arc set was defined as: Aarrivepa = {(ok, i, t, t′)|(ok, t), (i, t′) ∈ Epa,∀t, t′ ∈ T}, where i was the entry point of11

the first station, e.g., the entry point of station S1 in Figure 2.12

• In-platform arcs represented a movement of passengers from the station entry point to a platform of the same13

station. They were expressed by the set AIn−platformpa = {(i, i′, t, t′)|(i, t), (i′, t′) ∈ Epa,∀t, t′ ∈ T}. For example,14

i is the entry point of station S1, and i′ is the start point of a station track in S1 in Figure 2.15

• Pass arcs represented passengers on a train passing a station in the middle part of their journey without stopping.16

A pass arc connected the start point i of a station track with the end point i′ of the same station track. The17

set was expressed as: Apasspa = {(i, i′, t, t′)|(i, t), (i′, t′) ∈ Epa,∀t, t′ ∈ T}. Passengers were assumed to remain in18

a train during a pass arc. Thus, passengers and the corresponding train were assumed to use the same arc and19

passengers were assumed to respect the train capacity constraint.20

• Dwell arcs represented passengers waiting in trains at a stop station. A dwell arc connected the start point i21

of a station track with the end point i′ of the same station track. The arc set can be expressed as: Adwellpa =22

{(i, i′, t, t′)|(i, t), (i′, t′) ∈ Epa,∀t, t′ ∈ T}. As with pass arcs, passengers in a dwell arc were assumed to remain in23

a train, passengers and the corresponding train were assumed to use the same arc, and passengers were assumed24

to respect the train capacity constraint.25

• Extra wait arcs represented passengers waiting at a station track for a longer time than the planned waiting time.26

An extra wait arc comprised a unit of time, which meant that passengers waited at the end point of a station27

track for one min. If they waited for several minutes, several extra waiting arcs were used. An extra wait arc was28

expressed as: Aewaitpa = {(i, i, t, t+ 1)|(i, t), (i, t+ 1) ∈ Epa,∀t, t+ 1 ∈ T}, where point i represented an end point,29

such as in Figure 2. In this scenario, passengers could alight from the train to rest on the platform. Therefore it30

was not necessary for passengers to be represented by the same extra wait arc as that of corresponding trains.31

• Transfer arcs represented passengers transferring from one station track to another station track at the same32

station in their middle journey. This set was expressed as: Atransferpa = {(i, j, t, t′))|(i, t), (j, t′) ∈ Epa,∀t, t′ ∈ T}.33

For example, passengers transferring from one end point i to another end point j at station S1 in Figure 2 can34

be represented by a transfer arc.35

• Depart arcs represented passengers departing from the end point of a station track to the station exit point.36

A depart arc connects the end point of a station track i with the exit point of the station i′. The arc set was37

expressed as Adepartpa = {(i, i′, t, t′)|(i, t), (i′, t′) ∈ Epa,∀t, t′ ∈ T}.38
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• Drive arcs represented passengers traveling on a segment. A drive arc connected the exit point of a station i1

with the entry point of the next station i′. The arc set was Adrivepa = {(i, i′, t, t′)|(i, t), (i′, t′) ∈ Epa,∀t, t′ ∈ T}.2

Note that passengers were required to be carried by trains in a segment. Thus passengers and the train that they3

took were constrained to using the same space-time arc, and the number of passengers using the train could not4

exceed the train’s capacity.5

• Leave arcs represented passengers leaving the last station prior to their destination. This set could be expressed6

as: Aleavepa = {(i, d′p, t, t′)|(i, t), (d′p, t′) ∈ Epa,∀t, t′ ∈ T}, where i was the exit point of the last station and dk was7

the destination point of the passengers.8

• End arcs represented passengers finally arriving at their destination and ending their whole trip at the latest9

arrival time. They were expressed by the set Aendpa = {(d′p, d′p, t, t+ 1)|(d′p, t), (d′p, t+ 1) ∈ Epa,∀t, t+ 1 ∈ T}. The10

end arc comprised of one unit of time. We used this arc to denote the passengers waiting at their destination until11

the final arrival time l′p. Note that the passengers usually arrived at their destination earlier than the given time12

(T̂ ) in the passenger space-time network. Thus, this type of arcs represented the conclusion of the passengers’13

whole journey.14

• Penalty arcs denoted passengers that could not travel from their origin to their destination by train due to the15

capacity limitation. This set was expressed as: Apenaltypa = {(o′p, d′p, e′p, l′p)|(o′p, e′p), (d′p, l′p) ∈ Epa}. In a penalty16

arc, the passenger group p was assumed to use a virtual train to travel from the origin to its destination.17
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Figure 4: A simple space-time network for passengers

All the space-time passenger arcs were Apa = Aowaitpa ∪Aarrivepa ∪AIn−platformpa ∪Apasspa ∪Adwellpa ∪Aewaitpa ∪Atransferpa ∪18

14



Adepartpa ∪ Adrivepa ∪ Aleavepa ∪ Aendpa ∪ Apenaltypa . Note that a drive arc, pass arc and dwell arc were for both trains and1

passengers because passengers were on trains on these arcs. That is, arcs of these three types belonged to Atr ∩Apa.2

4.2.4 Cost for space-time network arcs of trains and passengers3

The cost for trains using an arc a ∈ Atr and for passengers using an arc a ∈ Apa was related to the arc type. During4

a disruption, the dispatchers expect that trains do not deviate from their origin schedule too much, and that trains5

can arrive at their destination as soon as possible. Therefore, we considered the cost for operating a train from its6

origin to the destination. We assumed that the cost of operating a train is related to the time and denoted the cost7

coefficient as c. In this context, an origin wait arc, which denoted the late departure of a train, and an extra wait arc,8

which indicated a train stopping for a longer than normal time in a station, are not desirable. Thus, we use parameters9

α1 and α2 to transfer these possibilities to a planned cost, such as scheduled dwell cost in a station. The resulting10

weighted arc cost of trains is shown in Table 2. Similarly, the passenger travel costs were reflected by travel time, and11

we used parameters β1, β2 and β3 to transfer extra waiting, transfer, and late departure to basic travel time. The12

resulting cost for each type of weighted passenger arc is given in Table 3.

Table 2: Weighted train arc cost

Arc name Start node End node Cost of train arc (ckijtt′)

Origin-hold arcs (ok, t) (ok, t+ 1) α1 × c
Access arcs (ok, t) (i, t′) 0
Egress arcs (i, t) (dk, t

′) 0
Enter station arcs (i, t) (j, t′) c× (t′ − t)
Pass arcs (i, t) (j, t′) c× (t′ − t)
Dwell arcs (i, t) (j, t′) c× (t′ − t)
Extra wait arcs (i, t) (i, t+ 1) α2 × c
Leave station arcs (i, t) (j, t′) c× (t′ − t)
Drive arcs (i, t) (j, t′) c× (t′ − t)
Destination-hold arcs (dk, t) (dk, t

′) 0
Artificial arcs (ok, ek) (dk, lk) 0

13

Table 3: Weighted passenger arc cost

Arc name Start node End node Cost of passenger arc (cpijtt′)

Origin-wait arcs (o′p, t) (o′p, t+ 1) β3

Arrive arcs (o′p, t) (i, t′) (t′ − t)
In-platform arcs (i, t) (j, t′) (t′ − t)
Pass arcs (i, t) (j, t′) (t′ − t)
Dwell arcs (i, t) (j, t′) (t′ − t)
Extra wait arcs (i, t) (i, t+ 1) β1

Transfer arcs (i, t) (j, t′) β2

Depart arcs (i, t) (j, t′) (t′ − t)
Drive arcs (i, t) (j, t′) (t′ − t)
Leave arcs (i, t) (d′p, t

′) 0
End arcs (d′p, t) (d′p, t+ 1) 0

Penalty arc (o′p, e
′
p) (d′p, l

′
p) T̂

4.3 Basic space-time graph construction rules14

In a traditional train-rescheduling problem, many operational rules must be respected, such as the minimum train15

running-time and dwell-time constraints. With use of the space-time graph formulation, several constraints could be16
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included in the space-time network construction stage (Mahmoudi and Zhou (2016), Jiang et al (2017)). These are1

summarized below.2

(1) Train running and dwell-time constraints3

The time for a train running in a segment between two stations and dwelling in a station needed to be within a given4

time interval. These constraints could be inherently considered when constructing the drive and wait arcs. We assumed5

that the running time of trains in a segment was fixed. Thus, the time (t′ − t) for each drive arc (i, j, t, t′) ∈ Adrivetr6

was equal to the given time. Speed control is not considered in this study; interested readers are referred to Xu et al7

(2017) for further information about train speed control in train rescheduling. For a dwell arc (i, j, t, t′) ∈ Adwelltr , we8

set its duration time (t′ − t) to the minimum dwell time. If a train stopped at a station for a longer time than the9

minimum dwell time, it used several extra wait arcs, as mentioned previously.10

(2) No anticipation on the occurrence of the disruption11

Before a disruption occurred, we assumed that trains were running as scheduled. That is, anticipation of the12

disruption was not allowed. Due to this assumption, trains had to use the same arc as scheduled before the disruption,13

which helped reduce the number of arcs used.14

(3) Prevention of trains passing the blocked segment15

No trains were permitted to pass the blocked segment during the disruption. Therefore, if a train had been scheduled16

to pass the segment during the disruption, it could not do so; it had to wait until the blocked segment was cleared.17

No train k ∈ K could use any disrupted train arc (i, j, t, t′) ∈ Atr, Hstart
dis ≤ t ≤ Hend

dis . Here Hstart
dis and Hend

dis were the18

start and end time of a disruption, respectively.19

4.4 Incompatible arc sets20

To formulate the train rescheduling problem, we first defined an incompatible arc set Ω(i,j,t,t′) to model the departure21

and arrival headway constraints between two trains, similar to the method used by Caprara et al (2002) and Zhou et al22

(2017) for railway timetabling. The incompatible arc set Ω(i,j,t,t′) for a space-time train drive arc (i, j, t, t′) ∈ Adrivetr23

was defined in Equation (2):24

Ω(i,j,t,t′) = {(i, j, τ, τ ′) : |t− τ | < hmindep ∪ |t′ − τ ′| < hminarr } (2)

where parameters hmindep and hminarr are the minimum departure and arrival headway time between two trains respectively.25

This equation indicated that if an arc (i, j, t, t′) ∈ Adrivetr was used by a train, no other arc (i, j, τ, τ ′) ∈ Adrivetr with a26

smaller departure or arrival headway than the given value could be used again by another train. Note that if a train27

k ∈ K was canceled (i.e., the artificial train arc was used), the headway constraint between this train and any other28

train was not required to be considered. Therefore, for any train k ∈ K, the artificial arc (ok, dk, ek, lk) ∈ Ãtr was29

derived from subset Ω(i,j,t,t′).30

Similar to the incompatible arc set defined for the headway constraint, we also defined an incompatible arc set for31

a station track f ∈ F to ensure that the station capacity constraint was respected in a disrupted situation. From the32

space-time network for trains we had constructed, we could see that possibly five arcs of different types corresponded33

to a station track, (i, j, t, t′) ∈ Aentertr , (i, j, t, t′) ∈ Apasstr , (i, j, t, t′) ∈ Adwelltr , (i, j, t, t′) ∈ Aewaittr , and (i, j, t, t′) ∈ Aleavetr .34

As each station track could in practice be used by only one train at any given time, each of these five arcs could only be35

occupied by one train at any given point of time. That is, these five arcs were incompatible among different trains. For36

each arc (i, j, t, t′) ∈ Aentertr ∪Apasstr ∪Adwelltr ∪Aewaittr ∪Aleavetr corresponding to the same station track, its incompatible37
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arc set Ω′(i,j,t,t′) was defined as follows (Equation (3)):1

Ω′(i,j,t,t′) = {(i′, j′, τ, τ ′) : (t− τ ′) < hminstation ∪ (τ − t′) < hminstation} (3)

where arc (i, j, t, t′) and arc (i′, j′, τ, τ ′) correspond to the same station track. This indicated that if an arc (i, j, t, t′)2

was occupied by a train, any other arc (i′, j′, τ, τ ′) ∈ Aentertr ∪ Apasstr ∪ Adwelltr ∪ Aewaittr ∪ Aleavetr could only be used by3

another train if it was at least hminstation minutes after arc (i, j, t, t′) was released.4

It is important to note that the station capacity constraint was different from the headway constraint in two aspects.

One aspect was that a train could use several arcs corresponding to a station track to finish its operation within the

station area. For example, a train could use a dwell arc and several extra wait arcs in the same station if it stopped

at the station for a longer time than the planned dwell time. However, only one drive arc (i, j, t, t′) ∈ Adrivetr could be

used by a train in a segment. The other aspect was that a train could use an arc corresponding to a station track only

after previous trains had finished using any of the five arcs corresponding to the same station track, but more than one

train could simultaneously use a drive arc in a segment if their headway times were greater than the minimum headway

time. To simplify the notations in our model, we used the same format Φ(i, j, t, t′) to describe the incompatible arc set

for a drive arc (i, j, t, t′) ∈ Adrivetr and an arc (i, j, t, t′) ∈ Aentertr ∪ Apasstr ∪ Adwelltr ∪ Aewaittr ∪ Aleavetr in a station. We

used AStracktr to describe Aentertr ∪ Apasstr ∪ Adwelltr ∪ Aewaittr ∪ Aleavetr , which included all the five arcs corresponding to a

station track.

Φ(i, j, t, t′) =

 Ω(i,j,t,t′) if arc (i, j, t, t′) ∈ Adrivetr

Ω′(i,j,t,t′) if arc (i, j, t, t′) ∈ AStracktr

(4)

4.5 ILP model formulation5

Based on the graph for trains and passengers defined in Section 4.2, and the notations defined in Table 1, we first

developed the following binary variable describing trains. This variable denoted whether train k uses arc (i, j, t, t′) ∈
Atr, which was defined as follows.

xki,j,t,t′ =

 1 if train k ∈ K uses time-expanded arc (i, j, t, t′) ∈ Atr
0 otherwise

We also developed another binary variable to designate whether passenger group p traveled on arc (i, j, t, t′) ∈ Apa.

Note that there are many different passenger groups p ∈ P k related to a given train k, because many passenger groups

booked the same train k.

vpi,j,t,t′ =

 1 if passenger group p ∈ P uses time-expanded arc (i, j, t, t′) ∈ Apa
0 otherwise

Passengers want to arrive at their destination as soon as possible, and we recognized this by assuming that passengers

chose routes according to their utility. However, the railway operator wants to minimize the operation cost. Therefore,

we took both the passenger’s convenience and the train operational cost into account, and we minimized the total

general travel cost for the passengers and the operation cost for the railway company.

min: Z =
∑
p∈P

∑
(i,j,t,t′)∈Ap

pa

cpi,j,t,t′ × np × v
p
i,j,t,t′ + ω ×

∑
k∈K

∑
(i,j,t,t′)∈Ak

tr

cki,j,t,t′ × xki,j,t,t′ (5)

subject to:
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Train operational constraints:∑
(i,j,t,t′)∈Ak,+

tr,ok

xki,j,t,t′ = 1 ∀k ∈ K (6)

∑
(i,j,t,t′)∈Ak,−

tr,i

xki,j,t,t′ =
∑

(j,i,t,t′)∈Ak,+
tr,i

xkj,i,t,t′ ∀k ∈ K, ∀i ∈ Nk : i 6= ok ∩ i 6= dk, (7)

∑
(i,j,t,t′)∈Ak,−

tr,dk

xki,j,t,t′ = 1 ∀k ∈ K (8)

∑
k∈K

∑
(i′,j′,τ,τ ′)∈Φ(i,j,t,t′)

xki′,j′,τ,τ ′ ≤ 1 ∀(i, j, t, t′) ∈ Adrivetr or (i, j, t, t′) ∈ AStracktr (9)

xki,j,t,t′ ∈ {0, 1} ∀(i, j, t, t′) ∈ Atr,∀k ∈ K (10)

Passenger route choice constraints:∑
(i,j,t,t′)∈Ap,+

pa,o′p

vpi,j,t,t′ = 1 ∀p ∈ P (11)

∑
(i,j,t,t′)∈Ap,−

pa,d′p

vpi,j,t,t′ = 1 ∀p ∈ P (12)

∑
(i,j,t,t′)∈Ap,−

pa,i

vpi,j,t,t′ =
∑

(j,i,t,t′)∈Ap,+
pa,i

vpj,i,t,t′ ∀p ∈ P, ∀i ∈ N
p : i 6= o′p ∩ i 6= d′p (13)

∑
p∈P

np × vpi,j,t,t′ ≤
∑
k∈K

qk × xki,j,t,t′ ∀(i, j, t, t′) ∈ Atr ∩Apa (14)

vpi,j,t,t′ ≥ x
k
i,j,t,t′ ∀k ∈ K,∀p ∈ P k,∀(i, j, t, t′) ∈ Aktr ∩Appa (15)

vpi,j,t,t′ ∈ {0, 1} ∀p ∈ P,∀(i, j, t, t
′) ∈ Appa (16)

In objective (5), the first sum is the total general passenger travel cost, while the second sum is the total weighted1

train operation cost. Parameter ω denotes the relative weight of these two parts, and its value can be decided by the2

railway operators. The cost of a passenger group using a penalty arc is high, while that of a train using an artificial train3

arc is low. Therefore, during a disruption, railway managers can make a trade-off between the passenger convenience4

and the train operation cost. Constraints (6), (7), and (8) are the train flow conservation constraints. Constraint (9)5

prevents any two conflict arcs in a segment between two successive stations being occupied by trains simultaneously6

when arc (i, j, t, t′) ∈ Adrivetr . This is also called the headway constraint for any two trains. Constraint (9) is also the7

station capacity constraint when (i, j, t, t′) ∈ AStracktr , which formulates that at most one train can use an arc of a8

station track at any time t. The detailed difference between headway and station capacity constraints was explained9

in Section 4.4. Constraint (10) shows the domain of binary variable xki,j,t,t′ .10

Constraints (11), (12), and (13) represent the passenger flow conservation constraints. The train capacity constraint11

is given by (14), which states that the total number of passengers that use arc (i, j, t, t′) cannot exceed the total capacity12

of train k that utilizes the same arc. This constraint also indicates that if passengers choose to use arc (i, j, t, t′), at13

least one train must also use it. Recall that in constraint (14), we only considered drive arcs, pass arcs and dwell arcs14

that are used by both trains and passengers. Constraint (15) ensures that if train k is not canceled, all passengers in15

group p that have booked tickets for train k will keep using this train k. Note that this constraint can be relaxed if16

passengers are allowed to change trains freely, especially when no seat reservation system is applied. The last constraint17

shows the domain of variable vpi,j,t,t′ .18

Our model is similar to that in Kecman et al (2013) for the train rescheduling problem, in which train rescheduling is19

considered in detail, close to a microscopic level. However, the model in Kecman et al (2013) was based on an alternative20

18



graph, and big M formulations were applied to linearize disjunctive constraints; in contrast, our model is based on1

space-time networks, and time-indexed formulations are applied to linearize disjunctive constraints. Furthermore, our2

model integrates passenger routing into train rescheduling in a major disruption; however, the models in Kecman et al3

(2013) only considered train rescheduling in a small disruption.4

5 Problem decomposition and a solution method5

To simplify the notations used in our model, we use a instead of (i, j, t, t′) as the space-time arc index in the the6

following. In this section, we will first introduce how to decompose our model by ADMM, and then illustrate the7

approach to solve the decomposed problem. Finally, we introduce LR to decompose our model to obtain a lower8

bound.9

5.1 Problem decomposition based on ADMM10

Lagrangian relaxation is a widely used dual decomposition approach, that can reduce the complexity of optimization11

problems by relaxing the complicated constraints and adding them in the objective function. After the decomposition,12

the original problem usually can be divided into several easy-to-solve subproblems. Augmented Lagrangian relaxation13

further introduces a quadratic penalty term into the objective when a complicated constraint is relaxed. Compared14

to Lagrangian relaxation, Augmented Lagrangian relaxation can improve the robustness and functional convexity.15

However, the quadratic term in the objective function makes the relaxed problem nonlinear, and it thus cannot be16

easily decomposed into several independent subproblems. That is, the variables for subproblems are dependent. By17

combining the Augmented Lagrangian relaxation with the block coordinate decent method, ADMM was adopted to18

update variables sequentially in a block-by-block manner (Bertsekas (1999)). Therefore, the relaxed problem was made19

separable. In addition, compared to LR, ADMM has the advantages of breaking symmetry and strong convexity.20

Therefore, we used ADMM instead of LR to decompose our integrated model, as the lower bound provided by the21

latter is far from feasibility. The theoretical convergence of the standard ADMM for convex programming with two22

blocks has been discussed (Gabay (1983); Eckstein and Bertsekas (1992)). However, researchers have also recognized23

that there is no guarantee for the convergence of ADMM when extended to handle multiple blocks or when applied24

to nonconvex problems (Lin et al (2015); Chen et al (2016)). Due to the nature of integer variables, our proposed25

model is considered a type of nonconvex programming model. Furthermore, the proposed solution approach is an26

extended multi-block version of ADMM. In these complex situations, convergence of our ADMM-based framework27

cannot be guaranteed. Our approach aims to find a good feasible solution within a short computation time, but it28

cannot guarantee the optimal solution. For more information about ADMM, we refer the readers to Bertsekas (1999)29

and Boyd et al (2011), and two recent papers by Yao et al (2019) and Zhang et al (2019).30

The passenger-oriented train rescheduling model described in the previous section was an ILP model. It included31

three types of constraints: train-routing constraints (6) ∼ (10) corresponding to binary variable xka, passenger routing32

constraints (11) ∼ (13) and (16) corresponding to binary variable vpa, and coupling constraints (14) and (15) corre-33

sponding to both variables xka and vpa. This integrated problem was quite complicated to solve by commercial solver,34

e.g., CPLEX. Therefore, we decomposed the integrated model by a two-level ADMM decomposition approach. In the35

first level, we relaxed the coupling constraint (14) to divide the integrated problem into two subproblems. Constraint36

(15) was to prevent passengers transferring to other trains if the train that they booked was in operation. However, as37

this may cause long delays for some passengers, we allowed passengers to transfer to other trains even if the train they38

booked was not canceled, i.e., constraint (15) was omitted. We introduced some strategies to manage this constraint39

in a high-speed railway system with seat reservation in our solving approach. In the second level, we relaxed the train40

19



headway and station capacity constraint (9), as this constraint is a complicated constraint corresponding to many1

trains instead of a single train. This two-level decomposition procedure is shown in Figure 5, where |K| and |P | are2

the total numbers of trains and passenger groups. respectively.

Integrated train rescheduling 

and passenger routing problem

Relax coupling 

constraint (14)

Train rescheduling problem Passenger routing problem

Relax headway and station 

capacity constraint (9)

Single train rescheduling 

Problem 1

Single train rescheduling 

Problem |K|
... Single passenger group 

routing problem 1

Single passenger group 

routing problem |P|
...

Second level 

decomposition

First level 

decomposition

Iterative approach

Figure 5: The two-layer decomposition procedure

3

To relax the two complex constraints (constraints (9) and (14)) by ADMM, we first introduce two slack variables

ra and sa to transfer them from inequality constraints to equality constraints (9a) and (14a).

∑
k∈K

∑
a′∈Φ(a))

xka′ + ra = 1 (9a)

∑
p∈P

np × vpa + sa =
∑
k∈K

qk × xka (14a)

Then, we introduced two sets of Lagrangian multipliers and quadratic penalty parameters (Table 4). Parameter ξ(a)4

is the Lagrangian multiplier corresponding to the train headway constraint and station capacity constraint, and γ(a)5

is the Lagrangian multiplier related to coupling constraint (14). Parameters ρ1 and ρ2 are the quadratic penalty6

coefficients for relaxing constraints (9) and (14) respectively.

Table 4: The definitions of augmented Lagrangian multipliers

Lagrangian multipliers Quadratic penalty Defining ranges Corresponding constraints

ξ(a) ρ1 ∀a ∈ Adrivetr or a ∈ AStracktr Constraint (9)
γ(a) ρ2 ∀a ∈ Atr ∩Apa Constraint (14)

(1) AStrack
tr = Aenter

tr ∪Apass
tr ∪Adwell

tr ∪Aewait
tr ∪Aleave

tr .
(2) Atr ∩Apa = Adrive

tr (Adrive
pa ) ∪Apass

tr (Apass
pa ) ∪Adwell

tr (Adwell
pa ).

7

By introducing these slack variables, Lagrangian multipliers and quadratic penalty parameters, the two constraints8

could be incorporated into the objective function. The relaxed model was thus as follows (Equation (17)):9

min ZL =
∑
p∈P

∑
a∈Ap

pa

cpa × np × vpa + ω ×
∑
k∈K

∑
a∈Ak

tr

cka × xka+

∑
a∈Adrive

tr or a∈AStrack
tr

ξ(a)(
∑
k∈K

∑
a′∈Φ(a)

xka′ − 1) + ρ1/2
∑

a∈Adrive
tr or a∈AStrack

tr

(
∑
k∈K

∑
a′∈Φ(a))

xka′ − 1 + ra)2+

∑
a∈Atr∩Apa

γ(a)× (
∑
p∈P

np × vpa −
∑
k∈K

qk × xka) + ρ2/2
∑

a∈Atr∩Apa

(
∑
p∈P

np × vpa −
∑
k∈K

qk × xka + sa)2

(17)

20



subject to (6)-(8) and (10); (11)-(13) and (16).1

In the model, we had two types of variables. Thus, the relaxed model could be decomposed into two subprob-2

lems: a train rescheduling subproblem and a passenger routing subproblem. We could then iteratively solve the two3

subproblems by the block coordinate descent method. That is, when we solved one subproblem, we temporarily fixed4

the variables in the other subproblem based on the latest solution. This iterative procedure is illustrated in Figure 6,5

in which it can be seen that when the passenger routing problem (Pv) in iteration m is solved, the variable xka for6

the train rescheduling problem was temporarily fixed in the current iteration. After we solved the passenger routing7

problem in iteration m, we could solve the train rescheduling problem (Px) in iteration m + 1 with the variable vpa8

fixed to its value obtained in iteration m. Then, after solving the train rescheduling problem (Px) in iteration m+ 1,9

we temporarily fixed its solution and solved the passenger routing problem (Pv) in iteration m + 2. We used xka to10

denote the fixed value of variable xka, and vpa to denote the fixed value of variable vpa. The two subproblems in our11

iterative approach were as follows (Equations (18) and (19)):

rescheduling routing

routing rescheduling

rescheduling routing

Integrated problem
Iterations

Temporally fixed solution Current subproblem

Px Pv Px Pv

m

m+1

m+2

Integrated problem

Figure 6: Procedure for iterative solution of the two subproblems.

12

Px:13

min: Zx =ω ×
∑
k∈K

∑
a∈Ak

tr

cka × xka+

∑
a∈Adrive

tr or a∈AStrack
tr

ξ(a)(
∑
k∈K

∑
a′∈Φ(a)

xka′ − 1) + ρ1/2
∑

a∈Adrive
tr or a∈AStrack

tr

(
∑
k∈K

∑
a′∈Φ(a)

xka′ − 1 + ra)2+

∑
a∈Atr∩Apa

γ(a)× (
∑
p∈P

np × vpa −
∑
k∈K

qk × xka) + ρ2/2
∑

a∈Atr∩Apa

(
∑
p∈P

np × vpa −
∑
k∈K

qk × xka + sa)2

(18)

subject to (6)-(8) and (10).14

Pv:15

min: Zv =
∑
p∈P

∑
a∈Ap

pa

cpa × np × vpa+

∑
a∈Atr∩Apa

γ(a)× (
∑
p∈P

np × vpa −
∑
k∈K

qk × xka) + ρ2/2
∑

a∈Atr∩Apa

(
∑
p∈P

np × vpa −
∑
k∈K

qk × xka + sa)2
(19)

subject to (11)∼(13) and (16).16

As both subproblems were composed of only flow-conservation constraints and variable-domain constraints, they17

could be treated as two generalized least cost/shortest path problems in a space-time network, with one problem being18

for trains, and the other being for passengers. The shortest path problem could be solved by, e.g., label correcting19

or dynamic programming (DP) in polynomial time. In this research, DP was applied to solve the shortest path20

subproblem.21

21



5.2 Solution approach to the decomposed subproblems1

By using the decomposition approach described in the previous section, we could derive two subproblems. However,2

the quadratic terms in the objectives of the two subproblems obtained by ADMM were difficult to handle. Thus, we3

transformed these into linear terms, given the fact that both variables in the two subproblems were binary variables.4

The detailed processes for working with the quadratic terms are shown in Appendix A. After transforming the quadratic5

term into a linear term in the objective function, the train rescheduling subproblem could be further decomposed into6

single-train rescheduling subproblems, and the model for a single train k was as follows (Equation (20)):7

P k
x :8

min Zkx =ω ×
∑
a∈Ak

tr

cka × xka+

∑
a∈Adrive

tr or a∈AStrack
tr

∑
a′∈Φ(a)

[
ξ(a)× xka′ + ρ1/2× (2ψka′ − 1)× xka′

]
+

∑
a∈Atr∩Apa

γ(a)× (−qk × xka) + ρ2/2× qk × (qk + 2× µka − 2×
∑
p∈P

np × vpa)× xka


=
∑
a∈Ak

tr

cka × xka

(20)

subject to constraints (6)-(8) and (10), and where cka is the general cost for train k using arc a, which is defined as

follows (Equation (20a)):

cka =



cka a /∈ (Adrivetr ∪AStracktr ) and a /∈ Atr ∩Apa
cka + ξ(a) + (ρ1 × ψka′ − ρ1/2) a ∈ (Adrivetr ∪AStracktr )

cka − qk × γ(a) + ρ2/2× qk × (qk + 2× µka − 2×
∑
p∈P np × v

p
a) a ∈ Atr ∩Apa

cka + ξ(a) + (ρ1 × ψka′ − ρ1/2)− qk × γ(a)+

ρ2/2× qk × (qk + 2× µka − 2×
∑
p∈P np × v

p
a) a ∈ (Adrivetr ∪AStracktr ) and a ∈ Atr ∩Apa

(20a)

In Equation (20a), a′ ∈ Φ(a) for a ∈ (Adrivetr ∪AStracktr ). We may have two parts of linear and quadratic penalty terms

because we use two-layer decomposition by ADMM. The second part is obtained by relaxing the coupling constraint

(14). We can see that either the train capacity qk or the volume of passengers (np) in passenger group p, is multiplied

in the cost function in equation (20a), which makes the cost for relaxing the coupling constraint much higher than that

for relaxing the headway and station capacity constraints. In our study, it was more important to obtain a feasible train

disposition timetable than to solve the passenger routing problem because a feasible timetable was the prerequisite

for passenger routing. Therefore, the cost for relaxing the coupling constraint (14) could not be higher than that for

relaxing the headway and station capacity constraints (9). To satisfy this requirement, we introduced a Lagrangian

heuristic to ensure the feasibility of the integrated problem. Specifically, we set an upper bound (up1) and a lower

bound (lo1) for the cost of the linear term and an upper bound (up2) and a lower bound (lo2) for the quadratic term

for relaxing the coupling constraint, where up1 + up2 < ρ1, and |lo1|+ |lo2| < ρ1. This could help to limit the cost of

relaxing the coupling constraint. Thus, the cost of train k using arc a becomes represented by Equation (20b) (below)

22



when we search for the train path by a dynamic programming algorithm:

cka =



cka a /∈ (Adrivetr ∪AStracktr ) and a /∈ Atr ∩Apa
cka + ξ(a) + (ρ1 × ψka − ρ1/2) a ∈ (Adrivetr ∪AStracktr )

cka −max{lo1,min{qk × γ(a), up1}}+ max{lo2,min{
ρ2/2× qk × (qk + 2× µka − 2×

∑
p∈P np × v

p
a), up2}} a ∈ Atr ∩Apa

cka + ξ(a) + (ρ1 × ψka − ρ1/2)−
max{lo1,min{qk × γ(a), up1}}+ max{lo2,min{
ρ2/2× qk × (qk + 2× µka − 2×

∑
p∈P np × v

p
a), up2}} a ∈ (Adrivetr ∪AStracktr ) and a ∈ Atr ∩Apa

(20b)

Similarly, the passenger routing subproblem could also be decomposed into many single passenger-group routing1

subproblems after transforming the quadratic term into a linear term in Equation (19). The subproblem for each2

passenger group p was as follows (Equation (21)):3

P p
v :4

min Zpv =
∑
a∈Ap

pa

cpa × np × vpa+

∑
a∈Atr∩Apa

γ(a)× np × vpa + ρ2/2× np × (np − 2×
∑
k∈K

qk × xka + 2× µpa)× vpa

=
∑
a∈Ap

pa

cpa × vpa

(21)

subject to Equations (11)-(13) and (16).5

In Equation (21), cpa is the general cost for passenger group p using arc a, and is defined as follows (Equation (21a)).

cpa =

 cpa × np a /∈ Atr ∩Apa
cpa × np + γ(a)× np + ρ2/2× np × (np − 2×

∑
k∈K qk × x

k
a + 2× µpa) a ∈ Atr ∩Apa

(21a)

As mentioned previously, we omit constraint (15) of the ILP model in the problem decomposition. Here we introduce6

how we handle that constraint in our solution approach. We introduce a coefficient δ (0 < δ < 1) of the cost to a7

passenger who uses his or her reserved train. If a passenger uses the reserved train, the travel cost equals the general8

cost multiplied by δ. That is, if passenger group p uses its reserved train to travel on arc a, the cost cpa in Equation9

(21a) equals to δ × cpa. In this way, we give priority to passengers who choose their reserved train in a seat reservation10

system.11

Using the problem decomposition method described, we can solve the subproblems by a cyclic block coordination12

descent method (Saha and Tewari (2013) and Sun and Hong (2015)). The detailed procedure for the solution approach13

is given in Algorithm 1 (below). Note that an inner iteration was utilized both in Step 2.1 to solve the train-rescheduling14

subproblem and in Step 2.2 to solve the passenger-routing subproblem. The methods of these solutions can be found15

in Algorithm 2 in Appendix C and Algorithm 3 in Appendix D, respectively.16
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Algorithm 1 Two-layer decomposition algorithm

Input:

The space-time network Gtr = (Etr, Atr) for trains and Gpa = (Epa, Apa) for passengers;

The original timetable and passenger OD matrix;

The disruption information;

The planning horizon and the number of trains and passenger groups considered within the planning horizon

Output:

The best train trajectory in the space-time network (for train operation) for each train k ∈ K;

The passenger route choice in the space-time network (for passenger routing) for each passenger group p ∈ P
Step 1: Initialization

Initialize the iteration number m = 0;

Initialize Lagrangian multipliers ξm(a) and γm(a), and penalty parameter ρ1 and ρ2;

Initialize the upper bounds up1 and up2, and lower bounds lo1 and lo2;

Set the best upper bound UB∗ = +∞;

Set the maximum iteration step M ;

Initialize the variable vpa = 0 for each p ∈ P and calculate
∑
p∈P np × vpa as input for subproblem Px

Step 2: Solve the decomposed subproblems iteratively

Step 2.1: Solve subproblem Px

Calculate the generalized Lagrangian cost cka for each space-time train arc a by Equation (20b);

Solve the P kx for each train k by forward DP (see Algorithm 2 in Appendix C);

Obtain the train rescheduling results of xka and the value of the objective function Zmx at iteration m;

Calculate
∑
k∈K x

k
a for each train arc a, as input for subproblem Pv

Step 2.2: Solve subproblem Pv

Calculate the generalized Lagrangian cost cpa for each space-time passenger arc a by Equation (21a);

Solve the P pv for each passenger group p by forward DP (see Algorithm 3 in Appendix D);

Calculate the passenger routing results of vpa and the value of the objective function Zmv at iteration m;

Calculate
∑
p∈P v

p
a for each passenger arc a, as input for subproblem Px in the following iteration

Step 3: Generating upper bound UB∗

Generate a feasible solution (by Algorithm 4 in Appendix E) and calculate upper bound of the objective value at

current iteration UBm;

Generate the new best upper bound UB∗ = min{UB∗, UBm}
Step 4: Updating the values for Lagrangian multipliers

Update Lagrangian multiplier for coupling constraint:

γ(a)m+1 = γ(a)m + ρ2 × (
∑
p∈P np × vpa −

∑
k∈K qk × x

k
a) ∀a ∈ Atr ∩Apa;

Note that the values of parameters ρ1 and ρ2 are fixed in this study

Step 5: Termination conditions

If m < M , let m = m+ 1, and go back to Step 2; otherwise, output the best upper bound solution and terminate

the algorithm.

5.3 Calculate the lower bound solution by LR1

The ADMM-based solution framework is applied to obtain feasible solutions. To evaluate the quality of the obtained2

feasible solutions, we construct a pure LR model to calculate the corresponding lower bound solutions. Specifically,3

the quadratic penalty terms are removed from Equation (17). The LR relaxation model is as follows:4

min ZLR =
∑
p∈P

∑
a∈Ap

pa

cpa × np × vpa + ω ×
∑
k∈K

∑
a∈Ak

tr

cka × xka+

∑
a∈Adrive

tr or a∈AStrack
tr

ξ(a)(
∑
k∈K

∑
a′∈Φ(a)

xka′ − 1)+

∑
a∈Atr∩Apa

γ(a)× (
∑
p∈P

np × vpa −
∑
k∈K

qk × xka)

(22)
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subject to (6)-(8) and (10); (11)-(13) and (16).1

Like the decomposition procedure of the ADMM-based model, the LR-based model can be decomposed into two2

subproblems.3

P̄x:4

min: Z̄x =ω ×
∑
k∈K

∑
a∈Ak

tr

cka × xka+

∑
a∈Adrive

tr or a∈AStrack
tr

ξ(a)(
∑
k∈K

∑
a′∈Φ(a)

xka′ − 1)−
∑

a∈Atr∩Apa

γ(a)×
∑
k∈K

qk × xka
(23)

subject to (6)-(8) and (10).5

P̄v:6

min: Z̄v =
∑
p∈P

∑
a∈Ap

pa

cpa × np × vpa +
∑

a∈Atr∩Apa

γ(a)×
∑
p∈P

np × vpa (24)

subject to (11)-(13) and (16).7

The dynamic programming algorithms used to solve these two subproblems P̄x and P̄v are similar to those in the8

ADMM solution procedure. The only difference is the LR cost for each train and passenger arc. We use the traditional9

sub-gradient method to update both multipliers ξ(a) and γ(a) in LR iterations; however, as mentioned above, the10

multiplier for the coupling constraint (14) is much larger than that for the headway constraint (9), so the step-size used11

to update γ(a) should be smaller than that used to update ξ(a). In this study, the former is ε/(1 + iteration step),12

where the parameter ε is smaller than 1 and the iteration step is the current iteration step in LR; the latter is13

1/(1 + iteration step). The detailed iterative procedure of LR is well known; thus, we omit it here.14

6 Experiments and results15

In this section, we describe the experimental results from using our approach on an artificial railway network and part16

of the real-world Chinese high-speed railway network. In the small case study, the model was coded in Python, and17

IBM ILOG CPLEX 12.8 was utilized as the solver with CPLEX parameters set to their default values. In the large18

case study, our algorithm was coded in Python. The small case study were run on an Intel Core i7-7700 processor19

CPU @3.60GHz (i.e., 3.60GHz, 16.0GB RAM desktop), and the large case study were run on an Intel Core i9-9900K20

processor CPU @3.60GHz (i.e., 3.60GHz, 32.0GB RAM desktop).21

6.1 A small case study22

In this section, we first introduce the small-scale example and test the applicability of our decomposition approach.23

Then, we illustrate how to manage the rescheduling problem with a seat reservation system. Finally, we investigate24

the influence of parameter ω.25

6.1.1 Optimality test26

To validate our integrated train rescheduling and passenger routing model, we first tested it on a small hypothetical27

railway network, as shown in Figure 7. This railway network consisted of seven stations from station S1 to station S7.28

Each station had two tracks, and each station track was adjacent to the platform, which meant that it could be used by29

trains to either dwell or pass. To simplify the model, we assumed that each side of the platform in a station served one30

station track. All the station tracks were numbered from 1 to 14. To carefully capture the running process of trains31
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and traveling process of passengers, the railway network was denoted by 42 points (i.e., the black spots). Three trains1

ran on the railway network: trains G1 and G2 ran from station S1 to station S6 without using station S7, and train2

G3 ran from station S1 to station S6 using station S7 (see the dotted arrow lines shown in the figure). A disruption3

was modeled to occur in the segment between stations S3 and S4, and to block the segment for 25 mins from time4

15-40 min. The planning horizon that we considered was from 1-90 min. The original timetable for these three trains5

is given in Table 5, together with both the arrival and departure times for each train at each station.
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Figure 7: A small hypothetical railway network

6

Table 5: The original train timetable

Train S1 S2 S3 S4 S7 S5 S6

G1 2-5 10-13 18-21 26-29 - 34-37 42-45
G2 7-10 15-18 23-26 31-34 - 39-42 47-50
G3 12-15 20-23 28-31 - 36-39 44-47 52-55

We assumed that all three trains ran at the same speed (five min per segment), and had the same scheduled dwell7

time in each station (three min). Each train served three passenger groups, as shown in Table 6, and each train could8

accommodate 30 passengers (qk). The minimum headway of two trains running in a segment was three min, and9

the minimum headway for two trains using the same station track was zero min. However, as no train could pass the10

disrupted segment before the blockage was cleared, the earliest possible departure time of trains G1 and G2 from station11

S3 was 41 min, one minute after the end of the disruption. As no anticipation of the occurrence of the disruption was12

allowed, trains were set to run as scheduled and use the same track as planned before the disruption occurred. Without13

loss of generality, we assumed that train G1 used track 1 in station S1 and track 3 in station S2, train G2 traveled on14

track 2 in station S1 and track 4 in station S2, and train G3 utilized track 1 in station S1. We set ω to one to give the15

same emphasis to both the train operation cost and passenger travel cost. If a train was canceled, the train operation16

cost is zero. If a passenger was rejected by all the trains, the penalty was 200. The time taken for a train stopped at17

a station track at its origin station or at a station track in its last station was three minutes. Therefore, trains arrived18

at their first station from the shunting yard three min before they departed from the first station, and trains left their19

last station to travel to the shunting yard three min after they arrived at their last station. The weight for each type20

of train arc and passenger arc is given in Table 7.21

Using the values of parameters given above, we solved our integrated model by CPLEX. We obtained the optimal22

solution with an objective value of 7976 in nine seconds but with a relatively long preprocessing time to generate the23

model. This solution is the best to minimize both the train operation cost and the passenger travel cost. The detailed24

disposition timetable is in Table 8, and passenger route choice is shown in Table 9. In Table 9, for each passenger OD25
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Table 6: Passenger groups of each train

Passenger groups Origin Destination Start time (min) End time (min) Volume Planned train

1 29 42 11 90 10 G3

2 29 41 11 90 10 G3

3 29 38 11 90 10 G3

4 29 42 1 90 10 G1

5 29 41 1 90 10 G1

6 29 38 1 90 5 G1

7 29 42 6 90 10 G2

8 29 41 6 90 5 G2

9 29 38 6 90 5 G2

Table 7: Values of weighted factors in the passengers’ generalized travel time and train operation cost

Parameter Description Value Unit

β1 The weight for extra waiting time of passengers 2 [min/min]
β2 The weight for transfer cost of passengers 10 [min/transfer]
β3 The weight for late departure of passengers 1 [min/min]
α2 The weight for extra stopping of trains 2 [min/min]
c The train arc cost coefficient 2 [/min]

pair in each segment, we can see which train he/she took and how many passengers of this OD used the train. For1

example, 10 in the second row and second column indicates that 10 passengers in passenger group 1 took train G3 in2

segment (S1, S2). The data in Table 9 also indicates that, passengers selected the shortest path with the lower general3

cost. For example, passenger group 6 transferred from train G1 to train G2 at station S2 because train G2 arrived at4

station S3 earlier. Crucially, the train capacity constraint was always respected. It can be seen that the total number5

of passengers on train G3 after the disruption was 30, which was equal to the train capacity, and the total number of6

passengers on train G1 was 25, while the train capacity was 30.

Table 8: The disposition timetable obtained by CPLEX

Train S1 S2 S3 S4 S7 S5 S6

G1 2-5 10-29 34-41 46-49 - 54-57 62-65
G2 7-10 15-18 23-44 49-52 - 57-60 65-68
G3 12-15 20-23 28-31 - 36-39 44-47 52-55

7

We also tested our decomposition approach using the same case. The initial values of Lagrangian multipliers ξ and8

γ were both set to 0.001, and the quadratic penalty parameters ρ1 and ρ2 were 4 and 0.7 respectively. Parameters9

up1 and lo1 were set to 0.3ρ1 and −0.3ρ1, and up2 and lo2 were set to 0.6ρ1 and −0.6ρ1. The outer layer iteration of10

train rescheduling and passenger routing was limited to ten, and the inner layer iteration of both train rescheduling11

and passenger routing were limited to five.12

The best feasible solution within 10 outer iterations was obtained, and the current best objective value was 8036,13

which was the solution of iteration 3. The disposition timetable obtained by our decomposition approach is shown in14

Table 10. We compared the solution obtained by our decomposition approach with that obtained by CPLEX, and the15

optimality gap was 0.75%. The gap between the optimal solution and upper bound obtained by our decomposition16

approach is shown in Figure 8. It converged rapidly because the network is not very complicated. This optimality17

gap was good enough for real-world application. The passenger routing results are shown in Table 11. Passengers18

on train G1 transferred to trains G3 and G2, which was different from the results in Table 9. This was because in19

our decomposition approach, train G2 departed earlier than train G1 after the disruption in the timetable, which was20
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Table 9: The passenger route choice obtained by solving the integrated model by CPLEX

OD S1 − S2 S2 − S3 S3 − S4 S3 − S7 S4 − S5 S7 − S5 S5 − S6

1 G3, 10 G3, 10 - G3, 10 - G3, 10 G3, 10
2 G3, 10 G3, 10 - G3, 10 - G3, 10 -
3 G3, 10 G3, 10 - - - - -
4 G1, 10 G1, 10 G1, 10 - G1, 10 - G1, 10
5 G1, 10 G1, 10 G1, 10 - G1, 10 - -
6 G1, 5 G2, 5 - - - - -
7 G2, 10 G2, 10 - G3, 10 - G3, 10 G3, 10
8 G2, 5 G2, 5 G1, 5 - G1, 5 - -
9 G2, 5 G2, 5 - - - - -

different from the departure time for these trains in the timetable obtained by CPLEX.

Table 10: The disposition timetable obtained by solving the integrated model by our decomposition approach

Train S1 S2 S3 S4 S7 S5 S6

G1 2-5 10-13 18-44 49-52 - 57-60 65-68
G2 7-10 15-26 31-41 46-49 - 54-57 62-65
G3 12-15 20-23 28-31 - 36-39 44-47 52-55
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Figure 8: Optimality gap between the upper bound and the optimal solution

6.1.2 Seat reservation investigation2

In the analysis in the previous subsection, we allowed passengers to freely choose their routes based on the general3

travel cost after a disruption occurred. Although the total passenger travel cost can be minimized in this manner, it4

is not a suitable solution for a railway network with a seat reservation system. For example, in Chinese high-speed5

railway, the seat reservation system does not allow passengers to freely select their routes like in the railway system6

which does not have a seat reservation system. This means that passengers who have already booked tickets for a7

train have priority to board their respective trains. Thus, given the limited capacity of a train, if a passenger wants to8

transfer from his/her reserved train to another earlier train, he/she must establish that a vacant seat is available in this9

earlier train. In addition, passengers normally do not like to have a temporary transfer during their journey because10
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Table 11: Passenger route choice obtained by solving the integrated model by our decomposition approach

OD S1 − S2 S2 − S3 S3 − S4 S3 − S7 S4 − S5 S7 − S5 S5 − S6

1 G3, 10 G3, 10 - G3, 10 - G3, 10 G3, 10
2 G3, 10 G3, 10 - G3, 10 - G3, 10 -
3 G3, 10 G3, 10 - - - - -
4 G1, 10 G1, 10 - G3, 10 - G3, 10 G3, 10
5 G1, 10 G1, 10 G2, 10 - G2, 10 - -
6 G1, 5 G1, 5 - - - - -
7 G2, 10 G2, 10 G2, 10 - G2, 10 - G2, 10
8 G2, 5 G2, 5 G2, 5 - G2, 5 - -
9 G2, 5 G2, 5 - - - - -

they know they must change their tickets before they are allowed to board another train. Therefore, the passenger1

allocation system in a disrupted situation on a railway network with seat reservation must be examined carefully.2

Based on current practice, we adopted the following strategies (below) for passenger allocation. Note that one can also3

use other rules to allocate passengers, e.g., give priority to important passengers.4

• Passengers tend to travel on the trains they have booked a seat on if the booked trains continue operation. Thus,5

we gave priority to passengers to board their booked trains by setting a much lower cost for them to travel by6

booked trains.7

• To prevent passengers temporarily transferring from their booked trains to other trains, we assigned a relatively8

high penalty cost for such a transfer.9

• It was reasonable to allocate passengers who have booked the earlier trains first, as given the limited train10

capacity, passengers were not willing to transfer to later trains if their booked earlier trains were available.11

Based on the given railway network, trains, and passenger groups in Section 6.1.1, we reduced the coefficient δ12

(0 < δ < 1) of the cost that a passenger uses his/her reserved train. Therefore, if a passenger used the reserved train,13

the cost equaled the general cost multiple δ. In addition, we changed the transfer cost for passengers who have a14

temporary transfer during their journey because of the disruption. The value of coefficient δ and the transfer cost15

reflected how much freedom that the railway company allowed passengers to temporarily change trains.16

We first tested the influence of different transfer penalty costs. We increased the penalty transfer cost from 10 to 6017

with an interval of 10, and the value of all other parameters were unchanged. The test results are shown in Table 12.18

last column shows which passenger group had a temporary transfer. We can see that the objective value became larger19

with the increasing of transfer penalty cost. In addition, the number of transfers for passenger groups was reduced20

from three to zero when the transfer penalty cost increased from 10 to 60. Therefore, passengers tended to take their21

scheduled train, rather than trying to change trains, if the transfer cost increased. We can conclude that increasing22

the transfer penalty cost can prevent passengers freely transferring from their reserved train to other trains. We have23

not tested the influence of parameter δ here because the network was too small, and the influence of δ is not specially24

strong. We will investigate this further in the large case study.25

6.1.3 Test of the influence of parameter ω26

In this study, we minimized both the passenger travel cost and the train operation cost. We combined these two parts27

in the objective function containing parameter ω. It was found that the value of parameter ω could affect the results.28

If the value was small, this meant that we focused more on passenger travel cost; if the value was high, this meant29

that we focused on the train operation cost. To investigate this influence, we tested various values of parameter ω30
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Table 12: The sensitivity analysis of passenger transfer cost

Test Transfer cost Objective value Number of transfers Transfer passenger group

1 10 7976 3 6, 7, 8
2 20 8156 2 6, 7
3 30 8296 1 4
4 40 8396 1 4
5 50 8496 1 5
6 60 8496 0 -

in the simple case. The value of parameter ω varied from 1 to 50 with an interval of 10. The values of all other1

parameters were kept unchanged. However, we did not fix the schedule of trains and passengers before the occurrence2

of the disruption, as we wanted to see the influence of canceling trains. The results of this test are shown in Table 13.3

The last column of the table indicates the total number of canceled trains. The change of train operation cost and4

passenger travel cost with various values of ω is illustrated in Figure 9.

Table 13: The sensitivity analysis of parameter ω

Test Value of ω Objective value Train operation cost Passenger travel cost Canceled train

1 1 7976 416 7560 0
2 10 11360 236 9000 1
3 20 12760 88 11000 2
4 30 13640 88 11000 2
5 40 14520 88 11000 2
6 50 15000 0 15000 3
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Figure 9: The influence of parameter ω on both the train operation cost and passenger travel cost

From Table 13 and Figure 9, we can see that when the value of parameter ω was small, i.e., ω = 1, the train6

operation cost is 416, which is relatively high. Also, no train was canceled, but the passenger travel cost was low. With7

the increase of ω, the train operation cost reduces, while the passenger travel cost increases. In addition, more trains8

tended to be canceled when we increased the value of ω. When the value of ω was greater than 50, all three trains were9

canceled and the train operation cost is zero, but the passenger travel cost was quite high. This was because when10

all the trains were canceled, passengers could not be carried by any train and thus must give up traveling by train.11

Therefore, we showed that there is a trade-off between the train operation cost and passenger travel cost. Railway12
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managers can choose an appropriate value for parameter ω, based on their experience to achieve a balance between1

these opposing factors.2

6.2 A large case study3

6.2.1 Test instances and parameter values4

To validate our model and solution approach, we tested them on part of a real-world high-speed railway network5

in China. This railway network consisted of three high-speed railway lines. One was the Jinan-Nanjing high-speed6

railway line, which is the middle part of the Beijing-Shanghai high-speed railway line (see the red line in Figure 10).7

Another was the Hefei-Bengbu intercity high-speed railway line (see the yellow line in Figure 10). The third was the8

Nanjing-Hefei high-speed railway line, which is the middle part of the Shanghai-Chengdu high-speed railway line (see9

the blue line in Figure 10). For more information about the Chinese high-speed railway network, we refer the readers10

to Zhan et al (2016). Our study railway network consisted of 17 stations, which are denoted by circles. Large stations11

that could be used for a trains original departure and final arrival are denoted by double circles in the figure, while12

relatively small stations are denoted by single circles. As the tracks in large stations are used separately by trains from13

different lines, we divided Hefei South Station and Nanjing South Station into two stations, which are connected by14

black lines in the figure. The number of station tracks is shown beside each station as a number in a bracket. It can15

be seen that some stations are very large, i.e., Nanjing South Station has 22 tracks. Although we considered the train16

routing in a station area at a microscopic level, it is difficult to show the layout of all the stations, and thus we only17

show that of a relatively small station, the Chuzhou Station, as an example in Figure 10.
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Figure 10: A part of the Chinese high-speed railway network
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We assumed that a disruption occurred in the segment between Bengbu South Station and Dingyuan Station of19
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the Jinan-Nanjing high-speed railway line at 12:00. It lasted to 14:00, and both tracks of the disrupted segment are1

unavailable during the disrupted period.2

In practice, railway managers tend to prevent the influence of a disruption on one line propagating to other non-3

disrupted lines. Train rerouting is not allowed, as previously mentioned. Therefore, it is reasonable to assume that4

during a disruption, trains that run on the Nanjing-Hefei high-speed railway line continue to use the same track as5

scheduled, but their departure and arrival time may be slightly modified to smooth the transfer of passengers from the6

disrupted line. Similarly, trains that only run on the Hefei-Bengbu inter-city high-speed railway line may have their7

departure and arrival times modified, too. This assumption is also helpful to reduce the burden of searching for train8

and passenger routes. However, trains that run on the Jinan-Nanjing high-speed railway line and trains that partly9

run on this line and then run on the Hefei-Bengbu inter-city line should all be completely rescheduled, as they are10

affected by the disruption. Passengers on these trains can reroute to use trains on the other two lines, if necessary. Our11

problem is a real-time problem and the exact duration of the disruption is usually unknown in advance, which means12

it is not necessary to reschedule all trains and passengers for a whole day. Instead, we considered a planning horizon13

of 6 hours (i.e., the horizon of the space-time network is 6 hours), from 10:00 to 16:00, which is the busiest period.14

During this period, we studied trains and passengers that departed from their origins within 2 hours. However, the15

running processes of these trains and the travel processes of these passengers within the 6-hour planning horizon are16

considered because a train takes approximately 3 hours to travel from Jinan West Station to Nanjing South Station;17

see, for example, Figure 13. Trains and passengers in other periods could be iteratively rescheduled in the same way18

by a rolling horizon approach (Zhan et al (2016)).19

According to the timetable used in the last six months of 2015 (normally the timetable is updated in the middle20

of each year for Chinese railway), there were nine trains running from Jinan West Station to Nanjing South Station,21

four trains running from Jinan West Station to Hefei South Station, two trains running from Bengbu South Station22

to Hefei South Station, and five trains running from Hefei South Station to Nanjing South Station. The routes for23

these trains and the flow of trains on each route are shown in Figure 10 by various lines and by the number in brackets24

after the line. Note that we only considered high-speed trains with a speed of 300 km/h or 350 km/h, which are called25

“G” trains; high-speed trains with a lower speed of 200 km/h or 250 km/h, called “D” trains, were not considered in26

this case study. Therefore, there were 20 trains in total operated on the study railway network in one direction during27

two hours. The minimum dwell time of each train in each station was set to two min, and the running time of each28

segment is shown in Table 14. The capacity of a high-speed train is 1000 passengers, according to current practice.29

We rescheduled trains for one direction, and thus we assumed that half of the tracks in each station could be used by30

these trains. The train rescheduling in the other direction was similar. The minimum headway (hmindep and hminarr ) in a31

segment was three min, and the minimum station headway (hminstation) was zero min.

Table 14: The running time in each segment between two stations

No. Segment Time (min) No. Segment Time (min)

1 Jinan West - Tai’an 12 10 Chuzhou - Nanjing South 16
2 Tai’an - Qufu East 15 11 Bengbu South - Huainan East 13
3 Qufu East - Tengzhou East 11 12 Huainan East - Shuijiahu 6
4 Tengzhou - Zaozhuang 7 13 Shuijiahu - Hefeibeicheng 10
5 Zaozhuang - Xuzhou East 13 14 Hefeibeicheng - Hefei South 24
6 Xuzhou East - Suzhou East 14 15 Hefei South - Feidong 9
7 Suzhou East - Bengbu South 18 16 Feidong - Quanjiao 25
8 Bengbu South - Dingyuan 11 17 Quanjiao - Nanjing South 20
9 Dingyuan - Chuzhou 13

32

The passenger information of the Jinan-Nanjing high-speed railway line was based on real data from the ticket33
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booking system, but we have revised some of this because we only considered part of the data, and the real passenger1

data is confidential. The passenger OD for another two lines were revised as we only considered a part of the line.2

When we generated the OD matrix, the loading rate of each train was maintained at approximately 70%. In total, we3

generated 89 passenger groups, of which 50 were on the Jinan-Nanjing line, 28 were on the trains from Jinan West to4

Hefei South, six booked the tickets for trains on the Bengbu-Hefei inter-city line, and five passenger groups booked5

the tickets for trains on the Hefei-Nanjing line. As the Hefei-Nanjing high-speed railway line was a short part of the6

Shanghai-Chengdu high-speed railway line, and the exact passenger data was not available at this time, we generated7

one OD pair for each train from Hefei South Station to Nanjing South Station, for simplicity. As mentioned previously,8

passengers on this line were not significantly affected by the disruption and stayed on their booked train. Thus, the9

exact OD matrix for these passengers is not required, as passengers on the disrupted line were our main focus.10

6.2.2 Computational results11

6.2.2.1 Test of our decomposition approach Based on the provided train and passenger information, and the12

assumed disruption scenario, we tested our decomposition approach. The initial values of Lagrangian multipliers ξ13

and γ were both set to 0.001. The quadratic penalty parameters ρ1 and ρ2 were 40 and 0.2 respectively, which were14

analyzed in Appendix B. Parameters up1 and lo1 were set to 0.3ρ1 and −0.3ρ1, and up2 and lo2 were set to 0.6ρ1 and15

−0.6ρ1. The value of ω was 1. The values of weighted factors for passengers’ travel cost and train operation costs are16

shown in Table 17. The outer iteration was limited to twenty steps, while the inner iteration for train rescheduling17

was set to five and for passenger routing was set to two.

Table 15: The values of weighted factors in the passengers’ generalized travel time and train operation cost

Parameter Description Value Unit

β1 The weight for extra waiting time of passengers 2 [min/min]
β2 The weight for transfer cost of passengers 10 [min/transfer]
β3 The weight for late departure of passengers 3 [min/min]
α1 The weight for late departure of trains 2 [min/min]
α2 The weight for extra stopping of trains 2 [min/min]
c The train arc cost coefficient 1 [/min]
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The current solution and the best upper bound solution for each iteration are shown in Figure 11. The current19

solution for each iteration fluctuates, and the current solutions are infeasible for some iterations, as denoted by green20

dotted circles in the Figure. The obtained solutions for seven iterations are infeasible, which results in an infeasibility21

rate of 35% in this case study. This infeasibility is caused by the infeasible disposition timetable obtained within five22

inner iterations for each outer iteration step. From Figure 11, we can see that the best upper bound solution decreases23

significantly until iteration 7, and then it is quite stable until iteration 20. Therefore, the solution obtained in the 7th24

iteration can be regarded as a good one for practical application, considering that our problem is a real-time problem.25

The computation time for seven outer iterations (each outer iteration includes five iterations for train rescheduling and26

two iterations for passenger routing) is around 23 min, and about 3 min is required for each outer iteration calculated27

on a personal computer. The objective of the solution obtained at iteration 7 was 1,658,506 (train operation cost 3,59828

and passenger travel cost 1,654,908), which was 7% less than that of the solution obtained at iteration 1. According to29

our test, this decrease occurs mainly because a better disposition timetable for trains is obtained and the passengers30

can find better paths in iteration 7 (i.e., the coordination between train rescheduling and passenger routing is better31

in the upper bound solution of iteration 7). Five passenger groups (from Jinan West to Nanjing South) have transfers32

from the Jinan-Nanjing line to the Bengbu-Hefei line and then to Hefei-Nanjing line to arrive at their destination in33

the upper bound solution of iteration 7. However, only three passenger groups that depart from Jinan West have the34
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same transfers to Nanjing South, and non-transfer passengers must wait a long time during the disruption, in the upper1

bound solution of iteration 1.
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Figure 11: Upper bound solution for each iteration

2

To evaluate the quality of the best upper bound solution obtained above by ADMM in the seventh iteration, we3

compute the lower bound of the same case with LR. The maximum iteration step between the train rescheduling4

and passenger routing problems is set to 100, and for the train rescheduling in each outer step, we update the train5

rescheduling subproblem for 50 iterations (i.e., the maximum inner LR iteration step is set to 50) to obtain a relatively6

good disposition timetable. The value of parameter ε is set to 0.05. Figure 12 illustrates the lower bound solutions for7

100 iteration steps. The best lower bound obtained within 100 iterations is 1,442,901, and the optimality gap between8

the best upper bound solution obtained with ADMM in iteration 7 and the best lower bound solution obtained by LR9

within 100 iterations is 14.9%.

0 1 0 2 0 3 0 4 0 5 0 6 0 7 0 8 0 9 0 1 0 0- 1 5 . 0
- 1 2 . 5
- 1 0 . 0

- 7 . 5
- 5 . 0
- 2 . 5
0 . 0
2 . 5
5 . 0
7 . 5

1 0 . 0
1 2 . 5
1 5 . 0

Be
st 

low
er 

bo
un

d (
×1

05 )

L R  i t e r a t i o n s
Figure 12: Lower bound solution for each outer iteration obtained with LR
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We obtained a good feasible solution (with an optimality gap of 14.9%) for all the 20 trains of the considered railway11
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network, and we showed the disposition timetable for the Jinan-Nanjing high-speed railway line as an example (see1

in Figure 13). We numbered the nine trains according to their departure order, and this number is beside the line of2

each train in the figure. We can see that disrupted trains wait at appropriate stations for the disruption. No conflict3

existed between any two trains, and the station capacity constraint was respected in each station.
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Figure 13: A disposition timetable for the Jinan-Nanjing high-speed railway line

4

As no train was canceled in this case, most passengers took their booked trains to their destination. In total, five5

passenger groups that planned to travel on the Jinan-Nanjing high-speed line to Nanjing South Station transferred due6

to the disruption to trains that ran on the Bengbu-Hefei and Hefei-Nanjing high-speed lines to their destination. This7

rerouting helped to reduce their total travel cost and they arrived at their destination earlier.8

6.2.2.2 Analysis of the parameter for ticket reservation9

Because the seat reservation system is applied in Chinese high-speed railway, passengers may not decide to transfer10

from their reserved train to other trains if they cannot save significant travel costs. We earlier outlined two strategies to11

manage passengers transfer in a seat reservation system. The first strategy was to improve the transfer cost to reduce12

the probability of transfer (see the analysis in Section 6.1.2). The second strategy was to set a parameter δ to manage13

passengers’ transfer preference. That is, we reduced the cost of the path used by passengers, to attract passengers to14

their reserved trains when their reserved trains are not canceled due to the disruption in passenger routing process.15

To illustrate the influence of parameter δ on passengers’ route choice, we ran our example several times with various16

parameter values. The values were set from 1 to 0.4 with a decrease interval of 0.2. The results are shown in Table 16.17

The fourth column is the total number of passenger groups that transferred to use trains on other lines, and the last18

column shows which passenger group was rerouted.

Table 16: The sensitivity analysis of parameter δ

Test Value of δ Objective of best solution Number of rerouting Rerouting passenger groups

1 1 1655213 5 50, 51, 54, 57, 58
2 0.8 1730818 3 50, 51, 58
3 0.6 1744740 1 58
4 0.4 1820366 1 58
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From Table 16, we can see that reducing the value of parameter δ can prevent passengers transferring and rerouting1

during their journey. Specifically, when the value of δ is one, five passenger groups performed a temporary rerouting2

during their journey due to the disruption. Specifically, they rerouted to use trains on the Bengbu-Hefei and Hefei-3

Nanjing high-speed railway lines to continue their journey instead of waiting for their planned trains that were disrupted4

on the Jinan-Nanjing high-speed railway line. Here δ = 1 meant that we did not reduce the cost of arcs on the passenger5

reserved path. If we decreased the value of δ to 0.4, only one passenger group rerouted. It is possible that if we further6

reduced the value of δ, no passengers would reroute because no train in our case is canceled and passengers will keep7

on their reserved trains. Therefore, our finding suggests that railway managers can select value of parameter δ to8

reduce the freedom of passengers’ temporary transfer and reinforce the passengers’ preference to stay on their reserved9

trains in a railway system with seat reservation. However, if more passengers remain on their reserved train without10

a transfer or rerouting, the total passenger travel cost is higher because the delay for some passengers is longer. This11

trend can also be seen in Table 16, as the increasing of the objective value in the third column.12

6.2.2.3 Analysis of the trade-off between train operation cost and passenger travel cost13

The trade-off between the train operation cost and passenger travel cost in the objective function of our integrated14

model has been analyzed for the small case study in Section 6.1.3. It showed that the passenger travel cost increased15

and the train operation cost decreased when parameter ω increases. We also test this trade-off for our large case study.16

However, we do not change the value of parameter ω to represent different weights for the two components in the17

objective function. Instead, we cancel different numbers of trains to reveal the trade-off between the train operation18

cost and passenger travel cost. Because our decomposition approach is a heuristic method and different values of19

parameter ω require different values of penalty parameter ρ1 to ensure the feasibility of the obtained train disposition20

timetable, the obtained solutions with various values of ω are not comparable. As the train operation cost is mainly21

affected by the number of canceled trains, we use different numbers of canceled trains to illustrate the trade-off.22

We cancel one to four trains in the input timetable, and thus a total of five tests, where the first test with no train23

cancelation is the solution obtained in Section 6.2.2. For each of the other four tests, we test three scenarios where24

the same number of different trains are chosen to be canceled, and then the average solution for each test is shown25

in Table 17. In this table, the fourth column (“TOC”) is the train operation cost, and the fifth column (“PTC”) is26

the passenger travel cost. The last column specifies which trains are canceled in the test. For tests two to four, each27

has three braces, which means that we choose three different combinations of trains to be canceled. Each number in28

a brace is a canceled train, and the number of each train on the Jinan-Nanjing high-speed railway line is shown in29

Figure 13. Except that train 10 is scheduled to run on the Jinan-Hefei high-speed railway line, all the other trains30

(from numbers 1 to 9) are operated on this line.

Table 17: The trade-off between the two components of the objective function

Test Total cancelations Objective TOC PTC Canceled trains

1 0 1658506 3598 1654908 -
2 1 1714599 3281 1711318 {2}; {4}; {6}
3 2 1725272 2967 1722305 {2,4}; {3,5}; {4,6}
4 3 1805789 2713 1803076 {2,4,6}; {3,5,7}; {5,7,9}
5 4 1907682 2527 1905155 {2,4,6,8}; {3,5,7,9}; {4,6,8,10}

31

According to the solutions given in Table 17, the passenger travel cost and train operation cost for each test are32

illustrated in Figure 14. We can see that the train operation cost decreases and the passenger travel cost increases33

when more trains are canceled, i.e., a trade-off exists between the train operation cost and passenger travel cost. This34
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trend is consistent with that shown in Figure 9 in the small case study.
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Figure 14: The influence of train cancelation on both the train operation cost and passenger travel cost
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6.2.2.4 Computation efficiency analysis2

The problem that we focused on is a complicated one, and even the train scheduling (rescheduling) problem is3

NP-hard in its own right. Thus, it is impossible to solve our integrated problem in a short computation time for a large4

real-world problem using a commercial solver, e.g., CPLEX. A similar problem for a part of Dutch railway network is5

solved in hours in Binder et al (2017b). In their case, the network consists of 11 stations (each station only has two6

tracks) and 24 trains operated in a time horizon of two h, and 50 passenger groups were considered. In addition, a time7

interval of five min was applied in their space-time network. Thus, they assumed that the headway between trains and8

the dwell time for a train in a station were both one time interval (five min), and the additional constraints for trains9

running in the same direction on a track did not need to be considered.10

We mainly focused on high-speed railways, where a time interval of five min for the space-time network is not11

accurate enough. Therefore, we used one min as the time interval, and the constraints for headway and dwell time of12

trains needed to be carefully taken into account, which made the model harder to solve. In addition, we rescheduled13

trains and passengers with high detail, which significantly increased the number of variables and constraints. Finally,14

compared with the case in Binder et al (2017b), our case considered a larger network within a much longer time15

horizon, examined 17 stations with most stations having more than two tracks, and 91 passenger groups (almost16

double). Therefore, we imagine that our problem cannot be solved by CPLEX directly.17

We compared the computation efficiency of our decomposition approach and CPLEX by simplified cases based18

on our large case. We selected two trains on the Jinan-Nanjing high-speed railway line and 11 passenger groups19

corresponding to these two trains. We ran an analysis of this simplified case by CPLEX for a long time, but we could20

not obtain a feasible solution within 24 h. This demonstrated that our decomposition approach is quite efficient in21

solving our integrated problem, especially as we can get a good feasible solution for a large case in minutes.22

6.2.2.5 Comparison with no passenger rerouting23

To investigate whether our integrated train rescheduling and passenger routing approach outperforms train reschedul-24

ing without passenger rerouting (i.e., rescheduling trains only and keeping passengers on their reserved trains), we solve25

our large case by only rescheduling trains for comparison. Similar to the approach used by Zhan et al (2015) that only26

reschedules trains, we first reschedule trains to obtain a near-optimal disposition timetable. Based on the obtained27
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train timetable, we calculate the travel cost for passengers who remain on their reserved trains. That is, rerouting1

passengers is not allowed if their reserved trains are in operation. We use the model Px in Section 5.1 to model the pure2

train rescheduling problem, and the relaxation of coupling constraint (14) in Px is no longer necessary. Therefore, this3

pure train rescheduling problem can be solved by ADMM in the same way as explained in Section 5.2. After we have4

obtained a good feasible disposition timetable, we can calculate the total passenger travel cost. To calculate the total5

passenger travel cost, we can use a similar method to generate the upper bound (i.e., Algorithm E in the Appendix).6

However, because it is unnecessary to reroute passengers because no trains are canceled in this case, we do not allow7

transfers, and passengers are only allowed to use their reserved trains in Algorithm E.8

If all parameters maintain the same values as before, we obtain a feasible solution with an objective value of9

1,734,847, where the total passenger cost is 1,731,403 and the total train operation cost is 3,444. Compared with the10

best upper bound solution obtained at iteration 7 in Section 6.2.2.1, the total passenger travel and train operation cost11

increases by 4.6%. Accordingly, the integrated train rescheduling and passenger routing approach is better to reduce12

the passenger travel cost.13

7 Conclusion14

Real-time train rescheduling during a complete track blockage is important for train dispatchers and passengers. In15

this research, we have extended the train rescheduling problem in Zhan et al (2015) to include passenger route choice.16

The integrated train rescheduling and passenger routing is formulated by an ILP model based on a space-time network.17

In our model, the detailed feasible train disposition timetable as well as the specific routes for each train was obtained.18

In addition, the routes for passengers were optimized considering the limited train capacity in a disruption. The model19

was found to be suitable for railway systems without seat reservations assuming that the passenger OD demands are20

known before and after the disruption occurs (Binder et al (2017b)). However, we have introduced several strategies to21

manage train rescheduling and passenger routing problem with seat reservation because this is usually used on Chinese22

high-speed railway system.23

In recognition of the complexity of the integrated problem, we introduced a two-layer dual decomposition approach24

to decompose the whole problem into several easy-to-solve subproblems. Specifically, we relaxed the coupling constraint25

and decomposed the integrated problem into two subproblems, a train rescheduling subproblem and a passenger routing26

subproblem, using ADMM in the first layer. As the headway and station capacity constraints are related to many27

trains instead of each single train, we relaxed these two constraints to decompose the train rescheduling subproblem28

in the second layer by ADMM into many single-train rescheduling subproblems, and each one could be regarded as a29

shortest path searching problem. Similarly, the passenger routing subproblem could be decomposed into many smaller30

subproblems (shortest path searching), one for each passenger group. The shortest path searching subproblem either31

for each train or each passenger group was solved by a dynamic programming algorithm.32

We have tested our model on a small railway network to illustrate that rescheduling trains and passengers simul-33

taneously can generate a better disposition timetable from passengers perspectives. In addition, our approach could34

guide the disrupted passengers to select a better route to their destination. In the simple case, the objective value35

obtained by our decomposition approach was 0.75% larger than that obtained by CPLEX (the optimal solution) within36

five iterations. Therefore, our algorithm was useful for accessing a good, feasible solution.37

We also found that there is a trade-off between minimizing train operation cost and minimizing passenger travel38

cost. Railway managers can put various emphases on the two objectives, according to their preference, to obtain a39

train disposition timetable and passenger routing plan. In our large case study, the problem cannot be solved by40

CPLEX in days. However, our approach makes it solvable in minutes. Our decomposition approach yielded a feasible41
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solution after seven iterations, which will be helpful for railway dispatchers. Specifically, the objective value of the1

feasible solution obtained by our decomposition approach at iteration 7 was 7% smaller than that obtained in the first2

iteration. The optimality gap between the best feasible solution and the best lower bound solution obtained by LR3

was 14.9%.4

We have introduced a two-layer decomposition approach by using ADMM to solve our integrated problem. Some5

important parameters were analyzed by sensitivity tests. However, a theoretical analysis of these parameters is nec-6

essary in future research. In addition, our decomposition approach is heuristic, and an exact approach is desirable to7

obtain the optimal solution to theoretically evaluate the quality of the decomposition approach. Besides, the reschedul-8

ing of rolling-stock is not considered in this research, and may need to be taken into account in future work. Finally,9

because a trade-off exists between the short-turning strategy and the waiting strategy, a detailed comparison of these10

two strategies in a major disruption would be of interest.11
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Appendix A1

A.1 The nonlinear term for the headway and station capacity constraint (9) in subproblem Px:.2

Considering the quadratic term
(∑

k∈K
∑
a′∈Φ(a) x

k
a′ − 1 + ra

)2

derived from constraint (9a), the purpose of intro-

ducing the slack variable ra is to: (1) add a penalty term
(∑

k∈K
∑
a′∈Φ(a) x

k
a′ − 1

)2

in the objective function (Equation

(18)) when constraint (9) is violated; (2) lead the penalty term
(∑

k∈K
∑
a′∈Φ(a) x

k
a′ − 1

)2

to 0 when constraint (9) is

satisfied. Obviously, when
∑
k∈K

∑
a′∈Φ(a) x

k
a′ > 1, constraint (9) is violated. Therefore we can set ra = 0 to transform

the quadratic term
(∑

k∈K
∑
a′∈Φ(a) x

k
a′ − 1 + ra

)2

into the quadratic penalty term
(∑

k∈K
∑
a′∈Φ(a) x

k
a′ − 1

)2

; when∑
k∈K

∑
a′∈Φ(a) x

k
a′ ≤ 1, constraint (9) is satisfied, therefore we can set ra = 1−

∑
k∈K

∑
a′∈Φ(a) x

k
a′ to transform the

quadratic term
(∑

k∈K
∑
a′∈Φ(a) x

k
a′ − 1 + ra

)2

into zero. Thus, the value of ra can be expressed by Equation (25).

ra =

 0
∑
k∈K

∑
a′∈Φ(a) x

k
a′ > 1

1−
∑
k∈K

∑
a′∈Φ(a) x

k
a′

∑
k∈K

∑
a′∈Φ(a) x

k
a′ ≤ 1

(25)

To divide the quadratic term
(∑

k∈K
∑
a′∈Φ(a) x

k
a′ − 1 + ra

)2

into several independent terms for each train k and

solve the subproblem P kx sequentially, we need to separate out the variables related with train k from the other trains.

To this end, we define ψka =
∑
k′∈K/k

∑
a′∈Φ(a) x

k′
a′ to denote the total number of trains excluding k that use the arcs

in Φ(a), and we have xka + ψka + ra = 1. According to the nature of ADMM, for each subproblem P kx , the term ψka is

known, the value of ra could be expressed as Equation (26).

ra =

 0 ψka ≥ 1

1− xka ψka = 0
(26)

Then, we substitute the variable ra in the quadratic term
(∑

k∈K
∑
a′∈Φ(a) x

k
a′ − 1 + ra

)2

with ra in Equation (26),

we can get Equation (27) and Equation (28), where R denotes the summation of all the constant terms (ψka − 1)2 in

Equation (27).

∑
k∈K

∑
a′∈Φ(a)

xka′ − 1 + ra

2

=


∑
a′∈Φ(a) x

k
a′ ×

(
2ψka − 1

)
+
(
ψka − 1

)2
ψka ≥ 1

0 ψka = 0
(27)

∑
k∈K

∑
a′∈Φ(a)

xka′ − 1 + ra

2

=


∑
a′∈Φ(a) x

k
a′ ×

(
2ψka − 1

)
+R ψka ≥ 1

0 ψka = 0
(28)
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In Equations (27) and (28), when ψka ≥ 1, the detailed process is as follows (Equation (29)):1

(
∑
k∈K

∑
a′∈Φ(a)

xka′ − 1 + ra)2 =(
∑
k∈K

∑
a′∈Φ(a)

xka′ − 1)2 = (
∑

a′∈Φ(a)

xka′ + ψka − 1)2

=(
∑

a′∈Φ(a)

xka′)
2 + 2×

∑
a′∈Φ(a)

xka′ × (ψka − 1) + (ψka − 1)2

=(
∑

a′∈Φ(a)

xka′ + 2×
∑

a′∈Φ(a)

xka′ × (ψka − 1) + (ψka − 1)2

=(2× ψka − 1)×
∑

a′∈Φ(a)

xka′ + (ψka − 1)2

=(2× ψka′ − 1)×
∑

a′∈Φ(a)

xka′ +R

(29)

2

A.2 The nonlinear term for the coupling constraint (14) in subproblem Px:.3

The above process can be applied to linearize the quadratic term
(∑

p∈P np × v̄pa −
∑
k∈K qk × xka + sa

)2

. Parame-

ter µka denotes the capacity of trains excluding k that use arc a, µka =
∑
k′∈K/k qk′×xk

′

a , and W denotes the summation

of all the constant terms. When scheduling current train k, we compare the total number of passengers that have been

assigned to an arc a,
∑
p∈P np × v̄pa, and the total number of available train capacity µka. If

∑
p∈P np × v̄pa > µka, it

means that the current capacity cannot meet the demand of passengers’ requirement on arc a, so that we must attract

train k to arc a. Thus, the quadratic term in objective (18) is not necessary. However, if
∑
p∈P np × v̄pa ≤ µka, it means

that the current capacity of trains can already meet the passengers’ requirement on arc a. Therefore, train k is not

necessary to run on arc a, and the quadratic term in objective (18) is added to prevent train k using arc a. Accordingly,

the value for slack variable sa can be defined as follows (Equation (30)):

sa =

 0
∑
p∈P np × v̄pa ≤ µka

qk × xka + µka − np ×
∑
p∈P np × v̄pa

∑
p∈P np × v̄pa > µka

(30)

Based on the value of variable sa in Equation (30), the quadratic term in objective (18) is changed to Equation

(31), where W is the constant term and W = (
∑
p∈P np × v

p
a − µka)2.

(
∑
p∈P

np × vpa −
∑
k∈K

qk × xka + sa)2 =

 qk × (qk + 2× µka − 2×
∑
p∈P np × v

p
a)× xka +W

∑
p∈P np × v̄pa ≤ µka

0
∑
p∈P np × v̄pa > µka

(31)

When
∑
p∈P np × v̄pa ≤ µka, the detail process to obtain Equation (31) from (30) is as follows (Equation (32)):4

(
∑
p∈P

np × vpa −
∑
k∈K

qk × xka + sa)2 =(
∑
p∈P

np × vpa −
∑
k∈K

qk × xka)2 = (
∑
p∈P

np × vpa − (µka + qk × xka))2

=(
∑
p∈P

np × vpa − µka)2 − 2× (
∑
p∈P

np × vpa − µka)× qk × xka + (qk × xka)2

=(
∑
p∈P

np × vpa − µka)2 − 2× (
∑
p∈P

np × vpa − µka)× qk × xka + (qk)2 × xka

=qk × (qk + 2× µka − 2×
∑
p∈P

np × vpa)× xka +W

(32)
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A.3 The nonlinear term for the coupling constraint (14) in subproblem Pv:.1

We can use the same manner to linearize the quadratic term in the objective (19) of subproblem Pv. We define

parameter µpa =
∑
p′∈P/p np′ × vp

′

a denotes the number of passengers excluding those in passenger group p that use arc

a. Q is the constant term of the quadratic term in the objective (19). The definition of variable sa is given in Equation

(33), and the quadratic term is linearized by Equation (34). The detailed process to obtain Equation (34) is similar to

that given in Equation (32), which is omitted.

sa =

 0 µpa ≥
∑
k∈K qk × x

k
a∑

k∈K qk × x
k
a − np × vpa − µpa µpa <

∑
k∈K qk × x

k
a

(33)

(
∑
p∈P

np × vpa −
∑
k∈K

qk × xka + sa)2 =

 np × (np − 2×
∑
k∈K qk × x

k
a + 2× µpa)× vpa +Q µpa ≥

∑
k∈K qk × x

k
a

0 µpa <
∑
k∈K qk × x

k
a

(34)

From A.1 and A.2, we can find how to handle an inequity constraint in ADMM. However, in our problem, the

capacity of trains is usually tightly occupied by passengers in a major disruption. Therefore, the number of passengers

on a train tends to approximately equal the capacity of the train, which means that the function of the coupling

inequity constraint (14) is similar to that of its equity form. Thus, cost coefficient qk× (qk+2×µka−2×
∑
p∈P np×v

p
a)

is used in Equation (20) to handle the quadratic term.

qk × (qk + 2× µka − 2×
∑
p∈P

np × vpa)


> 0 If qk + 2× µka > 2×

∑
p∈P np × v

p
a

= 0 If qk + 2× µka = 2×
∑
p∈P np × v

p
a

< 0 If qk + 2× µka < 2×
∑
p∈P np × v

p
a

(35)

From formula (35), we know that if the total capacity of trains on arc a is larger than the current passenger volume2

on the same arc a, the cost coefficient is a positive value, which denotes that a positive cost is added to this arc when a3

train wants to use it. Accordingly, trains are discouraged to apply arc a. If the total capacity of trains on arc a equals4

the current passenger volume on the same arc a, the cost coefficient is 0. However, if the total capacity of trains on5

arc a is smaller than the current passenger volume on the same arc a, the cost coefficient is negative, which denotes6

that more trains are attracted to use arc a. This cost coefficient reflects the real situation in a disruption.7

Similarly, cost coefficient np × (np − 2×
∑
k∈K qk × x

k
a + 2× µpa) is used in Equation (21) to handle the quadratic8

term. When np + 2×µpa > 2×
∑
k∈K qk×x

k
a, the value of this cost coefficient is positive, which means that passengers9

are discouraged to use arc a. However, when np + 2 × µpa < 2 ×
∑
k∈K qk × x

k
a, the value of the cost coefficient is10

negative, which denotes that passengers are attracted to use arc a. The effect of this cost coefficient is reasonable for11

passenger shortest path searching in a disruption.12
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Appendix B1

In the ADMM approach, the values of the parameters ρ1 and ρ2 for the quadratic penalty term affect both the solution2

quality and the convergence speed. Proper selection of parameter values not only contributes to the efficiency of3

convergence but also can improve the solution quality. We tested various values of parameter ρ1. The upper bounds of4

the linear term (up1) and the quadratic term (up2) of ADMM for the coupling constraint were set to 0.3ρ1 and 0.6ρ1,5

respectively. The lower bounds of linear term (lo1) and quadratic term (lo2) of ADMM for the coupling constraint6

were set to -0.3ρ1 and -0.6ρ1, respectively. The value of parameter ρ2 was set to 0.3. We limited the outer iteration7

to ten steps. The results are shown in Table 18 and Figure 15. In Table 18, we checked whether headway and station8

capacity constraint is violated in the current iteration with a certain value of ρ1, and a tick indicates the violation9

exists.

Table 18: The sensitivity analysis of parameter ρ1

Iterations 1 2 3 4 5 6 7 8 9 10

ρ1 = 30 X X X X X
ρ1 = 40 X X X
ρ1 = 50 X X X X X X X
ρ1 = 60

10

From Table 18, we can see that when the value of parameter ρ1 is relatively small, the headway and coupling11

constraints are violated in most iterations. With an increase in parameter ρ1, fewer headway and coupling constraints12

are violated. Specifically, the headway and station capacity conflicts are eliminated when the value of ρ1 is ≥ 30.13

Thus, we can always obtain a feasible disposition timetable for trains. However, a relatively large value of parameter14

ρ1 may reduce the solution quality. The influence of parameter ρ1 on the upper bound solution is shown in Figure15

15. As expected, a better upper bound solution can generally be obtained with a relatively smaller value of parameter16

ρ1. However, the upper bound solution with ρ1 = 30 is not the best. This is probably because the solutions of many17

iterations are not feasible. The headway and station capacity constraints are still violated. Considering both the18

feasibility and quality of solutions, the best value of ρ1 is 40 in our large case study.19

When parameter ρ1 is 40, we further investigated the influence of parameter ρ2 on the solution. We tested various20

values of ρ2 from 0.1 to 0.4 with an interval of 0.1. The best upper bound solutions obtained within ten outer iterations21

are shown in Figure 16. It can be seen that the solution converges best when parameter ρ2 = 0.2 after iteration 7. The22

best upper bound obtained at iteration 10 is similar for ρ2 = 0.2 and ρ2 = 0.3. Therefore, the value of parameter ρ223

should be 0.2 to enable rapid improvement of the convergence.24
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Figure 15: The upper bound solutions with various values of parameter ρ1
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Figure 16: The upper bound solutions with various values of parameter ρ2
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Appendix C1

Algorithm 2 The algorithm for solving subproblem Px

Input:

Space-time network for trains Gtr = (Etr, Atr);

The arc cost of space-time network for trains cka;

Train set K;

The origin ok and destination dk, and originally start time ek and finally arrival time lk for each train k ∈ K;

Current Lagrangian multipliers γ(a);

Current passenger routing results, the total number of passengers on each arc a,
∑
p∈P np × vpa;

The maximum number of inner iterations Θt;

The disruption information, disrupted space-time train arc set ADtr
Output:

Train rescheduling results xka
Step 1: Initialization

Initialize all train rescheduling variables xka = 0;

Initialize Lagrangian multiplier ξ(a) and penalty parameter ρ1

Step 2: Train rescheduling

For each train k, perform Step 2.1 and Step 2.2

Step 2.1 Update train arc cost

Set the space-time train arc cost cka =∞,∀a ∈ ADtr;
Update the space-time train arc cost by equation (20b)

Step 2.2 Find the shortest path

Find the shortest path from vertex (ok, ek) to (dk, T̂ ) by dynamic programming algorithm, and let xka = 1 for

arc a along the shortest path

Step 3: Train schedule update

For each train schedule update iteration θ < Θt:

For each train k, do Step 3.1, Step 3.2, and Step 3.3

Step 3.1 Delete

Reset variable xka = 0 for train arc a ∈ Aktr
Step 3.2 Update train arc cost

Set the space-time train arc cost cka =∞,∀a ∈ ADtr;
Update the space-time train arc cost by equation (20b)

Step 3.3 Find the shortest path

Find the shortest path from vertex (ok, ek) to (dk, T̂ ) by dynamic programming algorithm, and let xka = 1

for arc a along the shortest path

Step 3.4: Update Lagrangian multiplier

Update Lagrangian multiplier ξ(a) by the following equation:

ξ(a)θ+1 = ξ(a)θ + ρ1 × (
∑
k∈K

∑
a′∈Φ(a) x

k
a′ − 1)

Step 3.5: Update iteration step

θ = θ + 1

Step 4: Output

Output train rescheduling variable xka
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Appendix D1

Algorithm 3 The algorithm for solving subproblem Pv

Input:

Space-time network for passengers Gpa = (Epa, Apa);

The initial arc cost of space-time network for passengers cpa;

Passenger group set P ;

The origin o′p and destination d′p, and original start time e′p and final arrival time l′p for each passenger group p ∈ P ;

Current Lagrangian multipliers γ(a);

Current train scheduling results,
∑
k∈K x

k
a, for each arc a ∈ Apa ∩Atr;

The disruption information, disrupted space-time passenger arc set ADpa

Output:

Passenger routing results vpa.

Step 1: Initialization

Initialize all passenger routing variables vpa = 0;

Set the space-time passenger arc cost cpa =∞,∀a ∈ ADpa;

Initialize general passenger arc cost cpa by Equation (21a);

Step 2: Passenger routing

For each passenger group p ∈ P :

Find the shortest path from vertex (o′p, e
′
p) to (d′p, T̂ ) by dynamic programming algorithm, and let vpa = 1 for

arc a along the shortest path.

Step 3: Passenger rerouting

For each passenger route update iteration θ < Θp:

For each passenger group p, do Step 3.1, Step 3.2 and Step 3.3

Step 3.1 Delete

Reset variable vpa = 0 for passenger arc a ∈ Appa
Step 3.2 Update passenger arc cost

Set the space-time passenger arc cost cpa =∞,∀a ∈ ADpa;

Update the space-time passenger arc cost by equation (21a)

Step 3.3 Find the shortest path

Find the shortest path from vertex (o′p, e
′
p) to (d′p, T̂ ) by dynamic programming algorithm, and let vpa = 1

for arc a along the shortest path.

Step 3.4: Update iteration step

θ = θ + 1

Step 4: Output

Output passenger routing variable vpa
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Appendix E1

Algorithm 4 The algorithm for obtaining the upper bound based on a feasible disposition timetable

Input:

Space-time network for passengers Gpa = (Epa, Apa);

The initial arc cost of space-time network for passengers cpa;

Passenger group set P , and the volume (np) for each passenger group p ∈ P ;

The origin o′p and destination d′p, and original start time e′p and final arrival time l′p for each passenger group p ∈ P ;

Feasible train scheduling results, xka;

Train capacity qk for each train k ∈ K
Output:

Feasible passenger routing results vpa.

Step 1: Initialization

Initialize all passenger routing variables vpa = 0;

Initialize total passenger volume on arc a, ϕ(a) = 0,∀a ∈ Apa ∩Atr;
Step 2: Passenger routing

Order the passenger group p ∈ P based on the rules explained below;

For each passenger group p ∈ P :

Step 2.1 Update arc cost

For each passenger arc a ∈ Apa ∩Atr, if ϕ(a) + np > qk or
∑
k∈K x

k
a = 0, set cpa =∞.

Step 2.2 Routing passenger groups

Find the shortest path from vertex (o′p, e
′
p) to (d′p, T̂ ) by dynamic programming algorithm, and let vpa = 1 and

ϕ(a) = ϕ(a) + np for arc a along the shortest path.

Step 3: Output

Output passenger routing variable vpa for upper bound solution

In Step 2, we first order passenger groups according to three rules.2

• Passenger groups that have booked trains running on the non-disrupted lines are denoted as first. That is, we3

place passenger groups traveling only on the Bengbu-Hefei inter-city line and Hefei-Nanjing high-speed line first.4

• Passenger groups are ordered according to the departure time of their booked trains from the first station within5

the considered railway network.6

• For passengers booked the same trains, we order them based on the length of the travel distance (long-distance7

OD first).8

The first rule indicates that we give priority to passengers on the non-disrupted lines. This is reasonable in a railway9

system with seat reservation. In the second rule, we load passengers planning to depart earlier first, which is similar to10

the popular “first come, first served” strategy. In the last rule, we first load long-distance passengers, which is helpful11

for reducing the systematic influence of disruptions on passengers.12

Step 2.1 ensures the feasibility of the passenger routing plan. Passengers can only use arc a ∈ Apa ∩Atr when it is13

used by trains, and passengers on a train cannot exceed the total train capacity.14
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Appendix F1

Algorithm 5 Dynamic programming algorithm to solve each single train-rescheduling problem

Input:

Space-time network for trains Gtr = (Etr, Atr);

The arc cost of space-time network for trains cka;

The origin ok and destination dk, and original start time ek and final arrival time lk for each train k ∈ K;

Step 1: Initialization

For train k = 1 to |K|:
For physical link (i, j) = 1 to |L|: //|L| is the total number of links

For time t = ek to lk:

If i = ok and t = ek:

νki,t = 0; // νki,t is the label for train k at node (i, t)

Else:

νki,t =∞;

Set train node precedence PNi,t = −1, time precedence PTi,t = −1

End for

End for

End for

Step 2: Forward finding the best node on the shortest path

For train k = 1 to |K|:
For physical link (i, j) = 1 to |L|:

For time t = ek to lk:

Derive feasible downstream point j′ for j, and feasible downstream time t′ for t;

Calculate the general cost c̄ij′tt′ of arc (i, j′, t, t′) according to Equation (20b);

If νki,t + c̄ij′tt′ < νkj′,t′ :

νkj′,t′ = νki,t + c̄ij′tt′ ;

PNj′,t′ = i, PTj′,t′ = t

End if

End for

End for

End for

Step 3: Backtrack the shortest path

Step 3.1: Find the last space-time node of train k on its shortest path obtained by DP

Step 3.2: Backtrack from the last space-time node to the first space-time node of train k based on the precedence

relationship

Step 3.3: Reverse the backward path and output the shortest-path and the corresponding cost

The procedure of DP used to solve the routing problem for a single passenger group is similar to that used to solve2

the rescheduling problem for a single train. Thus, we omit the DP algorithm used to solve the routing problem for a3

single passenger group here.4
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