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Abstract

Train timetables generally have a long planning horizon but it happens regularly that train requests are
submitted at late stages where all other trains in the timetable already are fixed. It is therefore
important to find a suitable method to insert a train late in the process, without adjusting the existing
trains.

The purpose with this report is to develop a network based insertion algorithm and evaluate it on a real-
case timetable. The aim of the algorithm is to minimize the effect that that train implementation cause
on the other, already scheduled traffic. We meet this purpose by choosing an objective function that
maximizes the minimum distance to a conflicting train path. This ensures that the found path should be
realizable and that the inserted train receives the best possible bottleneck robustness and therefore
affect the existing trains as little as possible.

We first transform all idle timeslots between two stations in the timetable to vertices and edges and
then solve the graph with a modified version of Dijkstra’s algorithm. The complexity of the algorithm
is O(s2t log(s?t).

We applied the algorithm on a real timetable from 2015 on the Swedish railway stretch between Malmé
and Hallsberg, containing 76 stations. The test stretch contains both double track and single track. The
algorithm performs well and manage to obtain the optimal solution for a range of scenarios, which we
have thoroughly evaluated in various experiments. The test case, with its 76 stations and more than 250
existing trains could easily be solved by the algorithm, which indicates that the algorithm solution time is
sufficiently short even for relatively large realistic problems. One indication from the test case was that
increased congestion seemed to reduce the problem size, which should be evaluated more thoroughly
in case studies. The case also show that a solution’s robustness decreases with increasing total number
of departures. However, the trend cannot be used as a rule since significant outliers are prevalent. The
outliers occur since single trains may disable the optimal solution entirely.

Since the algorithm operate in a macroscopic environment, the solution has to be evaluated for
microscopic feasibility before application in reality. One disadvantage with the algorithm is that it only
considers the bottleneck in the path and cannot detect the best solution among those using the same
bottleneck. We propose a solution to this that we hope can be implemented in further studies.

Keywords
Timetabling, Label-setting algorithm, Robustness, Macroscopic model, Congested network, Train
scheduling



Sammanfattning

Tagtidtabeller faststélls ofta langt innan de borjar gilla, ibland kan en tidtabell vara fardig over ett ar
fore den aktuella dagen. Det forekommer dock att det kommer in en férfragan om ett nytt tag kort
innan tidtabellen tas i bruk, allt mellan ett par veckor till enstaka timmar innan. Det ar darfor viktigt att
kunna lagga in dessa tag pa basta maojliga satt. Malet med den héar rapporten ar att utveckla en
natverksbaserad algoritm for insattning av ett tag samt att utvardera denna med hjalp av en verklig
tidtabell. Vi gor det genom att anvanda en malfunktion som maximerar det minsta avstandet till
narmsta tag. Ddrmed far vi en tdgvag som bade ar genomforbar och som minimerar risken att paverka
de redan faststéllda tagen negativt.

Metoden gar ut pa att vi forst definierar lediga tidsluckor i tidtabellen som noder, vilka kopplas samman
med bagar. Darefter l6ser vi den formulerade grafen med hjalp av en modifierad version av Dijkstras
algoritm. Algoritmens komplexitet &r O(s%t log(s?t).

Vi har utvarderat algoritmen genom att tillampa den pa en verklig tidtabell fran 2015 pa den 76
stationer |anga strackan mellan Malmo och Hallsberg. Strackan innehaller bade enkelspar och
dubbelspar. Algoritmen testades genom utforliga experiment dar olika parametrar paverkan
analyserades. Den visade sig fungera val for den valda tillampningen och hittade optimala |6sningar i de
fall dar minst en mojlig I6sning fanns. Algoritmen hade inga problem med problemstorleken, bestaende
av drygt 250 tag och 76 stationer, vilket indikerar att algoritmens |6sningstid ar tillrackligt kort dven for
relativt stora verkliga fall. | testfallet visade sig 6kad trangsel i natverket leda till farre noder och bagar
och darmed mindre problemstorlek. Mer genomgripande test pa fler tidtabeller beh6vs dock for att
faststdlla att sambandet galler generellt. Genom experimenten kunde vi ocksa se att fler tag generellt
leder till Iagre robusthet for I16sningarna. Dock finns vissa avvikelser eftersom varje enskilt tags placering
i tidtabellen kan ha stor paverkan pa robustheten

Eftersom algoritmen dr makroskopisk och baserar sig pa tidtabellsdata snarare an verkliga forhallanden
sa behover den erhallna I6sningen utvarderas pa en mikroskopisk niva innan den kan anses fullt korbar.
En nackdel med algoritmen ar att den endast tar hansyn till flaskhalsen i systemet och darmed inte kan
hitta den basta l6sningen bland tva med samma flaskhals. Vi féreslar en |6sning pa detta i rapporten och
hoppas att den kan implementeras i framtida studier.

Nyckelord
Tidtabellaggning, Natverksbaserad algoritm, Robusthet, Makroskopisk modell, Trangsel, Schemalaggning
av tag.
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Definitions

Segment: Defined as the railway tracks connecting two consecutive stations.

Railway stretch: A railway line according to a combination of segments connecting two, non-consecutive
stations.

Route: A trains’ route is distinguished by its geographical travel decisions between its start and
destination station.

Railway network: All different railway stretches in a specific area that connects to each other.

Path: A path is defined as a trains’ movement within a timetable and specifies a certain set of departure
and arrival times at subsequent stations in the timetable.

Primary delay: a train with a primary delay imply that the delay was caused by the train itself.

Secondary delay: a train with a secondary delay imply that the delay was caused by another trains’
delay.

Interval: An interval is defined as the time interval in a timetable where a train implementation is
feasible. The intervals are often specified at stations between two existing trains in the timetable.

Focal train: The focal train is the train that we intend to implement with our study’s method.
Existing train: A train that is previously scheduled in the timetable, prior to our work.

Block section: A block section represents a physical segment along the railway. The block sections are
used to manage safe train occupation of the railway to ensure that the train operations maintain a
certain distance between each other.



1. Introduction

Train timetables have a long planning horizon and are often fixed long before the day of operation.
However, it happens regularly that a train request comes in short before the timetable is taken in
operation. At this stage, it can be difficult to insert the train with good timetable quality, especially in
networks where the congestion rate is high. The train shall affect the other trains as little as possible but
still obtain departure and running times relatively close to the request. In this report, we develop and
evaluate a network-based algorithm that aims to handle such requests and insert them in an existing
timetable.

1.1.Background
The railway traffic has experienced an increased demand and use over the last years. Passenger traffic in
Europe increased by 30 % from 2001 to 2014 (UNECE, 2014), which leads to an increasingly congested
railway. The freight railway traffic has remained somewhat steady in EU and for example, increased by
8% from 2000 to 2014 (UNECE, 2014), despite the increase in demand and congestion. The increase in
passenger traffic and steady freight traffic induce an overall increase in congestion on the railways for
both passenger and freight traffic. The Swedish governmental agency Transportation analysis (Trafa,
2017) report a 22 % increase in passenger trafficin Sweden from 2010 to 2016, which indicates a rapid
recent increase of demand for railway capacity. The government in Sweden also proposed an ambition
of transferring freight traffic from truck traffic on road to railway traffic (Trafa, 2016). This recent
increase in railway congestion and the ambition to transfer freight traffic to railways induce a shift for
train implementation requirements, especially for freight train insertions.

The strategic European freight corridors have experienced especially high traffic demand, which
emphasizes the importance of high capacity utilization on these railways (Caprara et al., 2005). The high
demand of passenger and freight trains on the European corridors induce a demanding task for further
implementations of freight trains to the timetable.

Timetables that are already applied and in operation often have fixated passenger train departures,
which prohibit late passenger train configurations (Cacchiani et al., 2008). The passenger trains should
be punctual since passengers have a high delay sensitivity and demand reliable on-time services to
consider railway transportation as a viable transport alternative (Burdett & Kozan, 2009). Goods owners
have a higher desire for flexibility for their trains’ departures times, which leaves them to be more open
to compromise with lower precision of arrival time at the destination station and journey time. Freight
trains are therefore more suitable to insert shortly before real-time since last-minute insertions often
result in less than optimal journey times and low precision of arrival time at the destination station. Last-
minute insertions entail that low solution time is required, since we operate close to real-time. It is
therefore important to investigate the time complexity of the algorithm.

One danger with train insertions close to real-time is the increased risk of delaying previously scheduled
trains with the inserted train. This entails conflicting desires: accommodate the goods owners’ desire of
increasing departure time flexibility or reject it to not jeopardize a decrease in punctuality for the entire
network. Good train insertion techniques and strategies ease the punctuality issues with allowing late
insertions of trains (close to real-time), especially in congested networks.



One corridor experiencing problems with interactions between freight- and passenger trains is the
railway stretch between Malmo and Hallsberg. This corridor, which is classified as a section of one of the
strategic freight transport corridors in the EU (European Commission, 2017), is congested due to
excessive amounts of train requests. Currently, Malmo shunting yard has too little capacity, thus, itis
desired for trains to depart as soon as possible to clear up space at the yard. This often implies that
freight trains are scheduled to depart close to real time and significantly earlier than their scheduled
departure time. These train departures are commonly conducted with insufficient coordination where
only the current train dispatcher's stretch or region is considered for the departure decision. This
strategy might cause problems for the following train dispatchers and may delay other trains. A better
solution would be to consider the whole train route (from start station to end station) before permitting
departure from the shunting yard. This would however be too much information to handle manually for
a single train dispatcher and a decision support system is consequently needed. This study aims to
provide the base for one such decision system by developing an algorithm for the insertion of freight
trains, close to present time. Insertions close to present time alleviate the need to consider an efficient
use of idle railway time since further insertion requests are unlikely to occur. The algorithm can instead,
for example be utilized to optimize the focal trains’ delay resistance, journey time or to let the focal
train depart as early as possible.

1.2.Purpose
The purpose of the study is to develop and evaluate a network-based scheduling algorithm for the
insertion of additional trains in a congested network. The algorithm shall operate on a macroscopic level
and provide a solution that is a complete timetable for a single train, defining arrival and departure
times for every intermediate station.

1.3. Research questions
The study aims to evaluate and provide answers to the following research questions.

e How can an efficient train insertion algorithm be developed, which ensures a good macroscopic
timetable for a single train?
o How does the algorithm perform in different scenarios with different parameter
settings?
o Which time complexity does the developed algorithm have in its worst case and what is
the average complexity in the investigated cases?

1.4.Methodology

We have used two different methods in this thesis, description and modeling. The description mainly
consists of a literature study, which has three different purposes. The first purpose is to understand and
describe the difficulty of train timetabling and ad-hoc changes to it, which includes a description of the
state-of-the-art of timetabling research, specifically in general and for train insertion models. The
second purpose is to investigate which factors to consider to ensure macroscopic feasibility in a railway
system. This gives a broad picture of the area and highlights the necessary measures that are required to
evaluate timetable applicability. The third purpose is to find sufficient performance measures for
evaluating the performance of a solution according to what we value. The modeling part consists of
defining a network-based model and testing it on a specific case, based on real data. The case, which
specifies a limited railway stretch, aims to show that the model is applicable on real-instance problems.



1.5. Delimitations
According to the study purpose, we only reschedule one train per simulation, which implies that we do
not consider interactional effects between several iteratively rescheduled freight trains. All other trains
follow a fixed timetable, which cannot be modified to benefit the implementation of the focal train. We
have also limited the algorithm to not consider or include train’s stochastic delays or deviations from the
scheduled timetable. This implies that all trains are assumed to travel according to their timetables.

The method performs at a macroscopic level, which implies that it does not model individual signals and
tracks. This may result in a timetable that is infeasible in reality, which requires testing in a microscopic
environment before its verification. If the resulted timetable is infeasible in reality, the timetable has to
be adjusted to ensure its applicability. The feasibility check needs to be performed in a microscopic
simulation software like RailSys. We will not evaluate microscopic applicability and the developed
algorithm will not handle possible adjustments, this is up to either the simulation software or the train
dispatchers to solve. This limitation is in line of current macroscopic timetabling practices.

The focal train’s travel time is simplified to be constant since acceleration and deceleration time
differences are marginalized. The travel time will thereby, between two neighboring stations always be
constant, regardless if the train stops or passes by a station. A differentiation of the travel times can be
argued if the model needs to be more applicable in a real network. The use of constant travel times
between stations, regardless of acceleration and deceleration possibilities increase the possibility to
obtaining inapplicable solutions for a real network.

We assume that all sidetracks can be reached from all tracks, with some exceptions presented in
Chapter 5.1. The method does not include train movements at shunting yards; the focal train is only
restricted to two times: an earliest departure time in Malmo and a latest arrival time at Hallsberg.

1.6.0utline

The remaining report has the following structure: In Chapter 2 and 3, we present the related literature
and important concepts in the research area. We also describe relevant model structures and strategies,
performance measures, objective functions and a microscopic versus macroscopic discussion. Chapter 4
contains the algorithm description with algorithm objective, graph creation processes, algorithm
creation and complexity. We describe the experiment infrastructure and experimental setup in chapter
5 and present the experiments’ results in Chapter 6. Chapter 7 and 8 contain our discussion and
conclusions of the study.



2. Evaluation criteria for timetables

Scheduling of trains for timetables can be performed in many ways. It is important to develop a proper
insertion technique, which correspond to what the stakeholder’s value. This chapter aims to provide a
thorough description of which objectives and performance measures that are relevant and previously

used in timetabling studies to achieve good timetables.

A study or a report is often constructed to solve a specific problem, which is formulated as one or
several objectives. These objectives can then be analyzed regarding which model configurations that
correspond to fulfill the objectives. The objectives can either be quantified to a specific value or be set
as a general directive of improving in a certain area. We first identify objectives used in relevant studies
in the railway timetabling literature. At least one objective is included in the objective

function, which corresponds to what the model optimizes. The objective function must therefore
contain quantifiable variables that align with the project objective. It can be of interest to evaluate the
resulting solution compared to other models and methods. This requires that certain performance
measures or evaluation criteria are constructed. These performance measures need to relate some
solution result to a theoretical fixed limit of that result. The relation can for example be the solution’s
journey time in relation to the minimum journey time. The performance measure relation can then be
used to distinguish how good of a solution that is obtained. This chapter will lastly provide different
performance measures in railway timetabling for different problem structures.

2.1.Characteristics for good timetabling
Model evaluations are based either on timetable properties or on the timetable performance in real
time or in a simulated reality. Andersson et al. (2013) distinguish between the two measures as ex-post
and ex-ante. Ex-post measures are only evaluated post model implementation, based on findings from
an executed timetable, executed either in reality or in a simulation model. Ex-ante measures are based
on timetable properties themselves, prior to their implementation to a network. We will not implement
our timetable solution in a simulation model or in reality, which implies that we are unable to evaluate
ex-post measures and rely entirely on ex-ante measures to distinguish good solutions.

The ON-TIME project (ON-TIME, 2011-2013) aimed to improve the timetables for European railways.
Their focus was to improve customer satisfaction by increasing capacity and decreasing delays. The ON-
TIME project scheduled both passenger and freight transports and considers the construction of
timetables from scratch (ON-TIME, 2011-2013). The ON-TIME authors present seven objectives to
distinguish good solutions from bad: transport volume, journey time, connectivity, punctuality,
resilience, passenger comfort, energy and resource usage (Roberts et al., 2012). Journey time and
passenger comfort both focus entirely on improving the passenger trains journeys. Even though the
focus of our study is the implementation of a single freight train, the objective of the study can still be
specified with the passenger trains in focus. An objective could for example be to improve the passenger
trains journey time by developing a new strategy to timetable freight trains. The same reasoning can be
made for objectives that regard entire fleets. A study that implements a single train in a timetable can
still have the objective of improving the entire fleet solution. Most of the following objectives comprise
both the passengers and freight trains. The transport volume objective comprises of the total amount of
cargo kilogram-meters per time unit, for the entire fleet, which imply the objective of improving the
efficiency by transporting a higher volume of goods in a shorter amount of time. Our project aims to
implement a certain train with a fixed weight. Thus, we can only use the time aspect of this objective to



obtain shorter time intervals between the trains’ initial departure to its final arrival at the destination.
The connectivity objective measures the time for goods between their arrivals at a station to the
departure of the same goods on another train from the same station. This interchange time is then used
in correlation to the minimum freight interchange time, which is specified locally. Our focal train’s
timetable does not contain any interchanges, which makes the connectivity objective irrelevant for the
current problem structure. Kroon et al. (2005) describe punctuality as the percentage of trains that are
more than e.g. 3 or 5 minutes late at important stations. We have limited all timetable activities to occur
according to their scheduled timetable, with no risk of delay, which imply that we exclude the possibility
of using this objective.

The resilience objective comprises of three measures: time to recover, peak delay and integral of total
delay (Roberts et al., 2012). The time to recover is the time required for a delay to be absorbed. The
peak delay is the maximum delay that is recorded in the system and the integral of total delay is the
entire time periods measured delay. The resilience objective is in short used to deter and handle
stochastic disturbances and it aim to provide a robust system (Roberts et al., 2012 & Binder et al., 2014).
The energy consumption objective is specified to improve the fleets’ energy consumption. Our study
fixates all trains except the focal train, which implies that only the focal train's energy consumption can
be investigated. We will not include any resource usage aspects in our project since our rescheduling is
used in later stages, close to real time, where resource usage is of little importance in relation to railway
capacity utilization.

2.2.Performance measures
The performance measures aim to distinguish good solutions from bad solutions in accordance to the
stakeholders’ views. The timetable solution should provide adequate buffers while also comply with as
many requests as possible. Goverde & Hansen (2013) present a comprehensive list of performance
measures, which are used to evaluate the quality of timetabling solutions. The list consists of
infrastructure occupation, timetable stability, timetable feasibility, timetable robustness and timetable
resilience. These performance measures provide, according to the authors, a general structure for the
evaluation of any timetable.

Capacity consumption is a measure of a timetable’s capacity occupation. It is a measure that utilize two
of Goverde & Hansen’s (2013) performance measures, namely infrastructure occupation and timetable
stability. The infrastructure occupation criterion depends on three infrastructure design parameters: the
number of trains, average speed and heterogeneity of trains (Goverde & Hansen, 2013). This criterion
can be defined either for the entire network or for individual tracks. The infrastructure occupation is
calculated as the time difference between the minimum allocated time and the scheduled occupied
time, for which a set of trains occupy a railway stretch according to their schedule (Goverde & Hansen,
2013). The minimum allocated time is calculated with concern to minimum headway times between
trains and blocking times. Blocking times consist of minimum allocated safety times, which ensure that
trains have time to respond to unpredictable situations. These blocking times correspond to a period,
where a specific train occupy a block section. We explain blocking times further in Chapter 3.5.2. The
minimum allocated blocking time is the compressed time interval, where all trains and their blocking
times are compressed to remove any idle railway track time between successive trains in the scheduled
timetable (Goverde & Hansen, 2013). A 100% infrastructure occupation would therefore correspond to a
timetable with no idle, buffer or maintenance railway times (UIC 406, 2004). UIC (2004) specifies



appropriate levels of infrastructure occupation for different types of tracks; "dedicated suburban
passenger traffic" should have a maximum infrastructure occupation of 85 % during peak hour and 75 %
otherwise; "dedicated high-speed line" and "mixed-traffic lines" should correspondingly at most have 75
% and 60 % for peak hour and non-peak hours.

Goverde & Hansen (2013) define timetable stability as the ability for timetables to absorb delays. The
ability to absorb delays is measured by a settling time (Goverde & Hansen, 2013), which is the time
interval between when a delay appears and the delay is absorbed. This time interval depends on the
initial size of the delay, the buffer distribution strategy and the magnitude of the planned buffers in the
schedule. The timetable stability performance measure is computed with the size of the initial delay and
the settling time. Reference values for this performance measure are only utilized in Germany (Goverde
& Hansen, 2013) where a 10-minute initial delay should be resolved within two hours.

The capacity consumption of a timetable can be calculated with the infrastructure occupation and
timetable stability derived buffers (Goverde & Hansen, 2013). The capacity consumption represents the
amount of idle time or non-occupied time in a section’s schedule. It is calculated over a specific
predefined time window for a section. All scheduled trains in the timetable are compressed to separate
any idle time that might be present between them (UIC 406, 2004). The difference between the
infrastructure occupation and capacity consumption is that the capacity consumption includes the
timetable stability derived buffers in their timetable compression part, whereas the infrastructure
occupation disregards any present buffers and only include minimum required blocking times. This
implies that the capacity consumption calculation compresses the timetable to separate any idle time
between scheduled operations. The capacity consumption is the relation between the compressed train
operation times and the total scheduled time interval (including the idle times) (UIC 406, 2004). The
compression and distinction between infrastructure occupation and capacity consumption is visualized
in Figure 1. The left figure in Figure 1 describes a possible timetable scenario for a railway stretch with
idle times between each train operation and its corresponding safety buffers. The right figure in Figure 1
describes the compression results, where all idle time is separated and moved to the end of the time
frame. The infrastructure occupation and capacity consumption is also gathered and moved to the start
of the time interval, where they partly overlap.

To summarize, infrastructure occupation is calculated as the relation between the compressed minimum
required headway time interval (marked in Figure 1 as “infrastructure occupation”) and the entire time
frame. The capacity consumption is calculated as the relation between the compressed minimum
required headway times, buffer times, maintenance times and the entire time frame.
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Figure 1: The timetable’s original distribution of occupied time is shown to the left and the corresponding timetables’ compressed
occupation times is illustrated to the right.

The timetable feasibility performance measure aims to provide a timetable where all trains are
scheduled to operate without any overlap to other scheduled trains, since overlapping timetable
operations have a negative effect on the track utilization capacity. The track capacity is affected because
trains need to brake to maintain safe distances for the overlapping train operations. Braking results in
worsened track capacity utilization as it uses more track time to serve the same amount of train
operations. The timetable feasibility also regulates that the train requests should be realizable during
their scheduled time (Goverde & Hansen, 2013). Goverde & Hansen (2013) define a realizable train path
as a train path that at least has the minimum process time allocated to it. They also state that a possible
way of obtaining infeasible timetables is if departure times are rounded down (e.g. to whole minutes) to
minimize unnecessary dwell time. This rounding shall be compensated for, according to the authors to
have a balanced timetable with adequate time allocation, according to the planned time. The timetable
feasibility is measured as the number of scheduled conflicts in a timetable, which ideally should be zero.

The timetable robustness criterion provides adequate time buffers that allow trains to recover from
stochastic disruptions in the network. Reducing the occurrence of primary and secondary delays is
therefore the primary objectives of the timetable robustness performance measure (Goverde & Hansen,
2013). The buffer is either specified for stretches where disruptions are unusually prevalent or
corresponds to national standards. The disadvantage of providing a buffer such that all trains are
capable of recovering from their disruptions is that track capacity suffers unnecessarily since the full
buffers rarely gets utilized, which hinders additional trains to be implemented. The performance
measure is calculated as the proportion of successfully replicated processes to planned processes. All
processes that are realized within their scheduled process times are counted towards successful
robustness and all processes that are delayed beyond their scheduled process times and counted




toward unsuccessful robustness. Goverde & Hansen (2013) exemplifies that a norm of 90% realized
scheduled process times could be set as a goal.

Timetable resilience is determined by how well it is distinguished that a rerouting or change in train
priority benefits the schedule to combat secondary delays. The timetable resilience measure therefore
concerns the flexibility regarding the traffic management's actions on the timetable, at the presence of
recoverable secondary delays (Goverde & Hansen, 2013). Possible actions to overcome secondary delays
are according to the authors re-timing, re-ordering and re-routing activities. For example, if one delayed
train consequently delays a subsequent train, the affected train can be rescheduled to pass the train
with the primary delay to avoid the secondary delay. Both timetable resilience and timetable robustness
act to prevent delays. Timetable robustness precautions are implemented in the timetable construction
phase, whereas timetable resilience precautions are implemented when the timetable is in operation (in
real-time). The difference in what they measure is that timetable robustness regards buffer sizes, while
timetable resilience regards activities like re-ordering of trains. The timetable resilience can be
evaluated with ex-post measures like punctuality, average delay and maximum secondary delay
(Goverde & Hansen, 2013) since these are likely affected negatively with inadequate timetable
resilience.



3. Timetabling strategies and feasibility

Railway planning is a complicated process that can be divided into many different activities. Lusby et al.
(2011) divide the process into three different levels, the strategic, tactical and operational level. The
strategic level has a long perspective and considers where different train types should go and if route
changes are required according to changes in the infrastructure. The strategic level also includes line
planning, which the authors describe as planning of which train lines that should be conducted and
which train service frequency they should have. This step is a tradeoff between having low costs for
running trains and having high passenger satisfaction. After performing this step, there is a set of train
requests for each railway stretch that should comply to a realizable timetable, which is the start of the
tactical level. A realizable timetable is a timetable that is feasible in reality; it does not contain any
theoretical conflicts. The timetable includes arrivals and departures for all trains at all stations and
avoids train conflicts by using, for example, headways. This enables macroscopic timetable feasibility,
which we describe further in Chapter 3.5.1. The second step on the tactical level is to allocate each train
to a specific track to ensure feasibility on a detailed level (microscopic level, see Chapter 3.5.2), both on
the line and at the stations, for example assigning a platform with sufficient length. The last two steps at
the tactical level include rolling stock and crew scheduling. The last level described by Lusby et al. (2011)
is the operational level, which is the real-time management, handled by train dispatchers together with
the drivers of each individual train. Late changes in the timetable as well as sudden changes in
infrastructure demands re-planning and rescheduling, which has to be handled operationally.

According to the definition by Lusby et al. (2011), our algorithm is between the tactical level and the
operational level, since a request of a rescheduling or implementation of a train can occur shortly before
its requested departure and would likely be handled by the train dispatchers. There are however larger
similarities to the timetable generation problem at the tactical level and several concepts from earlier
research can be applied to our problem. The rest of this chapter is structured as follows: We present an
overview of the operational rescheduling of models in Chapter 3.1, together with a discussion of why
they are not applicable to our problem. In Chapter 3.2, we present different variations of how to
formulate the general timetable problem and in Chapter 3.3; we describe the objective functions of
these models. We dedicate Chapter 3.4 specifically to robust train timetabling models. Finally, we
describe how to ensure macroscopic feasibility in a timetable and discuss the differences to microscopic
feasibility in Chapter 3.5.

3.1.Perturbation rescheduling
Cacchiani et al. (2014) describe the rescheduling process well in a literature review, which covers most
of the recent work within the field of rescheduling due to perturbations. The authors distinguish
between disturbance and disruption. Disturbance is defined as relatively small delays where the order of
trains may need to change but where the delays are so small that trains can recover from them at their
end station, before starting a new trip. This means that cancellations seldom occur and neither rolling
stock nor train crew have to be rerouted. Disruptions correspond to large delays, which imply large
problems. These delays have a large effect on many trains and often cause cancellations of trains.
Rerouting of rolling stock and train crew are often required to be able to get back to the ordinary
timetable after a disruption. Another important definition by Cacchiani et al. (2014) is the difference
between primary and secondary delays. Train delays occurring due to a specific event, for example a late



departure or infrastructure failure, are called primary delays while a train delay occurring as a
consequence of delayed adjacent trains is called a secondary delay.

The large difference between our problem and ordinary rescheduling models is that the objectives are
different, which results in very different models. The objective for rescheduling models is often to
minimize the total delay or to recover the system according to the timetable as soon as possible
(Cacchiani et al., 2014). Therefore, these models reschedule all trains to obtain the globally best
solution. In our problem, we want to keep all trains fixed, apart from the focal train. Most methods used
in the perturbation handling research are therefore not applicable on our problem.

One similarity between our problem structure and rescheduling algorithms is the solution time factor.
The solution time has to be relatively short since both problem types handle ad-hoc changes to the
timetable. It is actually even more critical for perturbation rescheduling since it operates in real-time,
which implies that long algorithm running times would risk giving solutions based on data that is no
longer valid. A method by Térnquist Krasemann (2010) handles this by using a maximum solution time.
The algorithm finds a feasible solution as fast as possible and uses the remaining time, until the
maximum solution time, to improve this solution. The time limit is regulated and evaluated depending
on the size of the network and complexity of the problem. The author uses a time of 30 seconds in the
specified example.

3.2.Train timetabling problem formulations
There are two main methods of timetable formulation: Mixed Integer Linear Programming (MILP) and
space-time directed multigraphs (also called time-expanded graph). Various MILP formulations exist
where one common formulation is the method developed by Carey and Lockwood (1995). They use
constraints for link time, waiting time and headways, together with consistency constraints. The link
time constraints assure that an arrival at a station cannot occur before the departure at the previous
station added by the minimum running time. Waiting time constraints force trains to stop at least a
predefined time at each station with scheduled stops to ensure that activities, like boarding, has
sufficient time allocations. Both link time and waiting constraints are continuous variables. Minimum
headway constraints ensure the required safety standards. There are two types of headway constraints,
one for entering a link and one type for exiting a link; together, they ensure that no train will be too
close to any other train. The consistency constraints ensure that each train only appears once on a link.
The headway constraints and consistency constraints need binary variables in their formulations, which
gives the problem its MILP structure, instead of being a continuous linear problem. Carey & Lockwood
(1995) use a cost function as their objective. They assume an ideal timetable for each train and define a
cost for deviating from it. They propose different costs for deviations in arrival, departure and dwell
times at stations, as well as trip time deviations on links.

A disadvantage of the formulation by Carey and Lockwood is the high number of binary variables, which
makes it computationally difficult to solve. To overcome this, Carey and Lockwood insert one train at a
time. They keep the order of the other trains fixed, but allow train movements, as long as they stay in
the correct sequence. This reduces the number of binary variables significantly and makes the problem
possible to solve even for larger sets of problems. In their numerical experiments, the authors insert
trains chronologically based on their desired start time.
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The second method formulation uses time-expanded graphs, also called space-time directed multi-
graphs. Flier et al. (2009) provide a good solution to the time-expanded graph method. Time expanded
graphs builds on ordinary graph theory but have one vertex per location and time event instead of only
one vertex per location. For example, if a train can depart from a station every 60 seconds between
09:01 and 09:05, the model would generate five vertices for that station. The edges between the
vertices can either represent a physical movement to the following station or waiting at the station to a
later departure. This configuration divides the vertices into three groups: arrival vertices, departure
vertices and passing vertices. When a train departs from a station, it departs from a departure vertex. If
the train shall stop at the following station, it goes to an arrival vertex and thereafter to a departure
vertex of the following station. If the train shall not stop at the following station, it goes to a passing
vertex and thereafter directly to an arrival or passing vertex to its succeeding station. The need of
differentiation between passing vertices and arrival vertices depends on the different running times
between stations that a train has depending if it shall have a full stop or not. A train stopping at a station
has a longer running time than a train only passing the station. A visualization of a time-expanded graph
and a train path is illustrated in Figure 2 below.
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Figure 2: Time-expanded graph with a possible train path.

One problem with time-expanded graphs is that they generate a very large set of paths. Flier et al.
(2009) reduce the number of possible paths by removing all infeasible solutions with respect to the
original timetables by considering track capacities and headway constraint. Paths need to be
differentiable to be able to evaluate the performance of different solutions. We can do this by
introducing costs to either vertices or edges. Flier et al. (2009) do this by assigning costs to each possible
path. Their costs depend on a combination of train running time and the risk of delays, which we
describe further in the review of objective functions in Chapter 3.3.

There are some other and less common methods to solve the train-timetabling problem. One method is
to look at the problem as a job shop scheduling where the trains are modeled as jobs being scheduled
on a predefined set of resources in correct order. Each railway stretch is a resource and the objective is
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to schedule the trains so they run through the resources as smoothly as possible to maximize
throughput and minimize the total process time from start to end. Burdett & Kozan (2009) and Oliviera
& Smith (2000) are examples of authors using this method. Both pair of authors only use it for single-
track lines.

Ingolotti et al. (2004) developed another timetabling method, which tries to insert new trainsin a
timetable without shifting existing trains. The purpose of the algorithm is to insert new trains with a
periodic timetable at railway lines with dense traffic. The algorithm can handle both different train types
and trains with different stop patterns along the line, as well as both double- and single-tracks. The
method divides the new trains in two groups, one for each direction. It also creates a reference station,
located somewhere between the two end stations. The reference station handles conflicts between
trains. If a conflict occurs between an already existing train and a newly added one, the existing train
always gets priority. However, if both trains are new, the method uses the reference station. The train
that has not reached the reference station yet is prioritized above the train that has passed it and gets
its desired travel time. Thereafter, the method reschedules the other conflicting to a feasible departure
point, located later in the schedule. The first train in each direction is scheduled to a randomly given
starting time, from a specified time window and by considering running times and minimum station stop
times. The succeeding trains are scheduled by a given fixed departure time relative to their preceding
train. By changing the departure time for the first train at each iteration, new timetabling solutions
occur. The method saves only the best timetable solution to the next iteration. The authors define the
best timetable as the timetable with the least traversal time, averaged over all new scheduled trains.

The algorithm by Ingolotti et al. (2004) differs from our problem in several significant ways. Ingolotti et
al. (2004) have large focus on trains in different directions and keeping periodicity between departures,
which has the drawback of a quite simple rescheduling process and an objective function only
considering running time. Our problem needs a wiser rescheduling method to be able to provide good
solutions that minimize the risk of increasing timetable delays. Still, there are similarities between the
problem formulations, which make part of the algorithm developed by Ingolotti et al. (2004) useful also
for our problem. One similarity is that all existing trains are kept fixed, with no timetable changes
allowed. Most of the constraints for feasibility are also valid in both problems, like exclusiveness of track
sections and minimum stop time.

3.3.0bjective functions in train timetabling problems
Cacchiani, Caprara & Toth (2009) state that the objective for implementing additional trains should be to
obtain a timetable that has the least deviation to the ideal timetables. One ideal timetable exists per
train and corresponds to the train operator's individually desired timetable for that train. The deviation
from the ideal timetable can be classified as a certain "shift" or "stretch", which individually can be
constrained and managed. A shift is according to Cacchiani et al. (2008) defined as the difference
between the scheduled departure from the trains’ initial station and its ideal departure instant. The
stretch is determined by the increase in travel time from choosing a longer route than the ideal route
(route-stretch) and the increase in travel time by prolonged stopping times at intermediate stations
(stopping-stretch).

Cacchiani et al. (2009) define four parameters that are associated with the train's timetable solution.
The first parameter regard the specific train’s priority, which defines the value of operating the train
according to its ideal timetable. The remaining three parameters all penalize different negative effects,

12



applied on the timetable. One of these penalizes the train according to the shift deviation, the second
parameter penalizes the delay from the route stretch and the last parameter penalizes the stopping-
stretch delay. If the sum of the three shift and stretch costs exceeds the positive value of delivering the
train according to its priority, the train is canceled (Cacchiani et al., 2009).

Cacchiani et al. (2009) are not the only authors that use the objective of obtaining the timetable with
the least deviation to the optimal by assigning costs for deviations; a large part of the timetabling
articles in the area also use this model structure. It is used both for creating new timetables and for
inserting extra trains in existing timetables.

Some authors, like Caprara et al (2002), specify values for operating a specific train, which both enable
prioritizing between trains and cancelling unprofitable trains due to large deviations from the ideal
timetable. Others, as Carey and Lockwood (1995), have no train-specific weight. They usually use cost
minimizing functions where a one-minute train shift increases the objective value with the same amount
regardless of which train that gets the shift.

Oliviera & Smith (2000) also use ideal timetables in their job-shop approaches but they do not consider
if the deviation comes from a shift or a stretch. Instead, they require that no train departs before its
scheduled departure according to its ideal timetable and then minimize the total delay from all trains.
The delays could either be the result of a shift or a stopping-stretch delay and the objective is therefore
less detailed than the previously described method but it might be sufficient in some cases, especially
for congested single-tracks scheduling where throughput is essential. Burdett & Kozan (2009) utilize
time windows instead of ideal timetables in their job-shop formulation. The time windows specify
earliest and latest departure and arrival at all stations for each train. The authors categorize trains as
“fixed” or “non-fixed”, where non-fixed trains are allowed to violate the time window constraints, which
are penalized in the objective function. To weigh violations based on train type is a method of
prioritizing specific trains or specific train types. Apart from violation of time windows, Burdett & Kozan
(2009) use a second term in the objective function, the makespan of an entire timetable. The makespan
in a scheduling process is the time from when the first event starts until the last scheduled event is
finished. The linear combination of the weighted time window violations and the makespan is
minimized. Ingolotti et al. (2004) try a slightly different perspective by defining the best solution as the
solution with the minimum averaged travel time. However, the travel time of each train directly
correlates to the size of the train delay since all trains in their timetable have a fixed start time in
relation to their neighboring trains. Flier et al. (2009) developed a strategy for implementing additional
trains in a congested network by utilizing historical data for delay risk assessments. Their method results
in a set of Pareto optimal solutions depending on delay risk and travel time.

As seen in this review, articles solving the train timetabling problem either focus on variations of
minimizing the deviation from an ideal timetable or maximizing throughput. One large exception exists
with robust train timetabling methods. These differ significantly from the other timetabling problems
and they are consequently presented in a separate chapter below.
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3.4.Robust train timetabling
As described in Chapter 2.2, a robust timetable is a timetable that can absorb primary delays and enable
trains to recover from stochastic disturbances in the network. In timetabling, this means providing
sufficient distance between trains by inserting time buffers between them. Several authors try to make
robust timetables, or improve the robustness of existing timetables. In this chapter, we give an overview
on the approaches that are the most relevant for the problem. For a more thorough description of
robust timetabling models, we refer to Cacchiani & Toth (2012). Our task to implement a single train
into an existing timetable differs from the problem specifications in Cacchiani & Toth (2012) and most of
the previous work regarding robustness in timetabling. The main difference is that these models aim to
construct or re-construct entire timetables. The construction or re-construction of entire timetables, by
design, aims to achieve an across the board sufficient robustness, with the ability to alter more than one
train. This is achieved by rescheduling, possibly every train in the timetable, to achieve a good buffer
distribution and sufficient run time margins, see for example Kroon et al. (2008). Our interest differs
from the majority of the previous work in the area since we only can utilize ex-ante performance
measures regarding the evaluation of the timetable. Timetable robustness measures have mainly been
conducted and evaluated based on ex-post measures such as punctuality and delays (Andersson et al.,
2015). Andersson et al. (2013) defined the robustness measure regarding critical points in 2013, which is
an ex-ante performance measure. Critical points in the timetable are locations where one train’s journey
directly depends on the punctuality of another train. The dependency is strong enough that one train
cannot progress with its route if the dependent train arrives late to the critical point, without requiring
extensive rescheduling of the timetable. These situations can occur when one train is scheduled to
overtake another train or where one train is scheduled to enter a line directly after another train
(Andersson et al., 2015). The robustness in critical points performance measure is calculated and
evaluated based on three terms: runtime margin before the critical point, runtime margin after the
critical points and minimum headway between two trains in the critical point (Andersson et al., 2013).
The runtime margins before and after the critical point are buffers that correspond to how late the two
trains can have before they are marked as late. This ex-ante performance measure, like most other
performance measures, aims to be applied on scheduling or rescheduling of entire timetables. Thus, we
cannot directly implement these concepts without significantly modifying them.

Andersson et al. (2013) also mention the importance of managing buffer allocations. The buffer
allocation aspect implies the strategic implementation of buffer allocation in the network. This aspect is
relevant to investigate and utilize since the delay often is distributed with some variation in the network.
Vromans (2005) used an expression called weighted average distance (WAD) to distinguish early from
late distribution of buffers. The value of WAD can vary between 0 and 1, where 0 corresponds to
distributions to the start of the route and 0.5 corresponds to distributions in the middle. A low WAD
implies that the distribution of time buffers should be concentrated early on the route. Vromans (2005)
state that the middle point of the buffer distribution should be located at 0.425, which implies that 50%
of the buffer time should be allocated to the first 0.425 part of the route and the remaining 50% on the
last 0.575 part of the route. An earlier distribution of buffers was motivated to limit the spread of early
disturbances in the network.
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3.5.Timetable Feasibility

In this chapter, we describe how we ensure macroscopic feasibility in macroscopic models and
correspondingly how we can ensure microscopic feasibility in microscopic models, based on previously
defined literature methods. We also describe various aspects that have to be tracked specifically in
microscopic and macroscopic models and specify the model differences between macro- and
microscopic models.

3.5.1. Macroscopic feasibility
The time distance between trains, called headway, is the most important parameter when constructing
a feasible timetable. The minimum time distance a train can have to another train at any time is the
critical distance, which is constructed as a minimum time distance between trains to ensure safe
operations. The trains risk collision if they disregard this critical distance constraint. The critical distance
construction depends both on infrastructure properties, such as signaling system performance and
distance between signals, and on train properties such as speed and braking capability. In macroscopic
timetabling however, the critical distance is assumed to be the same at all points in time and for all
trains, for example 120 or 180 seconds. To avoid violating the critical distance but still ensuring that the
train can travel at the desired speed, a minimum headway is introduced. The minimum headway is
defined as the earliest time a subsequent train can depart without violating the critical distance at any
time on the trains’ common stretch. This means that a train that departs according to minimum
headway will exactly have the critical distance to the preceding train at one point during the railway
stretch. The critical distance will always appear at stations if we assume speed profile consistency
between trains, i.e. that a faster train is faster at all points in space. Figure 3 shows an example of
minimum headway calculation between two stations. The black horizontal lines represent stations and
the colored arrows represent train movements. The steeper slope an arrow has, the faster travels the
train. If the first train is faster than the second train, as in the left example in Figure 3, the critical
distance will appear at the start station (Station A) and be equal to the minimum headway. If the first
train is slower than the second train (right example in Figure 3), the critical distance will appear at the
end station (Station B), resulting in a larger minimum headway than in the left example in Figure 3. The
critical distance may also occur at intermediate stations if either of the trains have a scheduled stop at
the intermediate station.
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Figure 3: The left example shows the minimum headway calculation with a faster preceding train. The right example show the
minimum headway calculation with a slower preceding train.

Cacchiani et al. (2009) ensure minimum headway by restricting arrivals and departures from stations.
The authors use two sets of constraints to enforce minimum headway between trains traveling in the
same direction. The first set of constraints enforces a time limit between the departures of two
consecutive trains traveling in the same direction while the second set of constraints enforce a minimum
time limit between two consecutive arrivals. The combination of these constraints enforces the critical
distance at all station arrivals and departures; the minimum headway is thereby applied implicitly.

Overtaking and passing activities also have to be restricted through model constraints. An overtaking
activity is defined as when one train passes another train, which is traveling in the same direction. A
passing activity is defined as the event of one train passing another train where the trains are traveling
in opposite directions. Caprara et al. (2002), only permit overtakings at stations, which makes
overtakings handled as any ordinary headway constraint. It is also possible to restrict overtaking to
specific stations, for example by only permitting train stops at stations with scheduled stops. Single-track
sections (with sidings) need passing constraints at stations similarly to the overtaking constraints at
stations. Cacchiani et al. (2009) use two sets of constraints for this issue. Firstly, they define a minimum
time from one train’s arrival to a station until another train departs from the station. They also specify
the earliest time from when a train departs from a station until when it is possible that another train
traveling in the opposite direction can arrive. In combination, these two constraints will force every train
to meet at stations instead of on the line.

Sidings also enable passing and overtaking. A siding is an additional parallel track, which covers a short
distance of a low speed track. The track is modeled by switches, both at the start and at the end of the
siding and is occupied in accordance to the blocking time (minimum allocated safety times) between the
two switches. Sidings placed along a section with double-tracks (parallel tracks) imply that only one of
the tracks has access to the siding without need to cross the opposite direction traffic. Highly detailed
models that model individual tracks can include and moderate the allowance to cross the opposite
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directions’ track to access the siding, which may enable better solutions. Less detailed models have the
option to either permit trains to pass opposite direction tracks to access sidings or to restrict it.
Permitting the option will increase the likelihood of obtaining an infeasible solution on the microscopic
and operational level while restricting it will increase the feasibility likelihood. Restricting access to
opposite direction traffic tracks will on the other hand risk not finding the potentially best solutions.

We can also vary the level of freedom of how fixed the existing trains in the timetable are. The
passenger trains are in general fixed, as they have to be reliable to the passengers. The other trains can
in practice be modified to a certain degree if it improves the overall timetable and this freedom can be
implemented in several levels. Each train has its ideal timetable, which then determines the quality of
the solution depending on the deviation between the ideal and the solution timetable. Burdett & Kozan
(2009) developed a process that applies varying degrees of fixation to the timetable trains, depending
on the degree of capacity utilization. One of their methods is to fixate all other trains to their ideal
timetable, other than the focal train; another method is to allow certain types of trains or certain types
of freight trains to be modified; allowing all trains or non-passenger trains to be allowed to be modified
is another method.

3.5.2. Microscopic feasibility and model differences to the macroscopic counterpart
We utilize a macroscopic model in our study but it is essential to also have knowledge of the microscopic
counterpart. The microscopic point of view is highly detailed and essential in the development of an
applicable timetable. It can be used for several purposes as it is a required viewpoint to be able to assess
the feasibility of timetables (BeSinovi¢ & Goverde, 2017) and since it can be utilized to produce entirely
new feasible timetables. Working with timetabling on a microscopic level implies that the detail level is
increased in the infrastructure and factors such as speed limits, signaling systems, curves and tracks are
modeled individually (BesSinovi¢ & Goverde, 2017). Modeling individual tracks and signals enables new
activities, which enables higher efficiency and capacity utilization to be acquired. These activities can
include to investigate solutions containing overtakings on right-side tracks and trains utilizing sidings
that require a crossing of the opposing traffic track, which cannot be controlled for in a macroscopic
model. To model overtakings on right-side tracks, it is required to model the trains traveling in the
opposite direction to the focal train. These trains need to be considered to ensure that the right-side
tracks are idle and not occupied by a train traveling in the opposite direction, for a right-side track
overtaking to be permitted. Switches also have to be modeled in microscopic models to ensure that it is
possible for the focal train to both enter the right-side track and return to the left-side track.
Macroscopic models also cannot assess the feasibility of a timetable since they consider stations as
vertices and tracks as edges. This implies that e.g. track availability at stations often has to be assumed.
Station capacity is however regulated in some models where the number of trains stationed at a station
is used to ensure that station capacity is not exceeded (Ingolotti et al., 2004). This control does however
not include checks to ensure adequate track lengths, that the track can be reached by a specific train or
if it is electrified. These macroscopic models then have to be evaluated for feasibility, ensuring track
availability (Besinovi¢ & Goverde, 2017). BesSinovi¢ & Goverde (2017) define a feasible timetable as a
timetable that has no overlap between any two trains; meaning that no train disturbs another train and
that all processes, for example, train movements and scheduled stops, are finalized within their
scheduled time. The macroscopic models have the advantage of shorter computational times as a result
of a simplified model. Shorter computational times enable a larger variation of scenarios to be
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evaluated, which helps to find a better base solution with focus on key performances such as robustness
and utilization efficiency (Goverde et al., 2016).

A timetabling strategy on microscopic detail level also has additional requirements of detailed
infrastructure data. This can include infrastructure data regarding individual stations with track lengths,
number of electrified tracks, and their associated signals. Individual modeling of signals entails that
specific blocking times have to be specified. The blocking time is the time-interval when a specific line
segment (block section) is exclusively allocated to a specific train and therefore blocked to other trains
(BeSinovi¢ & Goverde, 2017). The blocking time comprise of five components, namely: setup time,
reaction time, approaching time, block running time, clearing time and release time (Goverde &
Hansen, 2013).

The microscopic viewpoint is commonly utilized in combination with the macroscopic viewpoint. Binder
et al. (2014) utilized the microscopic strategy in an iterative approach. They firstly implement the
microscopic model to compute the blocking times for all trains. The microscopic models’ result is then
used in a macroscopic model to find the best solution with respect to robustness, while complying with
any external demands that might exist. This solution is then reintroduced into microscopic details to
check whether it is feasible to execute (Binder et al., 2014). This process is then repeated if the resulting
microscopic model returns as infeasible, each iteration starting with the computation of new blocking
times.

18



4. Algorithm description

This chapter contains a thorough description of the studied algorithm and its implementation strategy.
We also specify and motivate our algorithm objective function and describe what it implies in a
timetable scenario. We describe our model creation process and conclude by presenting the algorithm
complexity.

The purpose of our method is to add a new train (@) in an already congested network. The method uses
the following input:

1. Adesired route, given by the sequenced set of stations S(p = {sg,51,S2, -, Su—1,Su} for the
focal train between station sy and station sy, with intermediate stations sy, S5, ... Sy—1. The
train has to visit all intermediate stations but not necessarily stop at them.

2. Asetof trains T consisting of all trains that have a non-empty intersection of stations with S,.
Let those stations be in S;, T € T. Each train 7 have specified arrival times a; ; and departure
timesd;, Vs€ S, TET.

3. Time windows ws = [w¢,w!],s € S, describing the focal train’s earliest and latest departure
time from each station

4. The new train’s running times t;;,; between station s; and s;;4,1 € {0,1,..M — 1}

5. Critical distance ¢; 4, s between train 7 and focal train ¢ at station s. In our implementation,
simplified to the same for all trains, i.e. c; s = ¢ Vs € S, T € T.

Our desired output is a timetable for the focal train, containing arrival times a; , and departure times
d;,, at all stations for route S,. We want the timetable solution to be as good as possible. In Chapter
2.1, we discuss which aspects that could define a good timetable and discuss when the characteristics
can be used. In Chapter 3.4, we specify how we define robustness. The construction of a train’s
timetable has many similarities to finding a feasible path, which makes it possible to formulate the
problem as a graph problem, which also can be seen in many of the articles described in Chapter 3.2.
We want to find the best path from station s, to s,;, which makes path-finding algorithms possible to
use. By using wise weights on our edges, we can use a modified version of Dijkstra’s algorithm to find
the best solution. We describe how we formulate the problem and adopt it to fit Dijkstra’s algorithm in
Chapter 4.1 and Chapter 4.2. Chapter 4.3 is dedicated to provide a complexity analysis of the algorithm.

4.1.0bjective motivation and robustness definition
The task to implement a single train is proposed at late stages, close to real-time, which imply that no
further train insertion requests are likely to occur in addition to our insertion. Therefore, we do not
focus on effectively utilizing idle railway time since we assume no further railway capacity claims during
the time-period in question. Train insertions close to real-time is often a demanding task. This implies
that just finding feasible routes, with a high enough success rate, often suffice as the objective.
Additional model and network properties that indicate an increasingly demanding implementation are
severely congested railways, small time windows and great train heterogeneity. In addition to finding a
feasible route solution, other objectives can be optimized towards increasing the quality of the path
solution according to different goals. These desires can for example be to minimize the journey time for
the train implementation, departing the focal train from the start station as early as possible or to
maximize different robustness measures. The combination that our train implementation is inserted
close to real-time and that the implementation is aimed towards freight trains reduces the need of
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optimizing journey time and specific departure times. We develop an algorithm that maximizes the
robustness of the train implementation; the objective is to maximize the time buffer between the focal
train and the existing trains. This implies that we want to route the focal train where we have as much
idle railway capacity to our disposal as possible. This algorithm strategy will thereby strive to minimize
the risk of delaying other trains.

For train delays, we assume uniform disturbances, earlier presented by Goerigk & Schébel (2014). This
means that the delay risk is equally distributed for all segments and therefore that a buffer of 2 minutes
is equally worth regardless of where it is placed. It implies that the least robust railway segment has the
highest risk of being a delay source and is the solution’s bottleneck. It is therefore important to make
the bottleneck robustness as large as possible. Consequently, we choose an objective function that
maximizes the bottleneck robustness. Another common objective function for robustness is to maximize
the route’s accumulated total buffer to minimize delay risk. However, this would not guarantee good
robustness for the bottleneck, which makes it a worse alternative with our disturbance distribution
assumption. For other versions of robustness performance measures, see Chapter 3.4. A detailed
description of our performance measure and objective function implementation is further presented in
Chapter 4.2.

4.2.Model creation
We represent and solve the problem as a graph problem with vertices and edges. We utilize five main
steps to create the graph and compute the algorithm solution. The first four steps are preprocessing
steps, which correspond to the creation process of a graph that represent the problem. The fifth step
correspond to the study algorithm, which utilizes the previously constructed graph to find the optimal
path through the network. The five steps are:

Create original vertices

Create extended vertices and all edges between stations
Create edges within the same station

Remove unnecessary vertices

Find the shortest path in the graph

vk wn e

The following text describes the graph creation procedure according to the previously described five
steps. We structure this description by first describing the step in words and then by presenting the
corresponding pseudocode.

In step 1, we transform the general problem into a graph where each station s € S, has a set of vertices
(V;). Each vertex v € V; corresponds to a feasible departure from s to s + 1 for the focal train. A vertex
exists between any two existing trains departing from station s, if the time gap between the two trains
is large enough, i.e. the critical distance to both the preceding and succeeding train is sufficient the
whole stretch between stations s and s 4+ 1. Figure 4 shows an example timetable, where two vertices
are created, one between train 1 and train 2 and one between train 3 and train 4. The yellow lines show
the earliest and the latest possible departure time respectively that does not interfere with the existing
trains. Between train 2 and train 3, no vertex is created since the distance between the trains is smaller
than twice the critical distance.
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Station B

Station A

Figure 4: Visualisation of the resulting departure windows with varying focal-to-existing train travel time relations.

The time gap is calculated by subtracting Equation 1 from Equation 2, where Equation 1 represents the
earliest possible departure for the focal train that respects the critical distance to the preceding train
and Equation 2 represents the latest possible departure for the focal train that respects the critical
distance to the succeeding train.

eDep;y s = max(dm +¢,a5110 + €=y, ) , TeT,s€S, Equation 1
lDep(p,‘Hl,s = min(ds,r+1 —C,as+1741 — €~ ls;si44 ) ’ TeT,s€S, Equation 2

If the time gap is positive, it is possible to insert the focal train there and we create a vertex. The
following pseudocode shows how we create the original vertices in the graph, which are created based
on already existing trains in the timetable. This pseudocode correspond to the first step of our model
creation process.
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Station C

Station B

Station A

Pseudocode for the creation of original vertices

Input sets: set of trains T, set of stations 5;, T €T, set of stations Se
Input parameters: departure timesd,; Vs € S, \ {syL,TET,
arrival times a;; Vs € 5, \ {sp},TET,
running times t; .1V s €5, {sy}
critical distance ¢,
time windows [wf, w!], ¥ s € Se
Output: Set of vertices V, containing subsets 1;, s € § with all vertices at a station
For all stations s € 5,\, {sy}.
Create set 1, = {@}
For all trains T € T wheres € 5;
To :=succeeding train after T from s
eDep; s = max(ds; + ¢, a5410 + € — ts,siay ,wE)
IDePrz.s = min(ds.‘rz —C,Qs41r, — €~ lauspy, -WSI]
ifleDepyp.s <= tDqun.tz.s]
v = new Vertex at station s with interval departure times eDepy g5, [Depy 1,
add v in set VL.
end *if*
end *for*
add G to 7V
end *for*
vy = new Vertex at station sp,. [farrival vertex where all incoming edges to the last
station arrives.
Add vy inset ¥
The already existing trains do not only limit a train’s earliest departure from a station, departure

limitations can also be limited by their own arrival to that station. The implementation of vertices
corresponding to this scenario is described and motivated below. We exemplify this scenario in Figure 5

Figure 5: Illustration for the need to project every interval start time to
succeeding stations.
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Station C

Station B

Station A

There are three existing trains: train 1, train 2 and train 3. Train 1 and train 3 travels all the way from
station A to station C while train 2 stops at station B. In this configuration, we have two possible
departure intervals (vertices) from station A, a and (5. A train departing from a can use the whole
interval between train 1 and 3 at station B while a train departing at interval § only can use the second
half of the time gap at station B since it arrives at a later point in time. The time gap between train 1 and
train 3 at station B therefore needs two vertices, one for trains that can use the whole interval and one
for trains coming from interval 5. Another element that we need to include is train heterogeneity. Train
heterogeneity entails that each focal train’s arrival at a station needs to be considered with regards to if
a new vertex is required. Consequently all existing vertices from step 1 may lead to new vertices at the
following station, see Figure 6. We call these vertices extended vertices.

Figure 6: Example illustrating the need to project interval start times to succeeding
stations with train heterogeneity.

Since also an extended vertex can lead to a new extended vertex, we add all vertices iteratively from the
first station to the last. When all vertices have been created at two neighboring stations, we connect the
vertices with edges. We give each vertex one outgoing edge. This edge goes to the vertex at the next
station with the closest succeeding departure time, in relation to the earliest possible arrival time at the
station. The earliest arrival time is in most cases the same as the earliest departure time of the arrival
vertex since we have created an extended vertex at that point, as in the example in Figure 6. However, if
an existing train prevents a departure at that time, the edge is instead connected to a vertex that has a
later departure time, see Figure 7.

Figure 7: An example where the focal train is hindered to directly depart and is
connected to the next inter-station vertex for departure. 23



We call the edges between stations inter-station edges, which represent physical movement of the focal
train from one station to another. Each inter-station edge has a weight, corresponding to the size of the
time gap at the edge’s origin vertex.

The following pseudocode show the creation process of the graphs’ extended vertices, which
corresponds to the second step of our model creation process.

Pseudocode for creating extended vertices and inter-station edges.

Input sets: set of Stations 5, set of vertices 1%, s € 8
Input parameters:  departure timesd;; Vs € 5, \{syL,TET,
arrival times as; Vs € Sp \ {sp}, TE T,
running times ;.41 ¥ 5 € 5, \ {sy}
critical distance ¢,
time windows [w¢, wi], Vs € 5,
earliest focal train departure eDep,, ; Vv € Vg, 5 € 5, {sp}
Qutput: updated set of vertices 1%, s € 5, set of Edges E,
For all stations s € 5\ {sp_1, 5pm}
For all vertices v € 1
eArryss1:= eDepys g 5., /fearliest arrival at s+1 traveling from node v
Tprey i= nearest train departing from s+1 before time edrr, 541

Teyce ©= nearest train departing from s+1 after time eArry, g4 1

eDeprsy1 = max (EA""?'V.S+ 1 dss LTgper +c, At 2050y +c— Lsif1Sita W )
IrJT-)'?-'TJTZ,:+1 = min(d3+1.rsucc =€ 54200 — € LsipSige Ws{)
r:=1Deprps — eDepyrs //robustness depends on interval at s
ifleDeprp i1 <= 1Depyrs41) then /fallowed departure interval at s+1
if (there already exist a node with same eDep) then
add Edge from node v to "found existing node” with robustness rto set E
else
Vnew: = New Vertex at s+1 with interval departure times eDeprrsv£+1, IDepy,, _s+1

add vy gpin set Ve q
add new Edge from node v, to ., with robustness rto set E
end *if*
else //not allowed departure interval at s+1
If (available sidetrack at s between eDep,,; and [Dep,, ] then
Veyee =Find next node in 1%
add new Edge from node v, to vy, with robustness rto set E
end *if*
end *for*

end *for*

Apart from the inter-station edges, we also implement intra-station edges (step 3). Intra-station edges
have both their ends at the same station and represent waiting at a station for the focal train. Waiting is
important to allow overtakings from other trains. Intra-station edges always connect to the next vertex
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in time. The cost of intra-station edges is set to infinity since waiting at a station does not negatively
affect the robustness.

It is not allowed to stop at all stations at all time. Some stations might for example not have sidings,
which prevents overtaking. This is handled by not adding any intra-station vertices for those particular
stations in the model. It is also possible to restrict waiting at certain times, for example at times when all
sidetracks are occupied we can skip to add intra-station edges. Figure 8 illustrates these intra-station
edges as the dotted white arrows between vertices along a single station.

Station B

Station A

Figure 8: Example with all types of vertices and edges inserted. Vertices are marked with green dots and edges with dotted
white lines.

The following pseudocode correspond to the implementation strategy of step 3 in the model creation
process for adding intra-station edges.

Pseudocode for adding intra-station edges
Input sets: set of Stations S, set of vertices I, s € §
Input parameters:  earliest focal train departure eDep,, ; Vv € V;,5 € Sy \\ {sp}

latest focal train departure [Dep, s Vv € Vg,5 € 5, \ {sy}

Output: updated set of Edges E,
Foralls € 5,
If (s has at least one sidetrack)
Forall v € 1}
v2:= Vertex next in time after v.
If (available sidetrack at s between the times eDepy,s and [Dep,,, <) then
rn=oo
Add Edge between v and v, with robustness rto E
End *if*
End *for*
End *if*

End *for*
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When step 3 is performed, all necessary vertices and edges are created. However, some vertices have
either indegree or outdegree zero, which means that they have either no incoming edge or outgoing
edge. To simplify the graph, we remove all vertices with either indegree zero or outdegree zero, apart
from the start vertex and destination vertex. We also remove the edges connected to the removed
vertices. We perform this step iteratively until all intermediate vertices both have an indegree and an
outdegree of at least one. We present our implementation strategy for filtering out unnecessary vertices
with the following pseudocode (step 4).

Pseudocode for the removal of unnecessary vertices

Input sets: set of Vertices I, set of Edges F
Output: updated set of Vertices I, updated set of Edges £
while(nodes with indegree 0 or outdegree 0 still exists)
Search for nodes with indegree zero
If found then
Remove all connecting edges from “v”
Reduce indegree of nodes connecting to the removed edges
end®*if*
end*while*
The removal of unnecessary vertices marks the end of the preprocessing steps and the start of step 5,
which corresponds to the algorithm solution of the optimal path through the graphically illustrated
network. The following text describe Dijkstra’s algorithm and how we have utilized it in our study to
obtain our path solution.

Dijkstra’s algorithm (Dijkstra, 1959) is an iterative approach that computes shortest paths in graphs. It
computes the shortest path for graphs with non-negative and directed edges between a source- and a
destination vertex. A possible modification of Dijkstra’s algorithm is to compute the widest path
problem or the so-called bottleneck problem of a graph problem. Gabow & Tarjan (1988) define this
modification as the problem of minimizing the maximum edge cost of a subgraph. Instead of calculating
and using the sum of edge costs as objective function in Dijkstra’s original formulation (shortest path
problem); The bottleneck problem instead uses the individual edge cost of the edge within a subgraph
that has the largest cost as the objective function of that subgraph.

The original Dijkstra algorithm solves minimization problems by summarizing edge costs of subgraphs to
find the subgraph with the shortest accumulated distance (shortest path problem). The algorithm
operates in an iterative process to search through all possible subgraph alternatives. The complexity of
the algorithm is O(E +V * log(V)), where V is the number of vertices in the graph and E is the number
of edges in the graph.

We have used a modified version of the original Dijkstra algorithm (Dijkstra, 1959) to find the most
robust path within the previously described graph. We are not interested in finding shortest paths with
our problem description, as in the original Dijkstra algorithm definition. We are instead interested in
finding the solution with the largest robustness, which imply that we modify the problem to a
maximization problem. We are also only interested in the edge within the path that has the single
smallest robustness, instead of the common strategy of representing weights with the physical length of
the edges’ corresponding railway length. We base this problem definition from Gabow & Tarjan’s (1988)
definition except that we define a max-min objective in contrast to their minimax version. This results in
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three modifications of the original algorithm. Firstly, we give the source vertex an initial cost of infinity
such that it does not affect the total cost. Secondly, we set the initial cost at all other vertices to zero,
which is the worst robustness a path could have. This ensures that the algorithm does not reject feasible
paths, as they will have a better robustness than the initial. Lastly, we modify how we update route
costs at vertices. Instead of summing the cost of all previous edges in a path, we take the minimum cost
of all previous edges in the path. Thereafter, we update the vertex cost if this value is higher than the
current minimum vertex cost. These changes will create an algorithm that maximizes the minimum
robustness of a path. The following pseudocode (Algorithm 5) describes the modified Dijkstra algorithm.
The pseudocode is a modified form of the version described by Lundgren et al. (2010).

Pseudocode corresponding to the modified Dijkstra derived algorithm
Input sets: Set of vertices V including a start vertex v, and target vertex v, set of edges E

A 1= set of visited vertices = @
D: = set of unvisited vertices =V
Price(v;) = o0

Previous(vg) = none

Forall v € V\ {v;} //initialize vertex cost and previous vertex
Price(v) =0
Previous(v) = none

End *for*

While (D = @) do
Find v; € D such that price(v;) = ?Eig[price (vg)) [/ unvisited vertex with lowest vertex price
For all edges (u[, I.’-'J') € Ewherev; € V // all edges originating from 1;
if min(price(v;), robustness(v;, v;)) > price(v;) then
Previous(v;) = v;
price(v;) = min(price(v;),robustness(v;, v;))
End*if*
End*for*

Move v; from D to A
End*while*
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4.3.Complexity analysis
In this chapter, we describe the algorithm’s time complexity. Since the base of the method is Dijkstra’s
algorithm, which is well described in terms of complexity (see e.g. Gabow & Tarjan (1988)), we will not
present any algorithm running times, but instead describe the algorithm complexity in terms of the
number of vertices and edges generated by the algorithm and thereafter connect it to the complexity of
Dijkstra’s algorithm. In the following calculations, we will use these variable definitions:

s = number of stations in the focal train's route
t = number of existing trains

To investigate the worst theoretical solution in terms of number of stations and existing trains, we have
to look at the properties of the problem and the creation of vertices and edges. We start with the
vertices. After each existing train traveling from a station, the focal train have a potential departure and
thereby an original vertex. If the existing train travels between all stations, we will at most have s
original intervals. From the original vertices, we can also create the extended vertices. A departure from
the first station will create an original vertex at the first station and one additional vertex at each of the
remaining s — 1 stations, if we assume that no vertex represents infeasible departures, in total

s vertices. An existing train at the second station will correspondingly create one original vertex at the
second station and s — 2 vertices at the following stations, in total s — 1 vertices. A train traveling
between all stations will therefore contribute with at most }.3 _; k vertices. If there are t trains, we can
therefore conclude that the worst number of vertices is t },;,_; k. However, we can also feasibly depart
before the first train, which result in s additional vertices. Conclusively, the worst case for number of
vertices V can be calculated according to Equation 3:

S

V=s+tZk=t*s(2;+1)+s Equation 3

k=1

We also know that a vertex can at most have two outgoing edges, one to the following station and one
to a later point in time at the same station. The maximum number of edges is therefore twice the
number of vertices. We solve the problem with Dijkstra’s algorithm that has complexity O(E + VlogV)
(Gabow & Tarjan, 1988). For our problem, this leads to a runtime according to Equation 4.

txs(s+1)
2

(2 +log

O(E +VlogV) = 02V + VlegV) = 0(V(2 + logV)) = O(
0(s%tlog(s?t))

t*s(s+1)))

2 Equation 4

28



5. Experiment scenario description

This chapter aims to provide a description of the study’s experiments and the environment that the
experiments are executed in. We start by describing the environment and infrastructure used for all
experiments. We continue by a thorough description of the experimental setups.

5.1.Infrastructure description
We test our method on the Swedish railway stretch between Malmo and Hallsberg. The railway stretch
is 447 km in total and covers 76 stations. Between the first and the 65" station (400 km), it is double-
track, while the last 11 stations are covered by single-track railway. Some of the stations have additional
sidetracks that enable overtaking but not all of these are suitable to use in our case. We have three
criteria that a sidetrack must fulfill to be approved in our model:

1. The complete track is electrified.

2. ltis possible to both enter and leave the sidetrack without changing direction.

3. If the neighboring sections are double-track, the siding has to be to the left of the main tracks
(a sidetrack to the right would require the train to cross the opposite stream of trains, which is
difficult in a congested environment and not handled in our algorithm).

If a station has no track fulfilling these criteria, we classify it as a non-wait station where the focal train
cannot be overtaken, or overtake another train. If the station has exactly one track fulfilling the criteria,
the station is classified as a 1* degree overtaking station. Here, the train can wait at the sidetrack as long
as no other train occupies it. If the station has more than one track fulfilling the three criteria, we
classify it as a 2" degree overtaking station and assume that the station always has at least one free side
track for the focal train to use. Table 1 describes the number of stations with each classification for both
double- and single-track. Figure 9 shows the geographical distribution of the stations.

Table 1: Station type distribution between Malmé and Hallsberg, with aspect to the number of available sidings at the stations.

Type of Station Double-track stations Single-track stations
Non-wait station 49 4
1% degree overtaking 8 4
2" degree overtaking 9 2
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Figure 9: Map over the studied railway stretch between Malmé and Hallsberg. The red railway-track is double-tracked and the
green railway-track a single-tracked. The yellow circles are 15t degree stations and blue circles are 2" degree stations.

The red line in Figure 9 indicates a double-track railway and a green line indicates a single-line railway.
The yellow vertices correspond to 1% degree overtaking stations and the blue 2" degree overtaking
stations.
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The studied route consists of two different railway stretches, “S6dra stambanan” and “Godsstraket
genom Bergsslagen”, which has different properties. S6dra stambanan stretches from Malmo to
Katrineholm where it connects to the railway line towards Stockholm. Our train route starts in Malmo
and separates from Sédra stambanan at Mj6lby. The whole line is double-tracked and deals with a high
degree of train speed heterogeneity. There are fast trains, interregional trains, regional trains, local
trains and freight trains along the stretch. The fast trains and interregional trains travel between Malméo
and Stockholm and have the fastest speed profiles of the trains on the stretch due to high allowed speed
(up to 200 km/h) and few scheduled stops. The train frequency is about one train per hour at daytime.
The regional trains travel between Malmo6 and Hassleholm, with some trains continuing to Alvesta. They
are in total a bit slower due to more scheduled stops at stations. There are about two trains per hour
between Malmo and Hassleholm and one train per hour between Hassleholm and Alvesta. There are
also several local train lines on Sédra stambanan. The local train traffic is most intense between Malmo
and Lund with 4-6 trains per hour at daytime. The local train lines on the rest of the stretch have a lower
train frequency of 1-2 trains per hour. Apart from all passenger trains, there are also freight trains.
Approximately 25 freight trains per day travel on this stretch.

Due to the many trains and heterogeneous traffic, S6dra stambanan experiences congestion problems.
Trafikverket uses two measures for capacity utilization, capacity utilization over 24 hours and capacity
utilization over the most congested 2 hours. If more than 80 % of the capacity is used on a railway
stretch, the stretch has very high capacity utilization. If the capacity utilization is 61-80 %, the stretch has
moderate high utilization and if it is below 61 %, it has low capacity utilization. At S6dra stambanan, the
capacity utilization is very high between Malmé and Hassleholm, moderate high between Hassleholm
and Tranas and low between Tranas and Mjoélby, during both a 24-hour period and the 2-hour peak.

The next stretch in the route is between Mjélby and Hallsberg. The freight traffic is dominating on the
stretch but there are also some passenger trains traveling the stretch. The passenger traffic consists of
local trains between Mj6lby and Motala with a frequency of 1-2 trains/hour and regional trains between
Mijolby and Hallsberg, which departs every second hour daytime. The cargo traffic consists of about 17
trains per direction travels through the stretch every ordinary weekday. Between Mj6lby and Degeron, it
is double-track and between Degeron and Hallsberg rangerbangard, it is single-track. The double-track
part of the stretch has low capacity utilization while the single-track has very high capacity utilization
according to the definition of Trafikverket.

5.2.Experimental setup

The experiments are conducted to investigate how applicable the study algorithm is with varying setups.
We measure the applicability by experimenting with applying different trains as focal train, which have a
range of different parameter values linked to them. We also experiment by evaluating the effects of
varying the input parameters. We construct a base scenario as a reference, which is structured to
represent a standard scenario. We investigate the effects by varying every input parameter separately,
while keeping all other parameters according to the base scenario to get isolated effects. We start by
describing the base scenario, followed by a description of each experiment that we perform based on
the user input data.
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5.2.1. Experiment base scenario
The base scenario corresponds to a specific model configuration with certain values. We design the base
scenario to replicate a realistic scenario where we predict that our algorithm solution can be utilized in
reality. All other experiments have certain parameter values that differ from this base scenario. The
experiment results are thereby comparable with the base scenario results. All unspecified parameter
values in the experiments use the parameter values of the base scenario. The base scenario has the
following configuration, which we describe more thoroughly after the overview:

e Day of train implementation: Tuesday, 24 February 2015

e Train type: GR421410

e Earliest allowed departure time from Malmo godsbangard: 25200 seconds, 07:00 AM
e Latest allowed departure time from Malmo godsbangard: 47763 seconds, 01:16 PM
e Latest allowed arrival time to Hallsberg rangerbangard: 64800 seconds, 06:00 PM

e Critical distance: 180 seconds

e Number of unique trains that occupy at least one section of the route that day: 394

e Total number of departures from all stations during that day: 3830

Table 2 shows the number of trains departing from each station between Malmo and Hallsberg 24
February 2015. The number in bold correspond to the station order, from south to north; the numbers
next to each station abbreviation correspond to the number of trains that depart from the specific
station the 24 February. We present a translation of the station abbreviations to the complete names in
Appendix B.

Table 2: Number of departures from each station between Malmé and Hallsberg, 24 February 2015.

1 MGB 145 (20 HM 47|39 GRD 32|58 SMmN 32
2 AL 140 |21 HM2 47|40 H 32 (59 BX 32
3 BLV 140 |22 BL 47 | 41 RK 31|60 LKN 32
4 AK 13923 MuD 47|42 sy 31|61 MY 33
5 AKN 139 |24 Ry 47 | 43 AHM 31|62 SKN 34
6 HIP 139 |25 O 47 | 44 SA 31|63 FGL 34
7 FLP 138 |26 01 47 |45 UTP 30|64 MOT 11
8 LU 82(27 TUN 47|46 BDF 30|65 ONA 11
9 THL 83|28 KR 47 | 47 GT 29|66 D 24
10 STB 83|29 AH 46 | 48 N 35| 67 GO 23
11 O 82/30 DS 46|49 GMP 30|68 JHO 23
12 DAT 8231 DIO 46|50 vim 30|69 MDM L3 23
13 E 8232 ERA 46|51 FLS 29|70 MDM 23
14 SG 82|33 vs 46 | 52 ANY 28|71 RH_L3 23
15 HO 70|34 BLD 46|53 RAS 28|72 RH 23
16 TO 69|35 AV 34|54 FRD 28|73 A L3 25
17 VAD 69|36 GAP 34|55 GpP 28|74 A 25
18 SOLA 69|37 MO 32|56 TNS1 29|75 SKMS 7
19 MLB 63|38 INS 32|57 TNS 29|76 HRBG -
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We use 24 February 2015 as the base scenario implementation day since it is a weekday that later is
shown to be representable for most weekdays (see Chapter 6.1.4.). This day is representative for
weekdays in aspect of robustness, which is validated in Chapter 6.1.4. The train GR421410 is a freight
train type used on the route that has a maximum weight of 1400 ton and maximum speed of 100 km/h.
It has multiple locomotives of type Rc4. The choice of train type entails a specific set of travel times
between stations. We chose to have a relatively large time interval between the focal trains’ earliest
departure time and the latest arrival time in the base scenario, which is between 7 AM and 6 PM (the
direct and uninterrupted travel time is 5h and 44 minutes). This interval specifies the allowed time
interval that the focal train can utilize to perform the operation to travel between Malmé and Hallsberg.
The latest departure time at Malmo represents the latest time instant that the focal train can departin
order to have any chance of arriving at Hallsberg in time. The critical distance corresponds to the safety
distance regulation that ensures safe operations by hindering trains to be closer than 3 minutes apart
from each other. A critical distance of 3 minutes is a commonly used distance, which is why we use it for
the base scenario. The 24 February had 394 unique trains that, at least partly, traveled between Malmo
and Hallsberg during the time interval 7 AM to 6 PM. This is not a parameter value that is specified into
the model, but rather a result entirely depending on the specific day, railway stretch and time interval.
The total number of train departures correspond to the total number of departures at all 76 stations
between Malmo and Hallsberg. One unique train traveling between five stations will thereby be the
source of five trains in the total number of departures calculation. The number of departures at specific
stations indicates the degree of congestion at the specific stretch, which can be depicted from tables
such as Table 2 above for the base scenario.

5.2.2. Variations of allowed track time window size for train operations
There is a clear connection between time window size and the robustness of the focal train. A larger
time window leads to more vertices and edges and thereby to a larger amount of potential solutions to
choose from, which enables better robustness. Even though the relation between time window size and
robustness is clear, it is interesting to know how much a variation in time interval affects the robustness.

However, it is not only the size of the interval that is important for the robustness, its specific position is
also a determining factor. For example, a small time window in the middle of the night has a large
potential of resulting in a better robustness than a large time window located around the rush hour. It is
therefore important to investigate how both the size and position of the time window affect the
robustness.

We have performed two groups of experiments regarding the time window size. The first group have
the same earliest arrival time at Malmo (07:00) and different latest arrival times at Hallsberg. The first
experiment has a latest arrival time at 23:59. We then reduce the latest arrival time by 120 seconds to
the next experiment. This continues until the time window is so small that the algorithm finds no
feasible solution. The second experiment is similar, but with a fixed latest arrival time (19:00). In this
experiment, we increase the earliest departure time from Malmo, from 00:30 until we find no solution.
The time between every update is 120 seconds, the same as in the first group of experiments.
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Station B

Station A

5.2.3. Different focal train types
Different train types with varying speed and weight have different travel times between stations, which
makes them suitable to be experimented with. Different travel times enable the focal train to reach
certain stations in different times. Earlier arrival times at stations might enable the focal train to access
new paths, which would be unreachable with slower travel times. If the focal train has a timetable that
is not restricted by another train’s path, faster travel times would unambiguously be better for the focal

train and produce solutions that are more robust. The issue with a congested timetable, where trains
have heterogeneous speeds, is that faster travel times do not necessarily imply better robustness. Figure
10 presents two scenarios, which are divided by the dashed black line in the middle. Both scenarios have
two equally placed existing trains, shown by orange arrows. The only difference is that the focal train
has different speeds and travel times.

Figure 10: Comparison between two scenarios with identical existing trains in orange and
the focal train’s feasible departure interval in yellow.

The left scenario with the faster focal train has a worse robustness interval compared to the slower focal
train in the right scenario. An even faster “fast focal train” in the left scenario in Figure 10 could lead to
an unusable train path, which might be the difference between finding a feasible path or not. This
illustrates the impact that train heterogeneity has on the system and capacity utilization possibilities.
Scenarios, like in Figure 10 above where other trains restrict the focal trains’ path, implies that the
robustness of the interval is entirely decided by the train heterogeneity between the focal and existing
trains. We experimented with nine different train types, which we implemented in the algorithm model.
We present these nine in Table 3.
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Table 3: Presentation of the nine analyzed train types and some of their attributes.

GB201310 Freight 100 1300 BR185/241
GB402010 Freight 100 2000 BR 441
GR400710  Freight 100 700 Rc4
GR401608 @ Freight 80 1600 Rc4
GR401409 Freight 90 1400 Rc4
GR421410 Freight 100 1400 Mult Rc4
GT421209 Freight 90 1200 Mult T44
PX2-2000 Passenger 200 - X2000
PX610016 Passenger 160 - X61

All of these trains operate on the route between Malmo and Hallsberg and we decided that these nine
trains correspond to a good representation of the different trains that operate in reality. All seven
freight trains travel the entire way from Malmo to Hallsberg. Even though several other train types also
operated on this railway stretch during the specified time-period, we found that these were similar
enough to the ones we chose to disregard them. We also decided to include two passenger trains in the
evaluation. This study’s aim is to implement a freight train but it is just as easy to implement passenger
trains. We therefore implemented these passenger trains to evaluate how their properties affect the
implementation. With the evaluation of these nine different train types, we aim to distinguish if we can
see how and why different trains achieve different robustness.

5.2.4. Total number of departures
We evaluate the total number of departures to see how the congestion rate in the network affects the
robustness. We performed experiments with the standard time window (between 6 AM and 6 PM) for
all days in the annual timetable for 2015, which covers the dates between 2014-12-15 and 2015-12-09.
There are two reasons for this. Firstly, it enables us to evaluate the variation between days over the
year. We investigate both input data, such as number and distribution of trains, and output data, the
robustness. If the variation in in-data or out-data is large between different days over the year, it is
important to perform the rest of the experiments over several days and use averages to get general
results. In contrary, if the differences are small in both in-data and out-data, it is possible to choose a
“standard day” as base for the experiments.

The second reason to conduct experiments for different days is to investigate the effect the number of
existing trains has on the robustness. Some days, for example weekends and holidays, are more likely to
have fewer trains than a standard weekday. We investigate how much the number of trains affects the
solution by comparing days with different number of trains. One alternative to the comparison of
different days is to manipulate the existing data. The existing data regarding number of trains can be
manipulated to imitate a change in day. We can for example manipulate the data by removing every
fifth train or by adding additional trains to the timetable. The drawback with this method is that the
distribution of trains would not be credible, which makes the timetable unrealistic. The distribution of
trains is largely affected by the number of trains in the timetable. Consequently, if every fifth train
would be removed in a timetable, the remaining trains would likely also change their departure times,
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which would result in a completely different timetable. We have therefore chosen to only consider real
timetables when examining the effect of the number of existing trains.

5.2.5. Critical distance
We also experimented by variating the critical distance, which as explained previously, dictate how close
train operations can be to each other. We decided to run the algorithm with parameters according to
the base scenario, as presented above, except for the critical distance. We started with a low critical
distance (the base scenario reference is 180 seconds) and measure the change in robustness with
increasingly higher critical distance. We solved the algorithm, starting with a critical distance of 10
seconds, for every increase of 5 seconds in critical distance. We continued to increase the critical
distance until the algorithm could no longer provide a solution in the network and analyzed the effects.
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6. Results and analysis

This chapter contains a presentation of the experiment results. We start by describing and analyzing the
results from the different parameter settings. We compare some of the results with the base scenario,
which is representable and motivated. We conclude this chapter by presenting the complexity results

from the case in terms of number of vertices.

6.1.Solution performance with respect to input

This chapter contains the results of the experiments according to Chapter 5.2. We present and analyze

the results when varying one input separately.

6.1.1. Base scenario algorithm solution

Figure 11 and Figure 12 below presents the base scenario solution path between Malmé (MGB) and
Hallsberg (HRBG). The y-axis represents the distance between Malmo and Hallsberg and it is spaced by

the stations along the route. The x-axis corresponds to time.
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Figure 11: Base scenario solution between Malmé (MGB) and Vislanda (VS) where dark blue lines correspond to the existing
trains, red lines correspond to the focal train interval start-times and the light blue correspond to the focal train interval end

times.
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15:00:00 18:00:00

Figure 12: Base scenario solution between Vislanda (VS) and Hallsberg (HRBG) where dark blue lines correspond to the existing
trains, red lines correspond to the focal train interval start-times and the light blue correspond to the focal train interval end
times.

The solution is visualized through Matlab, which utilizes the algorithms optimal path and the existing
trains’ timetables. The darker blue lines correspond to the existing trains’ paths, the red lines
correspond to the focal train solutions’ earliest departure time and the light blue is the corresponding
latest departure time. This solution has the minimum robustness of 300 seconds, which occurs between
FLP and LU, the 7" and 8™ station (Figure 11). The train departs from Malmo at 10:57:58 and arrives in
HRBG at 17:53:24, which gives a total journey time of 5 hours and 55 minutes.
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6.1.2. Variations of time window size for train operations
The result from the experiments with a fixed earliest start time (07:00) at Malmo and varying latest
allowed arrival time at HRBG can be seen in Figure 13.

Robustness depending on latest arrival at Hallsberg
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Latest allowed arrival time at Hallsberg

Figure 13: Presentation of the robustness decrease pattern with reduced time instant for the latest allowed arrival time at
Hallsberg.

From Figure 13, we can see that a latest arrival time between 17:52 and 24:00 results in a robustness of
300 seconds. If the latest arrival time is set to a time between 16:04 and 17:50, the robustness becomes
147 seconds. The earliest feasible solution has an arrival time of 16:00:56 at Hallsberg (found by a one-
second resolution search from 16:04 and earlier). This is more than four hours (4:16:59) later than the
theoretical earliest solution, which occurs if the train starts at its earliest departure and thereafter
travels without any stop. This large extra time may seem peculiar but has two explanations. Firstly, the
train waits at Malmo until the morning rush hour is over. During the rush hour, the traffic increases,
which makes solutions difficult to find. This is especially true between Malmo and Lund. Because the
critical distance between two trains needs to be three minutes, the time gap cannot be smaller than six
minutes. Due to the large amount of passenger trains during the rush hour between 07:00 and 09:00,
there are only five possible time gaps between Arlév and Burlév, just north of Malmé. When taking stop
pattern and speed of the existing trains into consideration, no feasible solution at all exist between
Malmo and Lund between 07:00 and 09:00. Secondly, even during daytime, the network is so crowded
that the train often has to stop at sidings and wait for overtakings.

Even if all experiments with a latest arrival time between 17:50 and 24:00 share the same robustness
and all arrive at Hallsberg, they do not share the same path. The bottleneck is the same at all solutions
but the path through the non-bottleneck solution differs between the experiments. Initially, when the
time intervals are large, the experiments have the same path. However, when the latest arrival time is
approaching 17:50, the path changes more and more. This is because the bottleneck is dimensioning for
the whole solution, which is the only thing that the algorithm needs to consider. There are several paths
with various arrival times at Hallsberg between 18:00 and 20:00 that all use the same bottleneck
section. When the latest allowed arrival time at Hallsberg is 23:58, all paths are equally good and the

39



algorithm chooses one path with a late arrival time. However, more and more of these paths becomes
infeasible as the interval is reduced and eventually, the interval with the earliest arrival time at Hallsberg
become the only feasible interval. This shows that large time intervals can lead to solutions with long
journey times where equally good solutions with a shorter journey time may exist. This problem can
however be solved in practice, which we show in Chapter 6.1.6.

The result from the experiments with a fixed latest arrival time (18:00) at Hallsberg and varying earliest
allowed departure time at Malmo can be seen in Figure 14.

Robustness depending on start time at Malmo

1600
< 1400
-81200
3
@ 1000
L2
4 800
(]
£ 600
3
o 400
(@]
0
O 00 O NOWWOUSSNOMWOUSTNORWOSNOOOWWOWSAN O
NN NN AN TGOS T nomnmenn NN NN S oY o
OO d T AN AN OO N T IT LD O OMNNNOOOO OO N
O O 0O 0000000000000 0D0DO0DO0O0O0 ™ ™ ™ o«

Start time at Malmo

Figure 14: Presentation of the robustness decrease pattern with increased earliest allowed departure time at Malmé.

In Figure 14, the initial robustness is significantly higher than in Figure 13. This depends on that the train
initially can travel during night where fewer trains depart. The drastic decrease in robustness between
03:20 and 04:00 originates from the stretch between Malmo and Lund, where the bottleneck occurs.
Between 01:00 and 04:00, 1-3 trains per hour travels on the stretch. Between 4:00 and 5:00, the traffic
increases to 11 trains per hour, which coincides with the decrease in robustness from 1149 seconds at
03:20 to 300 seconds at 04:00. The graph has the same stepwise function as in Figure 13, with step-wise
changes followed by long periods of same robustness. This shows that the same solution can be valid for
a large variation in time. It is not certain that even a large relaxation of the time interval results in a
better robustness.

6.1.3. Different focal train types
We experimented with the nine train types, as mentioned earlier in Chapter 5.2. In addition to varying
the train type, we also analyzed the stability of the train types by varying the latest arrival times from
the base scenario time-point, by reducing it by 45 minutes four times for each train type. The base
scenario has its latest arrival time at 18:00:00. A reduction of 45 minutes corresponds to a reduction of
2700 seconds, which we do four times, according to Table 4 below.
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Table 4: Algorithm robustness comparison between different train types for five arrival time restrictions.

= = 146 146 300 Freight 100 1300 BR185/241

= = 146 146 300 Freight 100 2000 BR 441

= = 147 147 300 Freight 100 700 Rc4

= = 147 147 300 Freight 90 1400 Rc4

= = 147 147 300 Freight 100 1400 Mult Rc4

= = 97 97 228 Freight 90 1200 Mult T44

= = = 15 26 Freight 80 1600 Rc4
107 107 230 230 272 | Passenger | 200 = X2000
107 107 238 238 277 | Passenger | 160 = x61

The values below the latest arrival times correspond to the algorithm solutions’ robustness. The first five
trains have very similar sets of robustness with the five different arrival time restrictions. We compared
the trains further by analyzing their differences in travel times between stations. Table 5 presents the
accumulated time differences between the base scenario train (GR421410) and the other trains for all
76 segments between Malmo and Hallsberg, corresponding to each station.

Table 5: Total travel time difference between train GR421410 and each other train, calculated by accumulatively summarizing
travel time differences between all 76 stations. Positive values imply that the train is slower than the comparison train
GR421410.

0 (base train)
4723

9036

-13502
-10990

A positive total travel time difference implies that the train is slower than the base scenario train. All
passenger trains with similar accumulated travel times also have similar robustness, which imply a
correlation between robustness and this travel time measurement. We can also see that the passenger
trains, which are a lot faster than the base train, are better at finding solutions with stricter time interval
requirements. The passenger trains are the only trains that finds a feasible path at the latest arrival
times of 15:00 and 15:45. The fast passenger trains are although not consistently best compared to the
slower freight trains. Most freight trains have a greater robustness (300 seconds) than the passenger
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trains (272 & 277 seconds) with the latest arrival time restriction. We analyze this situation further by
examining the bottleneck location for both solutions. The bottleneck location occurs between the same
two existing trains for both solutions, which are further denoted as “train 1” and “train 2”, see Figure 15
below.
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Figure 15: Merged visualization of two solution paths with one X2000 passenger train and one GB421410 base scenario freight
train.

Both solutions are combined Figure 15, where the passenger train (X2000) corresponds to the red and
light blue line that have the greater gradient of the two since this train have a faster speed. The
bottleneck occurs at station FLP, before LU, for both solutions in the figure above. The end time for the
robustness interval is almost equal for both solutions at station FLP, which is seen by the light blue lines
at the station. The main difference in robustness between the two solutions (300 vs 272 seconds)
originates from the start time of the robustness intervals at FLP (which corresponds to the red lines).
The start time restriction for both scenarios is constrained by the preceding train (train 1) at the
consecutive station LU. Train 1 is limiting the focal trains’ start time since it is slower than both the focal
freight and passenger train. A slower preceding train implies that we will catch up to it if we depart too
early. The freight train can thereby depart earlier than the passenger train since the freight train has a
slower speed and thereby achieve a larger minimum robustness for the whole solution (which is the
case in Figure 15 above). The subsequent train (train 2) also has the possibility of affecting the
robustness relation between the freight and passenger train if the focal train is the slower of the two.
The freight train has almost equal speed to train 2 and the passenger train is faster than train 2, which
implies that train 2 does not affect the robustness relation between the freight and passenger train on
this occasion.
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6.1.4. Total number of departures
We performed two experiments that investigate the effect of the existing trains in the timetable. The
first experiment evaluated if a certain number of trains in the timetable, in general, correspond to a
certain robustness for the implementation of the focal train. We plotted and compared the total
number of departures with the implementation robustness for the days between 15 December 2014
and 9 December 2015. Figure 16 below displays the robustness of the focal train implementation for
every day of the year, except from two specific time intervals where incomplete data made the
robustness solutions non-compatible to the rest of the dates. The red lines in Figure 16 below illustrates
the time point where we excluded non-compatible data for some dates of the year. We excluded data
for 4 days between 2015-04-03 and 2015-04-06 and 34 days of data between 2015-07-06 and 2015-08-
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Focal train robustness for every day of the timetable
» 430
1%}
[J]
g 380
3 330
e
= 280
T
+ 230
3
S 180
[N
130
O VU Cc C C C 0 00 L & &= & & &= > 3> > > c c c =S wwwo oo+ & &2 2 > > > 0
SOR888229323233998838223373383389800228238
ARTARRNEL ST UARALIQ SR ARV IR TARR NS

Figure 16: Variation in robustness for the base scenario solution for every day of the timetable. Red lines represents missing
data.

A comparison of the robustness and total number of departures show a correlation between them, as
presented in Figure 17 below. The figure displays a comparison between robustness and number of
trains in the network for the specified time period between 11 January and 21 February. A comparison

between the focal train robustness and the total number of departures for all days, corresponding to the

days used in Figure 17, is presented in Appendix A.
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Days between 11 January and 21 February
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Figure 17: Relation between focal train’s robustness and the total number of departures in the timetable.
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The vertical left axis corresponds to the number of trains, which is represented by the blue area. The
vertical right axis corresponds to the robustness of the focal train implementation, which is represented

by the green dots. The horizontal axis corresponds to the specific day.

The graph follows mainly a regular pattern where the weekday is most important for the result.

Weekdays give high number of departures and low robustness while weekends have fewer departures

and higher robustness. We can see that, in general, a high number of trains correspond to a lower
robustness and respectively, a low number of trains correspond to a higher robustness. We see some

exceptions in the first two weeks where a high total number of departures coincide with a high

robustness. These exceptions show that we cannot state that a high number of trains always lead to a

low robustness. We wanted to evaluate how generally we can assume that e.g. a low total number of
departures correspond to high robustness for the focal train implementation. We examined how strong

this trend is by performing a linear regression analysis in a scatter plot to assess the goodness of fit, as

shown in Figure 18.
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Figure 18: A linear regression analysis with robustness of the focal train implementation on the vertical axis and total number of
departures in the timetable on the horizontal axis.

The linear regression analysis provides a trendline showing the correlation between the robustness and
number of trains. The line has a negative slope, which implies the clear trend for a decrease in focal train
robustness as the total amount of existing trains increase. We also performed a R?> goodness of fit
analysis to obtain a measurement for the variance of the data, with respect to the trendline. The 70.9 %
R? implies that 70.9 % of the variance is accounted by the model. We examined why there was such a
variance and analyzed two scenarios that have a large variance to the trendline. We analyzed days which
has a large number of trains in the network and which corresponds to a large robustness, which does
not match the linear regression fit. Figure 18 above marks these data points with a green color and both
data points overlap, which is why only one green point shows. These data points correspond to the 14
January and 21 January, see Figure 17, and is compared with its consecutive weeks’ corresponding
weekday (28 of January). All days 14, 21 and 28 January are Wednesdays and the analysis sought to
understand why the 14 and 21 January differed from the 28 and subsequent Wednesdays in aspect of
robustness.

We examined why the focal train at the 21 January could not utilize the same path the 28 January, by
looking at their respective solution paths. The robustness bottleneck of 300 seconds at 28 January is
located at station FLP (Flackarp), before LU (Lund) for the train path. The robustness interval
corresponds to the interval between the red line and its subsequent light blue line in Figure 19 below,
which displays this section of the train path.
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Figure 19: Focal train path 28 January, which cannot use the path used the 21 January since that path is blocked.

When we examined the same section of the timetable for 21 January, which has the robustness
bottleneck of 442 seconds, we found the reason to why this pathway is unused 28 January. Figure 20

below displays this section for 21 January.
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Figure 20: Focal train path 21 January.



We see that another pathway is utilized 21 January, which is blocked by an existing train 28 January. This

pathway enables the algorithm to evade the bottleneck segment between FLP and LU 21 January. This

indicates that small differences in existing train departures can majorly influence the quality of the train

path solution. The relatively low R?is therefore motivated. The regression line in Figure 18 is although
showing a convincing trend that a large number of trains, in general, correspond to poorer robustness

for the focal train.

The second experiment aims to validate that Tuesday, 24 February 2015, which is the base scenario day,
is viable to use as a representation for weekdays by first analyzing all Tuesdays, see Figure 21 below.

Tuesdays

Total number of departures

I Total number of trains ==p== Focal train implementation's robustness

Figure 21: Focal train robustness and total number of departures comparison for Tuesdays.
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This day has both a steady total number of departures and a somewhat frequently occurring robustness,
when disregarding Tuesdays that are red days (6 January 2015). We also compared 24 February with all
other weekdays to get an overall comparison. We also removed all public holidays, such as Christmas

and new-year. This comparison is presented in Figure 22 below.
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Figure 22: Focal train robustness and total number of departures comparison for all weekdays.

The robustness varies notably, which we motivated and explained earlier in this chapter. We find 24
February 2015 to be representable for weekdays in general.

6.1.5. Critical distance
When experimenting with the critical distance, we found that it has no impact on the solution path,
which was expected. Regardless of the critical distance setting, the algorithm should always find the
same, most robust path, where different critical distances only affect this solutions robustness value. An
increase of the critical distance by one unit will only lead to robustness decrease with two units, one for
the preceding train and one for the succeeding train. The critical distance can therefore rather be seen
as a limit of the minimum accepted robustness. We conclude that the critical distance is not important
for the algorithm itself, but for giving credibility to the found solutions and ensure that the found
solution is realizable.

6.1.6. Number of feasible arrivals at the destination station
We also analyzed the different times when the focal train can arrive at the end station and the different
arrival times’ corresponding robustness. We analyzed this to provide a choice of additional arrival times
at Hallsberg. The different feasible arrival times at Hallsberg enable the train dispatcher to evaluate the
different choices with aspect to each choice’s corresponding robustness. A significantly earlier arrival
might be valued over the optimal robustness solution if there only is a slight loss of robustness.

We are able to evaluate the different feasible arrival times because of an implemented sorting function.
The sorting function removes all vertices that are unreachable or that do not lead anywhere. This sorting
function implies that all remaining vertices are part of a feasible path between Malmd and Hallsberg.
The last two stations are Hallsberg (HRBG) and Skymossen (SKMS); HRBG has only one vertex, which acts
as an end-vertex for every path. We can find the number of feasible times that the focal train can arrive
at Hallsberg by searching through every edge that connect SKMS with the HRBG vertex, since these
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vertices all have unique arrival times. It is worth to emphasize that the number of unique arrival times at
Hallsberg is not the same as the number of unique paths in the network. A single unique arrival time at
Hallsberg can correspond to a large number of different paths since the arrival time correspond to all
paths that utilized a specific time interval between SKMS and HRBG. The different arrival times’
robustness is available to retrieve, based on the nature of the Dijkstra algorithm procedure. Dijkstra’s
algorithm calculates the optimal value, from a start vertex, to every other vertex, which enables us to
gather Dijkstra’s algorithms optimal robustness at every vertex at SKMS. We also have to consider the
robustness of the last segment from SKMS to HRBG for every vertex at SKSM; so for every vertex’s
optimal robustness at SKMS, if the robustness of the last segment from SKMS to HRBG is less robust,
then we associate that specific arrival time with the last segments’ robustness. We investigate the
vertices at SKMS (the station prior to the destination station), and not HRBG itself since HRBG only
consist of a single vertex, which all vertices at SKMS is connected to and that represent the optimal
algorithm solution. Table 6 contains the different arrival times at HRBG for the base scenario.

Table 6: Presentation of the different arrival times the focal train can arrive at Hallsberg. Numbers in bold with green
background represents the best solutions of the ones with the same arrival window end.

16:00:56 16:43:49 2573 147
16:16:38 16:43:49 1631 147
16:17:56 16:43:49 1553 147
16:24:16 16:43:49 1173 147
16:31:19 16:43:49 750 147
17:38:00 17:38:13 13 13
17:45:00 18:00:00 900 147
17:45:47 18:00:00 853 300
17:52:42 18:00:00 438 300
17:53:24 18:00:00 396 300
17:55:21 18:00:00 279 279
17:57:08 18:00:00 172 172
17:59:02 18:00:00 58 58

The table shows several arrival window intervals with the same end time: five windows with the end
time 16:43:49, one with 17:38:13 and seven with end time 18:00:00. These multiple intervals with the
same interval end time correspond to paths that arrive at the second last station at different times. We
exclude all but one solution for each unique arrival end time. We compare and choose the best arrival
window size for solutions that has the largest path robustness for unique arrival window end times. The
chosen solutions (shown in green in Table 6 above) entirely dominate the other solutions for providing
different choices of arrival intervals, which is why we further exclude the dominated solutions.

Table 7 below present the resulting three solutions.
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Table 7: Presentation of the dominant possible arrival times for the focal train at Hallsberg.

17:45:47 18:00:00 853 300
17:38:00 17:38:13 13 13
16:00:56 16:43:49 2573 147

Providing alternative paths with different arrival times can be a valuable addition to the optimal
solution. It gives the train dispatcher a possibility to weight different path properties and it provides
alternatives if the found optimal solution is impracticable.

6.2.Complexity results from experiments
In this Chapter, we present the case results of number of vertices and edges and relate it to the
theoretical maximum. The number of vertices and edges in the test case provide an indication of which
problem sizes that are reasonably computable within a feasible running time.

First, if we consider the base scenario with a total time interval of 22363 seconds (approximately 6
hours) at each station, we have 251 trains and 76 stations, which results in a potential maximal problem
size of 734 426 vertices (see complexity calculation in chapter 4.3). This maximal problem size
corresponds to that all 251 trains depart from the start station and travel to the end station, all creating
a vertex each at for all 75 stations (the last station does not warrant vertices like at the other stations).
However, when we run it, it resulted in only 6948 vertices, which is only 0.95 % of the worst-case
scenario. Filtering out the vertices with an indegree or outdegree of zero reduces the problem size even
more, to 3259 vertices (0.44 %). The low number of vertices in the case study compared to the
theoretical worst case is interesting because even if it does not change the order of the problem, we can
see that the number of vertices becomes acceptable for relatively large real-instance problems. One
reason for the reduction is that few trains travel the whole stretch. The total number of departures
between stations is 3888 (our focal train not included), which means that on average, each train travels
between 15 stations. This reduces the total number of vertices created but is not the only reason for the
reduction. We can find another interesting aspect by studying the relation between the number of trains
and the vertices, which we present in Figure 23. To make the comparison, we have used data for the
different days of the timetable. Each point represents one day of the studied period.
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Figure 23: lllustration of the correlation between number of trains in the timetable and the number of vertices in the graph.

From Figure 23, we can see that when the number of trains is increasing, the number of vertices also
decreases. This contrasts with the theoretical value, which predicts that the complexity increases when
the number of trains increases. This depends on the congestion perspective. When more trains are
inserted in a given time interval, the congestion increase. This means that fewer feasible solutions will
be found. This is especially true for the extended vertices. In the worst theoretical solution, a vertex
interval at the first station is assumed to create additional vertices at the 75 following stations.
However, when the timetable is congested, the likelihood that an existing train makes the route
infeasible is high and the chain is often stopped already after a few stations.

With the same reasoning, a larger speed difference between the focal and the existing trains should lead
to fewer vertices, as the trains will catch up on each other and thereby cut off these chains of additional
vertices. To test this, we compare the relation between the number of trains and the number of vertices
for three different train types with varying speed profiles. We have the base train, which has 15 %
longer travel time than the average travel time in the timetable, freight train GT421209 with 31 % longer
travel time and PX2-2000 with 31 % faster travel time. The three trains are represented by one color
each in Figure 24. Each train has also a corresponding linear trend line.
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Figure 24: Comparrison of the relation between the number of vertices and trains for three different trains as the focal train.

Figure 24 shows that the same trend is true for the other trains, more existing trains results in fewer
vertices. However, the most interesting thing is that both the slower and faster train have fewer vertices
than the base train, which means that our assumption is correct: the larger speed difference to the
average train, the fewer vertices. However, this does not necessarily mean that the found solution is
worse. For example, PX2-2000 can find solutions at small time-intervals when the slower trains cannot.

txs(s+1)

To conclude, the problem can resultin + s vertices at worst but for this to occur, all existing

trains need to travel between all stations, the time gaps between them have to be large and the focal
train has to have similar speed as the existing trains. In our test case is the number of vertices only 0.44
% of the theoretical maximum. This indicates that in practical problems, especially for networks with
congestion, the number of vertices will be much lower than the theoretical maximum.
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7. Discussion

A drawback with choosing robustness as the algorithm objective is the omission of other parameters,
which in the worst case can make the whole solution unrealistic. One such parameter is journey time. A
longer journey time costs more for the train company. It could also be unfavorable for train dispatchers
since a train standing still at a station for a long time use tracks that could be needed to handle
distributions. It is therefore important to not allow too large time windows, since these enable long
journey times. A possible solution to restrict the time window is to set a specific latest departure time at
a certain station, if there are some intern requirement of the train path.

Our algorithm strives to maximize the single least robust railway segment. We do not put focus on
optimizing the railway segments that have a larger robustness than the paths’ least robust segment. This
cause an issue to arise where we can find obvious improvements of the solution path’s robustness, for
segments other than the bottleneck segment. Figure 25 below illustrates these obvious improvements
graphically.
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Figure 25: lllustration of obvious improvements of the focal train path where unnecessary stops can be removed with no
downside.

The red and blue “stars” next to the focal train’s path illustrate the minimal distance that the focal train
is required to have to any existing train. These stars show that there is no reason for the train to do its
short stops at stations HV, VS and AV. These stops can occur in our algorithm since they do not affect
the bottleneck robustness. One solution could be to analyze the solution manually afterwards and
remove all unnecessary stops. This is a simple process but does not solve the problem completely. The
train could also choose complete different paths that are unfavorable compared to other solution. This
happens since it often exist many different paths that share the same bottleneck robustness and
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therefore are equally good according to the algorithm. Any of the paths can thereby be chosen in the
process. However, as Figure 25 illustrate, some solutions are clearly more favorable than others, seen
from a practical point of view. It is therefore important to improve the algorithm so it can find the best
solution among the ones with same bottleneck robustness. One way to solve it is to let the algorithm
look at the second least robust edge, if the first is equal for two compared solutions. If also these are the
same, the algorithm continue to the third bottleneck. This extended comparison can be implemented by
using vectors for the solution path, sorted by edge robustness. Our intention is to implement this
change in future work.

A related topic that is worth investigating before implementing an algorithm-derived solution is to
investigate other solutions, close to the optimal bottleneck robustness solution. A possible scenario (for
a hypothetical network) is that the optimal solutions uses the robustness’ [3 3 3 3 3 3] between the
seven stations in a network. The next best solution (in regards to maximize the minimal robustness)
could then be a solution which has the robustness’ [50 50 50 50 50 2]. The dispatcher could value this
second “best” solution over the best because of its superiority in total robustness. The total robustness
is therefore worth to remember to analyze before deciding on a specific train insertion path.

The total robustness investigation would greatly complement the implementation of the previously
described correctional algorithm, which addresses the entirely negative decisions of the algorithm that
does not affect the bottleneck robustness. The total robustness analysis can give misleading results
without this addition, since the optimal solution might have a better than perceived total robustness,
like in Figure 25 above.

Our study algorithm differentiates from most related literature. The main reason for this is that we focus
on an application area that is uncommon in practice. We focus on inserting a train operation close to
real-time, where most others schedule train operations in great advance. An additional aspect that
distance our work from the literature is that our objective is focused on the performance of the other,
already existing trains instead of the focal train. We do not optimize towards optimizing the focal trains’
performance in itself. Fixated existing trains imply that the focal train cannot expect any delays, caused
from unexpected existing train operations. The fact that we still optimize with regard to robustness
imply that we strive to minimize the effect of implementing the focal train. Flier et al (2009) developed
the only algorithm that we found to resemble our algorithm. Their algorithm also provides a single train
path for fixated existing trains. The difference is that they utilize historical data to predict delay risks for
specific trains. This imply that they are required to have these kinds of data available and perform their
regression models to associate every train with their delay risk. This regression model must be
performed for every new insertion for every new set of existing trains, which entail an extensive amount
of work if the implementation scenario is continuously varying. Flier et al (2009) also evaluate journey
time in their algorithm and present their results as Pareto optimal solutions with respect to journey time
and robustness. We focus on inserting freight trains close to real-time, which have been seen to be
willing to exchange flexible departures (close to real-time) with relatively uncertain journey times.

Andersson et al (2013) investigate the weighted average distance (WAD) measurement, which we briefly
mentioned earlier. The WAD measurement can be a valuable addition to our algorithm if tweaked
slightly. The authors define it to affect the distribution of buffers for trains. We do not work with buffers
in that aspect since we have a fixed scenario to work with, and cannot modify the existing trains. We can
instead redefine the expression to assign a weight to edges’ robustness and to weigh the edges
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differently depending on their location (close to the origin or end station). Vromans (2005) found that
50% of a train’s designated buffer should be distributed on the first 42.5 % of the railway stretch. We
can for example decide to value robustness values higher on edges on the first 42.5 % of the railway.

Several model simplifications differentiate our model from reality. One simplification is that the same
travel time is utilized for all segments between two consecutive stations. In reality, the travel time
depends on whether the train stops at any of the stations since acceleration and deceleration times
affect the travel time. We chose to use the travel times representing full speed between the stations in
our model. We thereby have too short travel times between stations where we stop, compared to
reality. This could lead to that we overestimate the robustness of the intervals. Theoretically, we could
even enter intervals that would not be possible with realistic travel times. This is however unlikely to
occur since the running time at most stations only is 30-50 seconds extra if the train either starts from or
arrives to a stop, and the most robust solution is often more robust than that. Furthermore, itis only a
problem if any of the problematic sections also is the bottleneck (or becomes the bottleneck with the
increased travel time). Larger problems could occur if the train both departs and arrives to stop, since
the increased travel time is doubled, to 80 seconds in average. However, since the occasions were the
train stops at two consecutive stations are very rare, this problem is unlikely to occur. We also focus on
the implementation of freight trains, which are even more unlikely to stop at two consecutive stations,
compared to passenger trains.

One approach to implement several travel times is to have different paths if the train stops at a station
or just passes by, similar to the approach of Flier et. al (2009) presented in Figure 2, page 11. This would
generate four different speeds for each pair of stations: Stop at first station and full speed at the
following station, full speed both at the first and the following station, full speed at the first station but
stop at the following and lastly stop at both stations.

An issue with implementing several travel times for travels between consecutive stations is that it
exponentially increases the complexity of the model for each added station. Since each vertex needs
two outgoing edges to the following station (the train can choose to have either full speed or stop at the
following station), two new vertices will be created towards the following station, vertices will then split
in to two new vertices each at the next station pair. Figure 26 below illustrates this occurrence, where
we only show an extension of a fraction of what is required in reality. The purple arrows correspond to
existing trains, the blue lines are interval end times and the remaining arrows correspond to different
interval start times.
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Figure 26: Visualization of the number of intervals when including four travel times between every station.

In terms of complexity, we can see that number of vertices at a single station k becomes (Equation 5):
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We can calculate the total number of vertices by make a sum over all stations. The total number of
vertices is then (Equation 6):

S k
# of vertices (intotal) = t Z 2M = (2572 — s —22) € O(t * 25%2) Equation 6
k=1m=0

This complexity is quickly resulting in impracticably large problem sizes as the number of trains and
stations increase. For our standard problem with 76 stations and 251 trains, the worst-case scenario
would result in 7,8 * 10%3vertices. However, since we discretize the times into whole seconds, we can at
most get the number of vertices that correspond to two times the number of seconds at each station
(the factor two is required to distinguish trains that stop at a station from trains traveling at full speed,
we can have one full-speed vertex and one stop vertex at each second). This means that we decrease
the complexity significantly and we will at worst have the same complexity as the time-expanded graphs
(e.g. Flier et al. 2009) but likely better since we should have significantly fewer vertices at early stations
(close to Malmo).

If we assume a four-hour time window, it results in a worst scenario of 2 160 000 vertices, which still is
impracticable. However, the real number of vertices will likely be much lower due to infeasible solutions
(where existing trains run). If we can get down to 1-5 % of the theoretical value, we can be quite sure
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that we can solve the problem within a feasible running time. It could therefore be an idea to try to
implement the solution anyway.

Station availability and critical distance are common features to simplify in macroscopic railway
simulations. Fully macroscopic models do not model individual tracks, which prevents the possibility of
analyzing specific tracks for their availability. A possible option is to implement some microscopic
features like the modeling of individual signals, block sections and tracks, as presented in the literature
review. This enables a more precise modeling with a greater probability that the algorithm solution
resemble reality. For example, a detailed modeling of each track would aid to ensure that a track is free
for the focal train at any given time. A dynamic critical distance is another feature that can be modeled.
Dynamic modeling of critical distances imply that each train gets different critical distances depending
on the size of each block section, which are more fitting for the specific case. The utilization of the
opposite side track can also be implemented, which require the modeling of switches and the opposite
direction traffic. The downside with applying these microscopic applications in a macroscopic model is
the requirement of underlying data. We are also studying a deterministic scenario with no delays, which
is unlikely to correspond to reality. If the scenario we are studying is unrealistic to expect in reality, we
should not need to model it exactly like reality, since the studied scenario is likely to differ anyway.
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8. Conclusions and future research

We developed an algorithm, which finds the most robust path through a congested timetable, without
modifying the existing trains’ schedules. The robustness measure ensures that the focal train finds a
path with the least risk of disturbing the existing trains. We utilize a max-min definition of the
robustness objective, which imply that we optimize the bottleneck robustness to guarantee a minimum
robustness at every station along the path. The problem is constructed as a graph problem, which is
solved by a modified version of Dijkstra’s algorithm.

The solution path may be infeasible to implement directly as the used model is of macroscopic detail
level. We have although implemented several microscopic aspects to the model to improve the detail
level and degree of applicability. We have for example implemented availability checks for station
sidings at certain types of stations where overtaking is possible.

We found that the algorithm achieves feasible train paths with a range of parameter settings, which
implies that it works in a general scenario. Different train types with varying travel times affect the
robustness, where trains with lower total travel time (as a sum for all stations) are better at finding
feasible solutions for stricter conditions, compared to trains with larger total travel times. The favor with
faster trains with lower travel times diminishes as conditions eases. Train homogeneity becomes the
new deciding aspect regarding favorable train properties with less severe problem constraints.

We found a clear negative trend of the solutions’ robustness with an increasing total number of
departures from stations. The robustness although had notable degree of variance between the trends’
expected robustness and the resulting robustness. We found that small changes of individual existing
trains have the possibility of compromising the entire solutions’ robustness, which explains this
variance. The developed algorithm can be utilized to provide all possible arrival times at the destination
station and their corresponding solutions’ robustness. These alternative solutions might be valuable if
the optimal solution is impractical for some reason or if some arrival times are preferred over others.

txs(s+1)

A problem can at most result in + s vertices and t * s(s + 1) + 2s edges, where s is the number

of stations in the focal train’s route and t is the number of trains having at least one stretch in common
with the focal train. This means that we can limit the solution time to O(s?t log(s2t)) for the Dijkstra
algorithm. In the test case, we showed that the number of vertices is affected by the congestion in the
timetable, the difference in speed between the focal and the existing train, and the average travel
distance of the existing trains. The less congestion in the timetable, less speed difference between focal
and existing trains, and the longer the existing trains travel, the more vertices are created. The number
of vertices in the case study were in average only 0.44 % of the theoretical worst case. The relatively few
vertices that are created even for a long stretch with 76 stations implies that it is suitable to use for large
problem instances, too large to handle for a train dispatcher. It can provide solutions for large problems
in short time, which makes it suitable for close to real-time solutions. We implemented a sorting
function that reduces the algorithms’ solution time by removing all vertices and edges that are
unreachable or that does not lead to the destination station. This sorting function manage to reduce the
number of vertices significantly.
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This algorithm operates in a macroscopic environment, which entails that it has to be further evaluated
for feasibility before its implementation in a real scenario. A natural and required progression from our
work is to analyze the level of applicability of the algorithm solution’s train path.

Another worthy investigation is to evaluate the benefits of utilizing delay risks. Two possible strategies
for implementing delay risk is to variate the critical distance depending on delay risk or to weigh
different robustness intervals differently depending on local delay risk. The relevance of the delay risk
investigation can be evaluated based on the applicability investigation since that investigation might find
the algorithms’ optimal solution to be less applicable than the alternative algorithm-derived solutions.

The algorithm needs to be extended with a function that evaluates the path for segments other than the
bottleneck segment. This is required since this study’s algorithm provide a bottleneck robustness
maximizing algorithm entirely, the robustness of non-bottleneck segments is not monitored other than
that they are feasible.

The developed algorithm is effective and performs according to the algorithm purpose. We find the
algorithm to be applicable as a base timetable for train insertions close to real-time, in congested
networks and for large networks, given that the previously mentioned extension is implemented.
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Appendix A

A comparison between the focal train robustness and the total number of departures for all days.
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Figure 27: An illustration of the relation between the focal train’s robustness and the total number of departures for every day of
the timetable.
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Appendix B

List of stations and their corresponding station signature for all stations along the train route.

AHM Aleholm MGB Malmo

AL Arlov MLB Mellby

ANY Aneby MO Moheda

AV Alvesta MOT Motala

BDF Bodafors MUD Mosselund

BLD Bladinge My Mjolby

BLV Burlov N Ndassjo

BX Boxholm (o] Osby

D Degeron RAS Ralingsas

DAT Dammstorp RH Ronneshytta

DIS Dio sodra RK Rorvik

DIO Did norra RUS Runsala

E Eslov SG Stehag

ERA Eneryda SKN Skadnninge

FGL Fagelsta SKM Stenkumla

FLP Flackarp SKMS Skykossen

FLS Flisby SMN Sommen

FRD Finnaryd STB Stangby

GMP Gamlarp Sy Stockaryd

GO Godegard SA Savsjo

GP Gripenberg SOLA Sésdala

GRD Grevaryd THL Tornhill

GT Grimstorp TNS Tranas

GAP Gavetorp TUN Tunneby

HJP Hjarup TO Tjonarp

HM Hassleholm UTP Ulvstorp

HRBG Hallsberg VIM Vimnarp
rangerbangard

HV Hastveda Vs Vislanda

HO Ho6r VAD Vitteryd

JHO Jakobshyttan A Asbro

KR Killeberg Ak Akarp

LH Lammhult AKN Akarp norra

LMO Lécknamon AH Almhult

LNS Lidnas (o] Ortofta

LU Lund ONA Onaskogen

MDM Mariedamm



