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Abstract
This paper considers the problem of minimizing travel times and maximizing travel time re-
liability, which are important socio-economic properties of a railway transport service, for
a given set of departures on a double-track line. In this paper travel time reliability is mea-
sured as the average delay, and a delay prediction model for MILP timetable optimization is
presented. The average delay prediction model takes into consideration time supplements,
buffer times and propagation of delays in the railway network and is not restricted to a fixed
order of the trains. Validation of the average delay prediction model, and an evaluation of
the approach with combined simulation-optimization for improving railway timetables, are
conducted by a simulation study on a part of the Swedish Southern Main Line. Results from
the simulation study show that the average delays are reduced by up to approximately 40%
and that the punctuality is improved by up to approximately 8%.
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1 Introduction

Two of the most important properties of a railway transportation service is minimal travel
times and maximal reliability. In particular, service reliability has a central role when as-
sessing the quality of a railway service and it is commonly considered to have a high impact
on traveller’s satisfaction, and also for the general attractiveness of the transport mode.

Since reliability is important when evaluating the quality of a railway service, it is impor-
tant to include reliability already in the planning of the timetable. However, high reliability
is typically in conflict with minimal travel times and it is therefore important to find a good
balance between these two properties.

To address this issue, Högdahl et al. (2018) proposed to solve the problem of minimiz-
ing the weighted sum of scheduled travel time and average delay, where the weighting is
made with respect to the socio-economic valuation of reducing the average delay relative
to reducing the scheduled travel time. In this paper, the same problem is under considera-
tion and the approach is extended to be applied on double-track lines and by allowing the
sequence of the trains to be flexible.

The main contribution of this paper is a delay prediction model which is implemented in
a timetabling model for non-periodic timetabling of double-track railway lines. The delay
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prediction model is based on a simple idea, which is to assign time supplements proportional
to the average delays observed for an initial timetable (which could be for instance an ideal
timetable or a draft compilation based on applications from railway operators).

The benefit of this approach is that it explicitly includes two important performance
measures, scheduled travel times and average delays, and that it also put focus on the trade-
off between these two goals.

1.1 Contribution

The contributions of the paper is the following:

1. A model to compute the predicted average delay of a timetable, which can be imple-
mented in non-periodic timetable models based on optimizing the time of arrival and
departure events (see Section 3.1.2).

2. Validation of the delay prediction model by a simulation study on a section of the
Swedish Southern Main Line (see Section 5.1).

3. Evaluation of a combined approach based on simulation and optimization to improve
the weighted sum of scheduled travel time and average delay for a given timetable
(see Section 5.2).

4. The simulation study show that the combined approach for timetable planning using
the delay prediction model leads to reduced delays and improved punctuality. (see
Section 5.2).

1.2 Paper outline

This paper is divided into six sections, including this introduction. The next section presents
the related work and is mainly focused on approaches that combine simulation and optimiza-
tion. The third section present the delay prediction model, the timetabling model in which it
is applied, and an approach how simulation and optimization can be combined to minimize
the scheduled travel time and the predicted average delay. The fourth and the fifth section
describe the validation and the evaluation of the delay prediction model and the timetabling
approach. Finally, in the last section, the paper is summarized and the conclusions and
future work of the paper is stated.

2 Related work

In the following section a compilation of related approaches is presented.
Stochastic programming has been utilized by Kroon et al. (2008), who describe a two-

stage stochastic optimization model with recourse to improve the robustness of a periodic
timetable. They assume that an operating timetable is known, including fixed routing and
platforming at stations which remain unchanged, and combine a timetabling model with a
recourse model to minimize the sum of weighted delays.

Sels et al. (2016) formulated the problem as to minimize the total expected passenger
time (including the effects of primary and secondary delays as expected values of stochastic

2



variables). By including both the travel time and the expected delay in the objective func-
tion, the need for artificial upper limits on the time supplements is not necessary, and by this
infeasability issues of earlier attempts on robust PESP scheduling is avoided.

Lee et al. (2017) described the robustness problem as a trade-off between efficient travel
times and small delays. They proposed an iterative heuristic method that is based on es-
sentially three steps: (1) solve a LP-problem to allocate time supplements and buffer times
such that the deviation from the desired target value of each activity is minimized; (2) simu-
late the obtained timetable; and (3) update the target values of the LP-problem based on the
simulation output. The output after iterating the three-step approach is a timetable for one
value of a global parameter which determines how large time supplements that are allowed
without generating a penalty in the objective. By varying the value of the global parameter
a set of alternative timetables is generated, and among those a timetable which has a desired
balance between time supplements and average delays can be chosen.

Burggraeve and Vansteenwegen (2017) focus on robust timetabling of complex station
areas which is addressed using an iterative four-step approach consisting of the following
steps: (1) find an optimal route plan for each train such that the traffic is spread evenly at the
station area; (2) timetable each trains route by maximizing the weighted minimum buffer
time between each train; (3) simulate the obtained timetable; (4) calculate new dwell and
running times such that a predetermined percentile of the train movements, with respect
to the simulated realizations of the timetable, is expected to be on-time. Repeat the steps
until the approach converge or until either the time or the number of iterations run out.
Contrary to the approach in this paper, the expected delay is not directly minimized in
the optimization model. Instead, as in Lee et al. (2017), a heuristic search of the time
supplement and buffer time-space is conducted, which give a set of alternative timetables
from which the best one is chosen.

Högdahl et al. (2018) utilize microsimulation of a given initial timetable to compute
empirical arrival time distributions for each train at all stations where it is scheduled to stop.
The empirical arrival time distributions is used as input parameters to a timetable optimiza-
tion model, which is formulated such that the the weighted sum of travel time and predicted
average delay is minimized. The weighting parameter of the objective correspond to the
delay time factor often used in socio-economic analysis of public transport (i.e. the value
of decreasing the average delay compared with decreasing the advertised in-vehicle travel
time). The predicted average delay in the optimization model is computed by shifting the
arrival time distributions of the initial timetable, based on a linear combination of the differ-
ence in time supplements and buffer times compared with the initial timetable. Parameters
of the delay prediction model is determined by solving a separate calibration problem.

3 Travel time and average delay minimization

The nominal train timetabling problem is the problem of finding the optimal timetable for
a given set of trains such that a set of operational constraints is satisfied. Typically, this
problem aims at minimizing travel times or deviation from a given initial timetable. As
a consequence of this, the solution to the nominal timetabling problem is in general not
robust against delays and to overcome this time supplements and buffer times is required in
the timetable.

To address the issue on how to allocate time supplements and buffer times in the time-
table a related problem was proposed by Högdahl et al. (2018), namely the timetabling
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problem of travel time and delay minimization (TTD), which is the problem of minimizing
the weighted sum of scheduled travel time and average delay. The main benefit with this
formulation is that it captures two of the most important performance indicators of rail-
way operations, and that it in a natural way includes the trade-off between these two goals
explicitly. In a compact form this problem is formulated as

min f(t) = αF (t) + (1− α)G(t)

st. t ∈ X,
(TTD)

where t is a timetable, F (t) is the total scheduled travel time, G(t) is the predicted average
delay, X is the set of all feasible timetables, and α is the delay valuation coefficient (which
is equivalent to the delay time factor, i.e. the value of reducing the expected delay compared
by reducing the scheduled (in-vehicle) travel time).

In this paper, the problem of non-periodic timetabling for a set of trains that operate on a
double-track line is considered and the remaining section will be devoted for presenting the
formulation of the timetabling model. For this purpose, let the set of trains be denoted T ,
and let each train h consist of an ordered sequence of events, i = 1, . . . , Nh (which either
is an arrival or departure event), and let thi be the scheduled time of its i:th event.

3.1 Objective function

The objective function of the optimization problem (TTD) is two-fold and consists of a
linear combination of the total scheduled travel time and the total predicted average delay,
and they will both be described in this section.

3.1.1 The total scheduled travel time
The first part of the objective function is the total scheduled travel time, which is computed
as the sum of the travel time between all OD-pairs that are served by each train, which is
formulated as follows:

F (t) =
∑
∀h∈T

∑
∀(i,j)∈ODh

λhij
(
thj − thi

)
, (1)

where (i, j) is a trip from departure event i to arrival event j for train h, ODh is the set of
all trips with train h (i.e. all its OD-pairs), and λhij is the weight (e.g. number of passengers)
of trip i to j with train h.

3.1.2 The predicted average delay
When computing the predicted average delay it is assumed that an initial timetable is given
and that the average deviation between the actual and the advertised arrival and departure
times of the initial timetable is known (which can be computed either from empirical data
or by simulation).

We define the total predicted average delay as the sum of the predicted average delay at
each each event that belongs to the set of timing events (which could be all arrival and de-
parture events associated with a scheduled stop), multiplied with a weighting factor (which
for instance could be the number of disembarking passengers), i.e.:

G(t) =
∑

∀(h,i)∈E

λhi ∆̂h
i , (2)
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where E is the set of all timing events, λhi is the weighting factor and ∆̂h
i is the predicted

average delay at the i:th event for train h.
Next, assume that any event will occur as early as possible (i.e. a train is assumed to run

at the highest possible speed and that the driver will depart as soon as it is allowed), then for
any given event its predicted average delay is assumed to be caused either by the train itself
(which includes primary delays) or due to a conflict with the preceding train. Therefore, we
compute the predicted average delay of the i:th event for train h as the maximum of zero
(delays are defined as non-negative), its so called predicted self-induced deviation (which is
described below), and the predicted knock-on delay, i.e:

∆̂h
i = max

{
0, δ̂hi , κ̂

h
i

}
, (3)

where δ̂hi is the predicted self-induced deviation from the scheduled time and κ̂hi is the
predicted knock-on delay for the i:th event of train h.

We define the self-induced deviation for an event as the deviation from its scheduled
time that is not directly caused by another train. As it is assumed that any event will occur
as early as possible, a change in for example the run time supplement between two stations
will not affect the actual arrival time to the destination, but the deviation from the scheduled
time. Therefore, the predicted self-induced delay is computed as the sum of the predicted
delay at the previous event, the average delay development from the previous event, and
the difference in time supplement in the rescheduled timetable compared with the initial
timetable, i.e it is computed as:

δ̂hi = ∆̂h
i−1 +

(
δ̄hi − δ̄hi−1

)
+ β

(
s̄hi−1, i − shi−1, i

)
, (4)

where ∆̂h
i−1 is the predicted average delay at the previous event, δ̄hi and δ̄hi−1 is the observed

average delay of the initial timetable at the current and the previous event, respectively,
s̄hi−1,i is the time supplement in the initial timetable, shi−1,i is the time supplement in the
rescheduled timetable (which is to be decided by solving the optimization problem (TTD)),
and β is a parameter that determines how changes in the amount of time supplements affect
the predicted delay.

The model proposed by Equation (4) assumes that any change in time supplements will
have impact on the predicted self-induced deviation, however this is not always the case.
In many cases trains have larger time supplements than required (e.g. freight trains are
often scheduled with very large dwell times), which means that time supplements might
be unused. For this case it should be possible to reduce time supplements to some degree
without increasing the predicted delay. For this reason Equation (4) is replaced with the
following generalization:

δ̂hi = ∆̂h
i−1 +

(
δ̄hi − δ̄hi−1

)
+ βf

(
yhi−1,i

)
, (5)

where yhi−1,i = s̄hi−1, i − shi−1, i and f
(
yhi−1,i

)
is a piecewise linear function, such that:

f(y) =

 y, −M < y ≤ 0,
0, 0 < y ≤ a,

y − a, a < y ≤ s̄,
(6)

where M > 0 (typically very large) and a ≥ 0 is constants and where the constant a defines
an interval [0, a] where reduced time supplement does not increase the predicted average
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delay. Also note that a = 0 gives a formulation that is equivalent to Equation (4) and
therefore Equation (4) can be considered to be a special case of Equations (5) and (6).

When computing the predicted knock-on delay, consider the following. First, assume
that the j:th event of train k precedes the i:th event of train h and assume that the order of
the trains is not changed by the dispatcher, then the earliest time that the i:th event of train
h can occur is

t̂hi = t̂kj + hsmin, (7)

where t̂hi and t̂kj is the predicted time of the i:th and j:th event of trains h and k, respectively,
and hsmin ≥ 0 is the minimum time difference between events of the same type at station s.

However, as the sequence of the trains is flexible when scheduling the trains, it is not
known beforehand which train precedes train h. Therefore the earliest time that event i for
train h can occur is computed as

t̂hi = max
(k,j)

{
t̂kj + hsmin −Mxhkij

}
, (8)

where M is a large positive constant and xhkij is a binary variable which is 1 if and only if
event i of train h is scheduled earlier than event j of train k.

Next, by computing the difference between the predicted earliest time and the scheduled
time for event i of train h the knock-on delay is obtained as follows:

κ̂hi = max
(k, j)
{t̂kj + hsmin −Mxhkij } − thi . (9)

To summarize the derivation of this section, the delay prediction model is therefore as
follows:

G(t) =
∑

∀(h,i)∈E

λhi ∆̂h
i , (10)

∆̂h
i = max

{
0, δ̂hi , κ̂

h
i

}
, (11)

δ̂hi = ∆̂h
i−1 +

(
δ̄hi − δ̄hi−1

)
+ βf

(
yhi−1,i

)
, (12)

κ̂hi = max
(k, j)
{t̂kj + hsmin −Mxhkij } − thi , (13)

where f
(
yhi−1,i

)
is computed as in Equation (6).

3.1.3 Linearization
The delay prediction model as formulated by Equations (10)-(13) is not a valid linear for-
mulation and in order to be implemented in a MILP formulation they need to be linearized.

Equations (11) and (13) are easily linearized by utilizing the fact that max-constraints,
in the setting of minimization-problems, can be formulated as

x = max {y1, y2, . . . , yN} ⇔ x ≥ yi, i = 1, . . . , N. (14)

Equation (12) must also be linearized as f(y) is a piecewise linear function. As described
in Chen et al. (2011) piecewise linear functions are easy to linearize by computing their
value as a linear combination of their breakpoints, by using a combination of binary and
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continuous variables. Therefore, the piecewise linear function f(y) can be linearized by
replacing it with the following set of linear expressions:

f(y) = −Mγ1 + (s̄− a)γ4, (15)
y = −Mγ1 + aγ3 + s̄γ4, (16)
γ1 ≤ z1, (17)
γ2 ≤ z1 + z2, (18)
γ3 ≤ z2 + z3, (19)
γ4 ≤ z3, (20)

z1 + z2 + z3 = 1, (21)
γ1 + γ2 + γ3 + γ4 = 1, (22)

γi ≥ 0, ∀i, (23)
zi ∈ {0, 1}, ∀i. (24)

3.2 Constraints

The constraints that form the set of all feasible timetables (i.e. X in problem (TTD)) is
grouped into the following types of constraints: operational constraints, (which must be
fulfilled for any train at all times); freight train constraints; passenger train constraints; and
constraints to reduce the search space. Each of these types of constraints are described in
separate sections below.

3.2.1 Operational constraints
Recall that this paper considers the problem of scheduling the traffic on a double-track line,
and assume that the traffic must run on separate tracks depending on the direction. As of
this, the formulation becomes similar to the case where the traffic is considered for only
one of the tracks, and for the purpose of this paper the operational constraints are therefore
based on the model outlined in Fischetti et al. (2009).

Let S be the set of all stations, and let for each station s ∈ S the set of adjacent stations
be denoted byCs, the set of arrival and departure events be denotedAs andDs, respectively,
and let the sets of arrival and departure events be divided into disjoint subsets Ao

s and Dd
s ,

respectively, where o and d denote the previous and the next station for the arrival and the
departure events, respectively, belonging to those sets. The constraints are now formulated
as follows below.

First, the scheduled running time between two stations must be equal to the sum of the
minimum running time and a non-negative time supplement, i.e:

thi+1 − thi = dhi,i+1 + shi,i+1, , ∀(h, i) ∈ Ds, ∀s ∈ S, (25)

where dhi,i+1 ≥ 0 is the minimum running time between the events i and i+1, and shi,i+1 ≥ 0
is the time supplement between events i and i+ 1 of train h.

Next, if two trains arrive to the same station and have the same previous station, then
they must be separated by a minimum arrival headway, i.e:

|thi − tkj | ≥ ∆arr
s , ∀(h, i), (k, j) ∈ Ao

s, ∀o ∈ Cs, ∀s ∈ S, (26)

where ∆arr
s is the minimum arrival headway at the station s.
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Correspondingly, if two trains depart from the same station and run in the same direc-
tion, then they must be separated by a minimum departure headway, i.e:

|thi − tkj | ≥ ∆dep
s , ∀(h, i), (k, j) ∈ Dd

s , ∀d ∈ Cs, ∀s ∈ S, (27)

where ∆dep
s is the minimum departure headway at the stations s.

Finally, if one train departs earlier than another train from one station and they both run
in the same direction, then the first train must also arrive earlier than the latter train at the
following station, i.e:

xh,ki,j = xh,ki+1,j+1, ∀(h, i), (k, j) ∈ Dd
s , ∀d ∈ Cs, ∀s ∈ S. (28)

where xh,ki,j is a binary variable that is equal to 1 if and only if event i for train h occurs
before event j for train k.

Constraints (26) and (27) is not linear expressions and must be replaced with linear
inequalities in a MILP-formulation. This is easily done using the binary variables xh,ki,j ,
which was done in Fischetti et al. (2009) and is therefore left out in this paper.

3.2.2 Constraints for passenger trains
For passenger trains it is assumed that the stops in the initial timetable must be preserved,
that new stops is not allowed to be scheduled, and that the initially scheduled dwell time is
to be considered as the minimum allowed dwell time.

Therefore, for all arrival events i for train h where the initial dwell time is zero (i.e. for
all arrival events that the train is not scheduled to make a stop in the initial timetable), the
following set of constraints is added:

thi+1 − thi = 0, (29)

shi,i+1 = 0, (30)

phi = 0, (31)

where phi is a binary variable which is 1 if and only if train h is scheduled to stop at the
arrival event i.

For all arrival events i that the train h was scheduled to stop in the initial timetable, the
following set of constraints is added:

thi+1 − thi ≥ dhi,i+1 + s̄hi,i+1, (32)

thi+1 − thi = dhi,i+1 + shi,i+1, (33)

phi = 1, (34)

where s̄hi,i+1 is the time supplement between event i and i + 1 for train h in the initial
timetable.

3.2.3 Constraints for freight trains
For freight trains it is assumed that all stops at the end stations must be preserved (i.e.
that the stops at the first and the last station is scheduled for handling of cargo, change of
train driver, etc.), and that all other stops are scheduled to allow overtakings or act as time
supplements (which thus should be allowed to be modified if they are not needed).
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For all freight trains h, at the first and the last arrival events, and for each arrival event i
at stations where stops are forbidden, add the following constraints:

thi+1 − thi = dhi,i+1 + s̄hi,i+1, (35)

shi,i+1 = s̄hi,i+1, (36)

phi =

{
1, if t̄hi+1 − t̄hi > 0,
0 otherwise, (37)

where t̄hi was the scheduled time of the i:th event for train h in the initial timetable and phi
is a binary state variable defined to be 1 if train h is scheduled to stop at event i.

For all freight trains h at each arrival event i (except the first and the last) at stations
where stops are allowed, add the following constraints:

thi+1 − thi ≥ −Mphi , (38)

thi+1 − thi ≤Mphi , (39)

shi,i+1 ≥ −Mphi , (40)

shi,i+1 ≤ −Mphi , (41)

thi+1 − thi ≤ dhi,i+1 + shi,i+1 +M
(
1− phi

)
, (42)

thi+1 − thi ≥ dhi,i+1 + shi,i+1 +M
(
1− phi

)
, (43)

where M is a sufficiently large constant.
Constraints (38)-(41) enforce the time difference and the time supplement to be zero if

there is no stop, and in case that a stop is scheduled then by constraints (42) and (43) its
duration has to be at least dhi,i+1 (as the time supplement shi,i+1 ≥ 0).

Finally, for all stations where trains are allowed to stop, add the following constraints
on phi for each arrival event i (except the first and the last event) for all freight trains h:

xh,ki,j − x
h,k
i+1,j+1 ≤Mphi ∀(k, j) ∈ Ao

s, (44)

where o is the station for train h at event i − 1. By applying constraint (44), a scheduled
stop is enforced if any train k overtakes train h at the event i of train h.

3.2.4 Constraints for restricting the search space
In order to restrict the search space and to preserve trains in their initial setting (so that a
morning train is not rescheduled to be for instance an afternoon train) all events must be
scheduled within a certain time domain of width W , which is formulated such that:

thi ≤ t̄hi +W/2, ∀(h, i) ∈ As ∪Ds, ∀s ∈ S, (45)

thi ≥ t̄hi −W/2, ∀(h, i) ∈ As ∪Ds, ∀s ∈ S. (46)

This means that any train is allowed to be shifted at most W/2 in time and that the total
travel time for all trains is allowed to be changed by ±W . As a consequence of this, all
sequence variables xhkij where |t̄hi − t̄kj | > W becomes fixed parameters which makes the
optimization problem easier to solve.
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3.3 Complete model

By combining constraints (25)-(46) and by computing the predicted average delay as in
Equation (2) by using the linearizations of Equation (10)-(13) a complete optimization
model for minimizing the weighted sum of scheduled travel time and predicted average
delay is obtained.

The resulting model is a MILP-model and can be solved by using standard solvers for
mixed integer linear programming.

3.4 A combined optimization-simulation approach for timetable improvement

The optimization problem (TTD) can be applied in the following timetabling approach that
combines simulation and optimization to generate a timetable that minimizes the scheduled
travel time and predicted average delay:

1. Select an initial timetable.

2. Simulate the initial timetable for N simulation cycles.

3. Compute the average delay for each arrival and departure event and use as parameters
when solving the optimization problem (TTD).

4 Evaluation

To validate the delay prediction model proposed in Section 3.1.2 a set of simulation experi-
ments have been conducted on a part of the Swedish Southern Main Line. The experiments
have been performed such that a rescheduled timetable of a given initial timetable is gen-
erated according to the timetabling approach described in Section 3.4. The rescheduled
timetables is then simulated and its performance is compared with the performance of the
initial timetable.

4.1 Experimental setup

The experiments have been carried out on the section between Nässjö and Alvesta on the
Swedish Western Main Line. This section is a double track line of about 85 km and consists
of 14 stations (including locations for overtakings).

As the initial timetable, all trains from the Swedish national timetable of 2015 that was
scheduled to operate on some part of the section between Nässjö and Alvesta on the 23rd
of September (i.e. a Wednesday) between 6:00 and 12:00 was selected. This selection
was made to capture the peak traffic period during the morning rush. To be able to make
a fair comparison between the initial timetable and the rescheduled timetables, the initial
timetable has been adjusted so that it is microscopically conflict-free and that all running
times are feasible.

4.1.1 Simulation setup
The simulations have been carried out using Railsys (version 9.8.25), which is a commercial
software for microsimulation of railway operations.

10



Each timetable have been simulated for 200 simulation cycles and in each simulation
cycle, a set of primary delays is randomly generated as follows: at the entry or beginning
for each train there is a 40% probability that it obtains an entry delay, which is generated
from a negative exponential distribution with mean value of 5 minutes and maximum value
of 10 minutes; at each stop there is a 20% probability that a train obtains a dwell time delay,
which is generated from a negative exponential distribution with mean value 3 minutes and
maximum value of 10 minutes; and between each pair of stations there is a 10% proba-
bility to obtain a running time delay, which also is generated from a negative exponential
distribution but with mean value 2 minutes and maximum value of 10 minutes.

The default dispatching functionality of Railsys have been utilized. In case of a conflict
the dispatcher prioritizes the trains in the following order: fast passenger trains (100), pas-
senger trains (80), commuter trains (80), and freight trains (50). If a train is more than 300
seconds late, then its prioritization is reduced by 20 points (except long distance passenger
trains which are reduced by 15 points, and thus always have the highest priority).

The trains are assumed to drive as fast as possible, which have been implemented in the
simulation by having the trains run at maximum speed whenever they are delayed.

4.1.2 Optimization model setup
The delay valuation coefficient α, which is used to balance the scheduled travel time and
the predicted average delay in the objective function, is set to α = 0.222, which correspond
to the Swedish national value (3.5) used in socio-economic calculations.

The weighting parameters λhij that are used in the scheduled travel time have been cho-
sen such that λh1,j = 1 for all events j that is either an arrival event of the terminal event
(which is a departure event) for train h. The weighting parameters λhi that are used in the
predicted average delay have been chosen such that if train h is a passenger train, then
λhi = 1 for the arrival and departure events where the train is scheduled to stop and at the
terminal station. If the train h is a freight train, then λhi = 1 only for the events at the
terminal station.

The minimum headways have been chosen such that ∆arr
s = ∆dep

s = 4 minutes for
all stations s. The time domain that limits how far the time of events can be rescheduled
compared with the initial timetable have been set to W = 30 minutes.

The parameters in the delay prediction model have been selected such that the minimum
time difference between trains hmin, which is used in the knock-on delay calculation, is set
to hsmin = 1 minute for all stations s. The parameter a which controls the interval for when
the piecewise linear function f(y) is constant zero (as given by Equation (6)) is in general
set to zero, except for all departure events for freight trains where a stop have been scheduled
in the initial timetable and for which the average delay decreased, then a is set to the average
unused time supplement. The scaling parameter β which is used in the computation of the
self-induced deviation δhi have been set to β = 0.5, meaning that delays are reduced by half
of the added time supplement, and vice versa for reduced time supplements..

Finally, the big-M parameter is set to M = 100000.

4.2 Scenarios

In the experiments, the scenarios listed in Table 1 have been considered.
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Scenario Description Number of
trains to

reschedule

Total number
of trains

None No train is allowed to be
rescheduled

0 35

Single Only one train is allowed to
be rescheduled

1 35

Freight All freight trains are allowed
to be rescheduled

11 35

Passenger All passenger trains are al-
lowed to be rescheduled

24 35

All All trains are allowed to be
rescheduled

35 35

Table 1: List of scenarios in the experiments.

5 Results

In this section the results from the computational experiments are described. The section
is divided into two parts where the first part is focused on validating and presenting the
performance of the delay prediction model and the second part describe the effect on travel
times, average delays, and punctuality when the method in Section 3.4 is applied on the
initial timetable.

5.1 Validation of the delay prediction model

The delay prediction model proposed in section 3.1.2 have been implemented in an opti-
mization model for railway timetabling. By solving the optimization problem a rescheduled
timetable with a predicted average delay for each arrival and departure event is obtained. To
validate the delay prediction model the rescheduled timetable is simulated and the observed
average delay is computed for each arrival and departure event.

The mean error (ME) and the mean absolute error (MAE) is used as measures for model
fitness. For a single train the ME is is computed as the average of the differences between
the predicted average delay and the observed average delay for each arrival and departure
event of the train. Correspondingly, for a set of trains the ME is computed as the average
ME for each single train. The MAE for single trains as well as for sets of trains is computed
in the same way, but instead of taking the average of the differences, the average of the
absolute differences is used in the computations.

Table 2 show the MAE and the ME for different train sets for each scenario (see Table
1) and it shows that the MAE is increasing with the number of trains that are allowed to
be rescheduled. This is due to that the MAE for a given train appears to be determined
whether or not it is rescheduled or not, which is the interpretation of Table 3 (which show
the MAE error for the trains in each scenario grouped with respect to if they are allowed to
be rescheduled or not).
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Trains None Freight Passenger All
MAE ME MAE ME MAE ME MAE ME

Freight 18.8 -6.2 58.5 27.6 32.9 -2.0 64.8 15.7
Fast pass. trains 17.5 0.9 16.7 2.6 26.7 3.9 21.1 1.8

Commuter 20.2 -1.8 22.0 5.4 78.0 -77.3 66.4 -65.8
Pass. trains 5.2 3.2 23.1 -9.7 66.8 19.1 80.6 26.6

All train 18.0 -2.0 31.7 10.6 45.6 -20.3 51.2 -11.7

Table 2: Comparison of mean absolute error (MAE) and mean error (ME) between the
predicted average delay and the observed average delay for the scenarios “None”, “Freight”,
“Passenger”, and “All”. The values of the MAE and the ME is given in seconds.

From Table 2 it is also observed that the accuracy varies between different train sets
(which is most obvious when the outcome from the scenario “All” is assessed). On average
the fast passenger trains obtain the best predictions, with low values on both measures which
indicates both a small bias and a small variation. The freight trains and commuter trains
achieve similar performance with respect to the MAE, but have quite different results with
respect to the ME, where the absolute ME for the freight trains are less than the absolute ME
of the commuter trains. The main reason why the predicted delay of the commuter trains
are that much underestimated is due to that the delay prediction model assumes that a delay
can be completely compensated for, which is not the case and thus is leading to a bias.

Mean absolute error for different scenarios

Train set None Single Freight Passenger All

Rescheduled - 48.5 58.5 51.4 51.2
Fixed 18.0 17.8 19.4 32.9 -

All train 18.0 18.7 31.7 45.6 51.2

Table 3: Comparison of mean absolute error (MAE) between predicted average delay and
observed average delay. The values of the MAE is given in seconds.

Figure 1 show results for a sample of four trains from the scenario where all trains are
allowed to be rescheduled (i.e. the scenario denoted “All” in Table 1). The trains represent
the 10th, 35th, 65th, and 90th percentile of the trains, when they are ranked according to
their mean absolute error. The lower subfigures show the differences in time supplement
allocation for the rescheduled timetable with respect to the initial timetable. The upper
subfigures show: the observed average delay of the initial timetable (the green line); the
rescheduled timetable (the solid red line); the predicted average delay for the rescheduled
timetable (the blue line); and the standard deviation of the observed delays for the resched-
uled timetable(the dashed red lines). From this figure it is seen that for the fast passenger
trains (i.e. train 528), the predicted average delay follows the observed average delay of
the rescheduled timetable, which is expected as the prediction is both accurate and precise
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Figure 1: Predicted and observed average delay (the upper subfigures) and difference in the
amount of allocated time supplements between the initial and the rescheduled timetables
(lower subfigures) for the trains 528, 4629, 17607, and 44521, which represent the 10th,
35th, 65th, and the 90th percentile when all trains are ranked according to their mean ab-
solute error. For the upper subfigures, the green line is the observed average delay of the
initial timetable, the blue line is the predicted delay for the rescheduled timetable, the solid
red line is the observed average delay for the rescheduled timetable, and the dashed red lines
show the standard deviation of the average delay for the rescheduled timetable.
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for the fast passenger trains, as was shown in Table 2. For freight train 4629, the predicted
average delay follows the observed average delay until near of the end, where the predicted
average delay decreases while the observed average delay instead increases. This is due to
an unscheduled stop by the dispatcher to let a following fast passenger train to overtake the
freight train. The result for train 17607 in Figure 1c shows the bias between the predicted
and the observed average delay, this is due to that time supplements are allocated before
each stop which are predicted to compensate completely for the delays, which is not the
case. Finally, we have train 44521, which is among the worse trains with respect to the
MAE. For this train the prediction and the observed average delay follows closely until half
of the trains trip, where the prediction becomes to deviate substantially from the observed
average delay of the rescheduled timetable. The reason for this steep deviation between the
predicted average delay and observed average delay is still under investigation.

As is shown by the results in this section, the delay prediction model, as presented in
Section 3.1.2, is a good predictor for the average delay of fast passengers trains. However,
experiments also show that the predicted average delay of commuter trains is biased and that
unscheduled stops due to overtaking lead to inaccuracies in the predictions. It is possible
that tuning of the parameters in the delay prediction model can help improving the accuracy
of the predictions, but as some errors appears to be systematic it also indicates a need for
further development of the delay prediction model in future research.

5.2 Evaluation of the combined approach for timetable improvement using the delay
prediction model

To evaluate the effect of applying the approach outlined in Section 3.4 on a given timetable,
the average scheduled travel time, the amount of time supplements, the average delay, the
timetable performance index TPI (which is a measure proposed by Warg (2016) to evaluate
timetables with respect to its socio-economic performance by taking scheduled travel times
and average delays into consideration), and the punctuality of the rescheduled timetable
have been computed.

Table 4 show a summary of the selected performance indicators together with the perfor-
mance of the initial timetable. From this table it is observed that time supplements (which
does not include dwell time supplements) are increased with up to 40% compared to the
initially allocated supplements, which is due to that reduced delays have been given higher
weight than reduced travel times when solving the optimization problem (TTD).

Despite the large difference in the amount of allocated time supplements, the effect on
the travel times is moderate. The largest increase of travel times is observed for the sce-
nario where only passenger trains are allowed to be rescheduled, and for which the average
travel time of all trains is increased by approximately 5%. For freight trains on the other
hand it was possible to avoid some of the scheduled overtakings and to reduce some of the
scheduled dwell times which lead to reduced travel times.

As expected the average delays was reduced in all cases (even dough the effect on a
system level is small when only the freight trains are allowed to be rescheduled), which also
lead to that the TPI was slightly improved (it correspond to a cost). This would indicate that
the socio-economic benefit of the planned service was improved, but as the effect on the
demand is not included the total effect remain uncertain. Finally, we also observe a positive
effect on punctuality, especially when most of the trains are allowed to be rescheduled
(which is the case in the scenarios where either all trains or all passengers trains are allowed
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Scenario Scheduled
travel time

[min]

Time sup-
plements

[%]

Average
delay [min]

TPI [min] Punctuality
[%]

None 50.6 14.6 2.75 60.2 84.1
Freight 50.1 14.7 2.63 59.3 84.9

Passenger 53.1 19.1 1.78 59.3 90.2
All 51.6 20.5 1.77 57.8 90.3

Initial 50.6 14.6 2.86 60.6 83.6

Table 4: Different measures of timetable quality. The scheduled travel time is computed
as the the average travel time for all trains, where the average travel time for each train
is computed as the difference between the scheduled departure time from the first station
and the scheduled arrival time at the terminal station; the average delay is computed as
the average arrival delay to the terminal station for all trains; the TPI (i.e. the timetable
performance index proposed by Warg (2016)) which is computed as the weighted sum of
scheduled travel time and average delay multiplied by the delay cost factor, which have been
chosen to 3.5 which is the national value used in Sweden; the punctuality is computed at
the arrival to the terminal station and a train is considered to be on time if it arrives within 5
minutes and 59 seconds from the advertised time, which is the method used in Sweden.

to be rescheduled).

6 Conclusions and future work

This paper considers the problem of minimizing the weighted sum of scheduled travel time
and average delay for a given set of departures on a double-track railway line. The main
contribution is a model to predict the average delay of railway operations, which can be
included in the formulation of the train timetabling problem. The model have been validated
and evaluated by a simulation study on a part of the Swedish Southern Main Line and based
on the experiments we draw the following conclusions.

• For fast passenger train (which have few or none stops and high priority) the delay
prediction model achieves accurate predictions.

• By including the delay prediction model in the timetable planning process it seems to
be possible to reduce the average delays and improve the punctuality.

• In the computational experiments the arrival delays and increased punctuality have
been reduced on average by approximately 40% and 8%, respectively.

It has also been observed that the standard deviation is relatively large for the observed de-
lays in the rescheduled timetables. Future work could therefore aim at including a prediction
of the covariance matrix for the resulting timetable, aim to minimize the variability of the
arrival and departure times of the train, as well as improving the accuracy of the predicted
average delay by developing alternative models.
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Högdahl, J., Bohlin, M., and Fröidh, O. (2018). A combined simulation-optimization ap-
proach for minimizing travel time and delays in railway timetables. Manuscript submitted
for publication.
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