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Abstract: In railway stations, there are two track utilization policies: fixed and

flexible. Under fixed track utilization, platform tracks are grouped as inbound and

outbound parts associated with directions. The trains from the same direction occupy
the tracks in each part, and the platforming problem can be considered separately.

Under flexible track utilization rule, trains can be assigned to any platform track con-

sidering the station layout, which provides more flexibility when platforming. However,
it naturally causes a more complex platforming problem. In this paper, we address the

train platforming problem in a multi-directional station under flexible track utilization

policy. A mixed-integer linear programming formulation is proposed to assign trains to
the station’s resources without conflict routes. The objective function is to minimize

total weighted delays of trains in which weight refers to the importance level of each

train. Previously published studies have only been carried out in small stations with
limited trains. However, this study considers busy and complex stations, accommo-

dating more than 1000 trains, and unlike the previous studies, a genetic algorithm is
proposed to obtain near-optimal solutions in a short time. Computational analyses are

conducted on derived test problems. We construct test problems based on planning

periods and traffic volume levels. The performances of the mathematical model and
the genetic algorithm are presented in terms of both solution quality and solution time.
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1. Introduction

The past decade has seen increasingly rapid advances in the field of railway systems

depending on economic development. The scale and complexity of the system may

bring a lot of planning problems related to optimization. These problems can be

categorized as strategic, tactical and operational level based on the planning horizon.

Strategic-level planning problems focus on future infrastructure of railway network.

Tactical-level problems include offline problems such as train timetabling, train plat-

forming and rolling stock scheduling. Rescheduling problems on day-to-day basis are

classified as operational-level planning problems. We refer readers to reference [9] for

railway track allocation problems at different decision levels.

A well-known example of tactical-level problems is train platforming problem (TPP)

which is also known as the track allocation problem. TPP basically involves assign-

ment of trains to the station’s resources within station providing conflict-free routes.

The complexity of the problem depends on not only the number of trains, but also

characteristics of the station’s resources such as lines, platform tracks and switches.

The large scale and high-density railway stations, especially multi-direction railway

stations in which switch area is more complicated, make the problem difficult. Fur-

thermore, TPP with assignment restrictions such as train length and dead-end plat-

form tracks becomes extremely challenging. In this paper, we concentrate on TPP

with multi-direction lines, complicated switch area and assignment restrictions in a

specific railway station.

The main input of TPP is a daily timetable which is output of train timetabling

problem and it can be said that these planning problems are strongly interconnected.

Several studies ([6],[15]) addressed these integrated problems. The study of [6] deals

with scheduling problem of additional trains into a busy timetable considering ca-

pacities of the stations. The authors formulated a bi-objective mixed integer linear

programming model to minimize the total travel time of the additional trains and

minimizes the adjustment on the existing trains at the same time. In another recent

study ([15]), the authors considered rescheduling problem of timetables and platform

schedules under planned track maintenance. They developed 0-1 integer mathemat-

ical model to adjust the timetable and platform schedules in a such manner that

deviation from the planned schedules is minimized. However, in these studies, topol-

ogy of the considered stations is simple and detailed characteristics of the TPP such

as multi-lines, dead-end tracks are negligible. Another integrated version of TPP is

with train unit shunting problem. [13] consider the routing and scheduling of trains

and locomotives in a station. They firstly proposed a 0-1 integer programming model

and this model is decomposed with decomposition methods based on Lagrangian re-

laxation and Alternating Direction Method of Multipliers.

Multi-direction stations can be described as stations in which more than two main

lines are merged. Although these stations are very common in the world, especially in

European countries, there is relatively small body of literature that directly focused

on TPP in the multi-direction stations. [16] deal with TPP in a multiple direction sta-

tion from passenger and infrastructure perspectives. A multi-objective nonlinear 0-1
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integer programming model is developed to balance the usage of arrival–departure

tracks and minimize the walking time of passengers in the station. In a follow-up

study, [17] proposed a track occupancy plan for a multi-direction station considering

rolling stock plan, and resources in the station throat area. An integer linear mathe-

matical model is formulated for the problem, and capacity of station is discussed from

the point of view of the station’s resources.

There are two station track utilization policies about assignment of trains to the

platform tracks: fixed and flexible. The platform tracks in the station are grouped as

inbound and outbound parts associated with directions under fixed track utilization

rule and tracks in each part serves the trains from the same direction. However,

the flexible utilization policy provides assignment of trains to any platform track

considering station layout. In recent years, several studies ([17], [15]) pay particular

attention to track utilization policies. Although flexible track utilization policy makes

the problem more challenging, the results of [15] indicated that better timetables are

provided under this policy.

TPP has been widely addressed in the railway optimization literature and many so-

lution approaches have been developed. Some of the most popular approaches are

integer programming models, branch and cut approach, and heuristic/metaheuristic

methods.When the studies using mathematical models are taken into account, [22]

presented a mathematical model formulation based on the node packing problem for

routing trains through railway stations. [1] developed two 0-1 integer programming

models based on the study of [3]. The computational results indicated that TPP

with 200 trains and 14 tracks can be solved with integer-programming technique.

[23] improved the model and the algorithm of [22] including shunting decisions and

preferences of trains for platforms and routes. [11] considered TPP on the tacti-

cal and strategical level and developed a mixed integer programming model. This

model is an extended version of [1] accounting for different route durations calculated

from maximum route speeds and train lengths. In addition to these studies, graph

coloring and node packing formulations are commonly used, see e.g., [5] and [22].

[3] proposed an efficient metaheuristic algorithm based on graph coloring for TPP

in which there are six stations with different number of trains and platform tracks.

Another approach to handle TPP is the branch and cut algorithm. [22] developed

a solution procedure based on a branch-and-cut approach and solution approaches

are tested in data from the station of Zwolle in the Netherlands. [2] handled train

platforming problem which is a case study from the Italian Infrastructure manager.

The authors proposed a pattern incompatibility graph and designed a branch-and-

price-and-cut method. One of the widely used solution approaches in the literature

is heuristic/metaheuristic algorithms. [7] addressed reallocating trains to platforms

at stations in case of slight schedule changes or major disruptions and developed a

greedy interchange heuristic algorithm for the problem. Other solution approaches

in the literature include constraint programming methods, hybrid metaheuristic al-

gorithms and simulation methods. We refer the readers to [4], [10], [15], and [14] for

more details.

In Table 1, we compare all these studies on the topic of TPP in the key dimensions
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Table 1. Literature review

Study Track Utilization Policy Direction Objective Solution Method Problem Size

[22] - -
Max number of
trains

Mathematical
model and BC

18 trains

[23] - -
Maximize number
of trains

BC
80 trains per
hour

[4] - - Min cost Heuristic algorithm 491 trains

[1] - -
Max addition of
cuts

IP based on GC 200 trains

[10] - -
Min delay of
trains

CP 491 trains

[5]) - -
Min delay of
trains

Two alternative
graph formulations

80 trains in
one hour

[2] - -
Min deviation
from “desired”
times

branch-and-price-
and-cut method

237 trains

[11] - - Min penalties MIP 160 trains

[6] Fixed -

Min total travel
time and
adjustment of the
existing trains

Three stage
optimization
method

70 trains

[16] Fixed Multi

Min the variance
between the total
occupation time
of each track and
walking time

BINLP and SA-
based algorithm

66 trains

[17] Flexible Multi
Min total
occupation time
of resources

MIP
49 trains in
two hours

[15] Flexible Single

Min cancellation
costs and
weighted train
travel times

BILP, Lagrangian
Relaxation and
Alternating
Direction Method
of Multipliers

40 Trains

[20] - Single
Min negative
impact of
delays

MIP
70 trains in
six hours

[18] Flexible Single
Min total
weighted train
running cost

BILP 48 trains

[19] Fixed Multi
Min balanced
buffer time

MIP and GA 49 trains

This paper Flexible Multi
Min total
weighted delay of
trains

MIP and GA 1047 Trains

of track utilization policy, direction, objective function, solution method and problem

size. As can be seen from the Table 1, there is a clear trend towards routing of

trains in the multi-direction stations under track utilization policy. In this paper, we

consider TPP in a multi-direction station under flexible track utilization policy. To

the best of our knowledge, there is only one study, namely that of [17], that focuses on

track allocation problem in the multi-direction stations under flexible track utilization

policy as we do. However, compared to [17], the considered problem in our study

is obviously more complex in terms of planning period, traffic density and station

layout. In addition to this, they proposed a mixed integer programming model to

obtain solutions for two hours. This problem is at least NP-hard problem, where an

optimal solution cannot be found in reasonable time, as the problem size increases.

So, we proposed a genetic algorithm to solve large scale TPP.

This study makes the following three contributions to the state-of-the-art in the train
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platform problem:

• We addressed TPP under flexible track utilization policy in a busy and complex

multi-direction station. Platform tracks, lines, and switches are considered in

this model. Furthermore, unlike previous studies, we also paid attention to the

unidirectional platform tracks which are called as dead-end tracks.

• We present a new mixed integer linear programming model for assignment of

trains to the station’s resources without conflict routes. The aim is to minimize

total weighted delays of trains in which weight refers the importance level of

each train.

• A genetic algorithm is designed to quickly obtain the near-optimal solutions for

test problems that are derived based on planning periods and traffic volume

levels.

2. Problem description and mathematical model

In this section, a detailed problem description and MILP formulation is given.

2.1. Problem description

Stations in railway networks can be generally separated into two categories according

to the number of railway lines traversed: single-line stations and multi-line stations.

Single-line stations are only traversed by one railway line while multi-line station is

intersection point of more than one railway line. For better explanation, we give an

illustration of a railway network in Figure 1. Stations C, D, and F are located on the

blue railway line and Stations A, B and E belong to red railway line. Station X is a

connection station of these two railway lines, so it is a multi-line station.

The most important resource of a multi-line railway station is switches. The trains

occupy some group of switches to arrive at/depart from a platform track. They are

shared resource for trains since only one train can operate a switch at a time.

In Figure 2, a detailed layout of a multi-line station is presented. The right side (R)

of Station X is linked to Station B and D with double track. On the left side (L) of

the considered station, the railway lines from Station C are equipped with quadruple

track, while those from Station A are double-track. The trains go from the in-route

over the platform to the out-route. The in-route train 3 from Station A arrives at

platform track 6J by passing through switches (1, 2, 7, 8) and the switches (25, 27,

28, 11) are on the out-route of this train. Similarly, the in-route train 2 coming from

Station C line 1 must pass switches (9, 7, 6, 5, 11, 17) and arrives at platform track

3S. If train 2 and train 3 arrive at the station simultaneously, one of these must wait

outside the station since both of them use the switch 7. The situation where at least

one switch is shared for adjacent in-route or out-route trains can be defined as route

conflict and it causes the train delays.
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Figure 1. Railway network

Under flexible track utilization rule, the in-route and out-route trains can be assigned

to any platform tracks connected with their directions. In Figure 2, the trains coming

from Station B can be dwell at any platform track based on this rule. However,

when fixed track utilization rule is applied, platform tracks are classified according

to their direction and the trains from the same direction can be only assigned to

tracks in each class. So, assignment of trains running between station B and station

D to a platform track can not be realized. Therefore, it is reasonable to handle track

allocation problem in multi-line stations under flexible track utilization policy.

In real life, railway stations are more complex and each platform track is not standard.

Standard platform tracks are easily accessible from both directions. However, some

platform tracks are dead-end. In Figure 2, track 1S can not serve to the Train 5 since

it runs from Station D to Station C. Similarly, Train 2, 3 and 4 can not be assigned

to platform track 1J. Therefore, we take the assignment limitation of platform tracks

into account.

2.2. Mathematical model formulation

In the considered TPP in a multi-direction station, we assume that an ideal timetable

and detailed station infrastructure are provided and all parameters are known and

given in integer values. The sets, parameters, and variables used in the mathematical

formulations are given as follows:

Sets

N : Set of trains, indexed by i,j

M : Set of platform tracks, indexed by l,m

R : Set of switches, indexed by r

K : Set of signals, indexed by k, k
′
, k

′′
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Figure 2. An example of multi-lines station

Parameters

αj : weight of train j

hlj : running time for train j between signal and platform on the left side

hrj : running time for train j between signal and platform on the right side

paj : planned arrival time of train j to the entry signal

pdj : planned departure time of train j from platform

vj : dwell time of train j

bjl : 0–1 parameter, equal to 1 if there exists a suitable infrastructure-based route

(track and switch connectivity) from the arrival and departure tracks of train j to

platform track l, 0 otherwise

γajlr : 0–1 parameter, equal to 1 if in-route train j use switch r to reach platform

track l, 0 otherwise

γdjlr : 0–1 parameter, equal to 1 if out-route train j use switch r to reach platform

track l, 0 otherwise

ej : in-route and out-route side parameter for train j

Hj : total running time on switch area for train j

βaj : entry signal of train j

βdj : exit signal of train j
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δj : running time for an in-route train j

th, ts, tp : minimum headway time for signal, switch and platform

M : A big enough positive integer

Decision variables

sjk : actual departure time of train j from signal k

Tj : delay of train j

adj : actual departure time of train j from platform

wsj : waiting time of train j at entry signal

wpj : waiting time of train j at platform

xjl : 0–1 binary train assignment variables, equal to 1 if train j is assigned to

platform track l, 0 otherwise

ypij : 0–1 binary platform-conflict decision variables, equal to 1 if train j arrives to

the platform before train i, 0 otherwise

ysijk : 0–1 binary signal-conflict decision variables, equal to 1 if train j arrives to the

signal k before train i, 0 otherwise

ym
′

ij : 0–1 binary switch-conflict decision variables for in-route/in-route, equal to 1 if

train i uses the switch before train j, 0 otherwise

ym
′′

ij : 0–1 binary switch-conflict decision variables for in-route/out-route, equal to 1

if train i uses the switch before train j, 0 otherwise

ym
′′′

ij : 0–1 binary switch-conflict decision variables for out-route/out-route, equal to

1 if train j uses the switch before train i, 0 otherwise

In this paper, signal index k refers to entry/exit signal in the each double track. As

illustrated in Figure 3, entry signal of train j and exit signal of train i are signal k
′
.

The actual departure time of train j from entry signal k
′

(sjk′ ) is sum of planned

arrival time of train j to the entry signal (paj ) and waiting time of train j at entry

signal (wsj ). After the running time between signal and platform (hrj ), it arrives to the

platform and stays for dwell time (vj). Actual departure time of train j from platform

is bigger than planned departure time of train j from platform. The difference of them

refers to delay of train j and in this case, it is naturally equal to wsj . At the time sjk′′ ,

train j leaves the station. After a while, train i arrives to the entry signal at the time

pai and the actual departure time of train j from entry signal k
′′

(sjk′′ ) is equal to pai
value, since train does not wait at entry signal (wsi=0). However, this train waits on

the platform for wpi in addition to dwell time. Similar to train j, train i is delayed

and Ti value is equal to wpi in this case. As can be seen from Figure 3, arrival and

departure direction of train q is same and sqk′′ should be calculated for arrival and

departure case. This train arrives and departs to/from station on time. So, wsq , w
p
q

and Tq values are zero.

The running time of an in-route/out-route train on the switch area (signal/platform

- platform/signal) depends on not only train speed but also arrival/departure side

of train. To achieve more compact formulation, we purify the sides of station from

the model. Based on in-route/out-route side of trains (ej), we determine the running

time on the switch area(Hj) and running time between entry signal and platform for
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Figure 3. Time space network

in-route train (δj). These parameters’ values are given as follows:

ej =


1, if in-route side of train j is left and out-route side of train j is left (L-L)

2, if in-route side of train j is left and out-route side of train j is right (L-R)

3, if in-route side of train j is right and out-route side of train j is left (R-L)

4, if in-route side of train j is right and out-route side of train j is right (R-R)

Hj =


2hlj , ej = 1

hlj + hrj , ej = 2 or ej = 3

2hrj , ej = 4

δj =

{
hlj , ej = 1 and ej = 2

hrj , ej = 3 or ej = 4

The objective (2.1) of the proposed TPP model is the minimization of the total

weighted delays in which weight is associated with train priorities. Note that delay

of a train can occur at the two station points: entry signal and platform.

Minz =
∑
j=1

αjTj (2.1)

The proposed model includes following constraints:

(I) Calculation Constraints

These group of constraints (2.2)-(2.5) are formulated for calculating the values of

decision variables. The actual departure time of a train from signals is expressed in
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constraints (2.2) and (2.3). For an in-route train, it is equal to sum of planned arrival

time of the train to the entry signal and waiting time at this location. Dwell time,

running times on switch area and waiting time at platform should be also included

for calculation of actual departure time of a train from exit signal.

sjk = paj + wsj ∀j, k, β1
j = k (2.2)

sjk = paj + wsj + vj + wpj +Hj ∀j, k, β2
j = k (2.3)

The constraint (2.4) is formulated for actual departure time of a train from platform.

Based on this decision variable, delays of trains are calculated in constraint (2.5).

adj = sjk + wpj + vj + δj ∀j, k, β1
j = k (2.4)

Tj ≥ adj − pdj ∀j (2.5)

(II) Assignment Constraints

Equations (2.6) and (2.7) are platform assignment constraints. Constraint (2.6) en-

sures that each train must be assigned to a platform track and this track should be

met platform eligibility conditions.∑
l

xjl = 1 ∀j (2.6)

xjl ≤ bjl ∀j, l (2.7)

(III) Conflict Resolution Constraints for Platform, Signal and Switch

To present route conflicts, we primarily focus on the station’s resources where trains

overlap and we determine three resources on the station: Platform, Signal and Switch.

Figure 4. Illustration of a platform conflicts

adj + tp ≤ sik + δi +M(3− xjl − xil − ypij) ∀i, j, k, l i 6= j, β1
i = k (2.8)
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adi + tp ≤ sjk + δj +M(2− xjl − xil + ypij) ∀i, j, k, l i 6= j, β1
j = k (2.9)

ypij + ypji = 1 ∀i, j i 6= j (2.10)

In Equation (2.8)-(2.10), conflict resolution constraints for platform are expressed.

A platform cannot be used by two trains at the same time, and this restriction is

illustrated in Figure 4. In addition to this, there should be a minimum headway time

for platform between trains. These constraints guarantee that platform usage time of

trains which are assigned to same platform can not overlap.

sjk − sik ≥ δi + ts ∀i, j, k i < j, β1
i = k, β1

j = k, pai ≤ paj (2.11)

sjk − sik ≥ δi + th −M(ysijk) ∀i, j, k i 6= j, β2
i = k, β2

j = k (2.12)

sik − sjk ≥ δj + th −M(1− ysijk) ∀i, j, k i 6= j, β2
i = k, β2

j = k (2.13)

ysijk + ysjik = 1 ∀i, j, k i 6= j, β2
i = k, β2

j = k (2.14)

One of the resources that cause route conflict is signal. Constraints (2.11)-(2.14)

represent signal resolution constraints. If two consecutive trains enter to the station

from signal k, first train departs from the signal based on first come first serve principle

and this restriction is illustrated in Figure 5. Constraint(2.11) ensures that a signal

cannot be used by two trains at the same time. Similarly, for the trains which are

potentially overlapping in time at the same exit signal, we enforce separation of their

signal usage time intervals with the help of Big-M method in Constraints (2.12) and

(2.13). Note that, if train i and j are using two different signals, no time separation

is enforced between them. Constraint (2.14) ensures that only one of the two trains

arrives at the signal first.

Figure 5. Illustration of signal conflicts
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Similar to platform and signal constraints, we have to formulate conflict resolution

constraints for switch to avoid that two trains using the same switch at any given

time. These are given in the set of constraints (2.15) - (2.23). Unlike other conflict

resolution constraints, we should consider in which route(In/Out) they encounter in

switch area. So, separation of their switch usage time intervals are formulated based

on trains’ route: (i) In-route / In-route, (ii) In-route / Out-route, (iii) Out-route /

Out-route. These conflicts are illustrated in Figure 6.

Figure 6. Illustration of switch conflicts

(i) In-route / In-route : For two in-route trains that arrive from different signals and

passing a switch in common, we enforce separation of their switch usage time intervals

by using Constraints (2.15) - (2.17).

sim − sjk ≥ δj + ts −M(ym
′

ij )−M(2− xjl − xiq) ∀i, j, l, q, k,m i 6= j, l 6= q,

k 6= m, β1
i = m, β1

j = k,
∑
r

γ1
jlrγ

1
iqr ≥ 1 (2.15)

sjk − sim ≥ δi + ts −M(1− ym
′

ij )−M(2− xjl − xiq) ∀i, j, l, q, k,m i 6= j, l 6= q,

k 6= m, β1
i = m, β1

j = k,
∑
r

γ1
jlrγ

1
iqr ≥ 1 (2.16)

ym
′

ij + ym
′

ji = 1 ∀i, j i 6= j (2.17)

(ii) In-route / Out-route : To prevent conflict in switch area for an in-route train i and

an out-route train j, constraints (2.18) - (2.21) are used. These are formulated based

on track assignment of these trains. More specifically, if the trains are assigned to

different platform tracks, constraints (2.18) and (2.19) guarantee conflict-free routes.

The upper bound of sum of sjk and ts comes before the lower bound of sim or

upper bound of sum sim, δi and ts comes before the lower bound of sjk. In case of



E. Akyol Özer, T. Saraç 13

assignment to same platform track, the outbound train j should leave firstly and after

minimum headway time for platform, in-route train i moves towards the platform.

The constraint (2.21) ensures that only one of the two trains arrives at the switch

first.

sjk − sim + ts ≤M(ym
′′

ij ) +M(2− xjl − xiq) ∀i, j, l, q, k,m i 6= j, l 6= q,

k 6= m, β2
j = k, β1

i = m,
∑
r

γ2
jlrγ

1
iqr ≥ 1 (2.18)

∑
m=1,β1

i =m

sim + δi + ts ≤ adj +M(1− ym
′′

ij ) +M(2− xjl − xiq) ∀i, j, l, q i 6= j,

l 6= q,
∑
r

γ2
jlrγ

1
iqr ≥ 1 (2.19)

sjk − sim + tp ≤M(2− xjl − xil) ∀i, j, l, k,m i 6= j, m 6= k, β2
j = k,

β1
i = m,

∑
r

γ2
jlrγ

1
ilr ≥ 1 (2.20)

ym
′′

ij + ym
′′

ji = 1 ∀i, j i 6= j (2.21)

(iii) Out-route / Out-route : This is the case when two outbound trains depart from

different signals and they use a switch in common. So, in constraints (2.22) and

(2.23), we impose that their usage time intervals do not overlap. We also leave a

minimum headway time for switch between each subsequent trains. The constraint

(2.24) ensures that only one of the two trains arrives at the switch first.

∑
m=1,β2

i =m

sim + ts ≤ adj +M(ym
′′′

ij ) +M(2− xjl − xiq) ∀i, j, l, q i 6= j, l 6= q,

∑
r

γ2
jlrγ

2
iqr ≥ 1 (2.22)

∑
k=1,β2

j =k

sjk + ts ≤ adi +M(1− ym
′′′

ij ) +M(2− xjl − xiq) ∀i, j, l, q i 6= j,

l 6= q,
∑
r

γ2
jlrγ

2
iqr ≥ 1 (2.23)

ym
′′′

ij + ym
′′′

ji = 1 ∀i, j i 6= j (2.24)
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Finally, the domains of the decision variables are given in group of constraints (2.25)-

(2.29).

sjk ≥ 0 ∀j, k (2.25)

Tj , a
d
j , w

s
j , w

p
j ≥ 0 ∀j (2.26)

xjl ∈ {0, 1} ∀j, l (2.27)

ysijk ∈ {0, 1} ∀i, j, k (2.28)

ypij , y
m′

ij , y
m′′

ij , ym
′′′

ij ∈ {0, 1} ∀i, j (2.29)

3. Genetic algorithm

The genetic algorithm (GA), firstly proposed by [8], is a population-based meta-

heuristic algorithm inspired by Charles Darwin’s theory of natural evolution. GA

has a powerful search capability and is comprehensively used in various railway op-

timization problems such as train platforming problem ([20]) and train timetabling

problem ([12]).The procedure of GA involves generation of initial population, fitness

calculation procedures, selection, crossover and mutation. A brief description of the

our GA implementation procedure is presented in the following section.

Initial Population Procedure: GA maintains a set of feasible solutions, called popu-

lation, where each potential solution is represented by a chromosome. Chromosomes

of the our GA are an n bit string where n is equal to number of trains. All the genes

of the chromosome have values between 1 and m (number of platform tracks). An

example of the our chromosome encoding scheme is shown in Figure 7.

Figure 7. Chromosome encoding scheme
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As can be seen from the left side of Figure 7, the chromosome denotes a platform

track assignment plan for six trains in a small station with three tracks. For instance,

the value of the 2nd gene is equal to 1. This means that train 2 is assigned to platform

track 1. All the track assignments of trains based on this chromosome are shown in

right side of Figure 7.

Initial population is generated by a purely random assignment of trains to the tracks.

The solution representation guarantees that ensure assignment constraints in con-

straint (2.6). However, constraint (2.7) should be also assured to prevent infeasible

solutions. Therefore, gene values are generated based on platform eligibility condi-

tions of related train.

Fitness Function Procedure: The fitness value of a chromosome is defined as the

objective function of the problem which is equal to total weighted delay in our TPP.

The chromosome representation gives the value of the decision variable xjl, which

gives information about a particular train’s platform track assignment. However, the

values of the remaining decision variables are still unknown. For instance, train 2

and train 4 are assigned to platform track 1 in Figure 7 and we have no information

on which train will use the platform track first. So, we determine first train based

on first come first serve rule (FIFO) in case of route conflicts. Similar to conflict

resolution constraints for platform, signal and switch (2.8)-(2.23), waiting times,

delays of trains can be calculated based on this information. Therefore, the fitness

function evaluates all potential switch, signal, and platform track conflicts, and

assigns waiting times to these trains. This mechanism provides operationally feasible

schedule.

Selection: The selection phase determines which chromosomes in the current

generation will be chosen for reproduction offspring. One of the selection methods

is tournament selection. This operator randomly selects k individuals from the

population each time and chooses the one with the best fitness value. This continues

until the number of selected chromosomes is equal to the population size. [21]

proved that the tournament selection is more efficient than other methods in terms

of convergence and computational complexity. In this paper, we adopted the widely

used tournament selection strategy with tournament size k=4. In addition, elitism

strategy is also used to prevent loss of the best chromosomes. The number of elitist

chromosomes is equal to the top 5% of chromosomes in the population.

Crossover : Crossover combines the genetic information of two parents to generate new

children. The proposed GA has a uniform crossover operator. In a uniform crossover,

the chromosome does not divide into segments, we treat each gene separately based

on a binary mask formed by 0/1 digits. In the mask, ”0” means that the gene’s donor

is parent 1 for child 1. Otherwise, the donor is parent 2. A sample crossover is given

in Figure 8. 2nd gene of the binary mask is equal to ”1”. In this case, child 1 gets the

2nd gene of parent 2 and gene of child 2 is copied from parent 1. Similarly, the 5th

gene value of the binary mask is ”0”, child 2 gets the 5th gene of parent 2. As can be

seen from the figure, only genes in the same point of each chromosome are changed,
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so eligibility constraints are still satisfied.

Figure 8. A sample crossover

Mutation: Selection and crossover produce different chromosomes. However, they

may not be a sufficient variety of chromosomes. So, a mutation operator can help

converge to the optimal solution. In our GA, a random number is generated for each

gene. If the random number is smaller than the mutation rate, the value of the gene

is generated based on the initial population generation mechanism so that platform

eligibility conditions are considered. The value of the gene does not change if the

random number is greater than the mutation rate.

4. Computational results

In this section, we present the results of the proposed mathematical model and GA

for derived test instances based on a railway station in Europe. The proposed MILP

model is solved with GAMS/CPLEX solver and the proposed GA is coded in Go

programming language. All instances in this paper are tested on a personal Windows

computer with i7-3610QM @ 2.3GHz CPU and 8.0GB RAM.

4.1. Test problems

Station layout is an essential part of TPP. To derive test instances for train platform-

ing problem, we use a virtual station structure considering busy and complex railway

station in Europe. It is comprised of 9 platforms and 16 platform tracks. Three of

them are unidirectional and can not be accessed by both sides of the station. The

rest of them are bidirectional and can be occupied by all trains. There are 5 main

lines within station and equipped with double track. The platform tracks and lines

are connected with more than 100 railway switches.

Test problems are constructed as small size (S), medium size (M) and large size (L)

based on planning period. t refers to the length of planning period. For S, M and

L size test instances, t values are 1 hour (60 min), 8 hours (480 min) and 24 hours

(1440 min), respectively. We assumed that each size test problem has three traffic
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volume level (tv) with different number of trains : low (tv=1), medium (tv=2) and

heavy(tv=3). In Table 2, planning periods, traffic volume levels and range for number

of trains (nt) in each level are summarised. The number of trains follows the uniform

distribution and of course, it is an integer. For instance, small size problems with

heavy traffic volume uniformly distributed between 40 and 50 trains.

Table 2. Parameters of problem sizes

Problem Size t tv Range for nt

Small 60 min
Low U[10,20]

Normal U[25,35]

Heavy U[40,50]

Medium 480 min

Low U[95,175]

Normal U[200,280]
Heavy U[305,385]

Large 1440 min

Low U[390,630]

Normal U[600,840]

Heavy U[810,1050]

The planned arrival time of trains to the entry signal (paj ) is also determined based

on length of planning period and traffic volume level. It is calculated as follows and

rnd is a uniform random number between 0 and 1.

paj =

{
pa1 = 0, paj+1 = paj + tv

nt , tv = 1

pa1 = 0, paj+1 = paj + (rnd tv

nt/2 ), tv = 2 or tv = 3

In the test problems, trains are categorized as three groups: international trains

(type I), regional trains (type II) and local trains (type III). We assumed that % 20

of number of trains are belongs to type I, % 50 of them are type II and the rest of

them are type III. The some of the related parameters to the trains are generated

depending on train types. These are given in Table 3:

Table 3. Related parameters with train type

Type I Type II Type III

vj

%94, vj=10
vj ∼ U[7,11]

%70, vj ∼ U[2,5]
%3, vj ∼ U[20,25] %10, vj ∼ U[7,8]
%3, vj ∼ U[50,100] %20, vj ∼ U[10,20]

αj 3 2 1

hlj 1 1 1

hrj 1 1 1

The minimum headway parameter for signal is set to two minutes, while minimum

headway parameter for switch and platform are assumed to be one minutes. The
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planning departure time of trains (pdj ) are calculated as sum of paj , δj and vj .

4.2. Test results

Randomly generated test problems are solved with both the proposed mathemati-

cal model and GA with a time limit of 7200 seconds. GA was performed with 10

repetitions. The results of small-sized problems are given in Table 4, the results of

medium-sized problems are given in Table 5, and the results of large-sized problems

are given in Table 6.

Table 4. Results of small-sized problems

Problem n
GAMS GA

Imp.%
z t rgap zmin zmean σ tmean

S-1-1 11 1 0.31 0.00 1 1.00 0.00 6 0

S-1-2 14 0 1.06 0.00 0 0.00 0.00 7 0
S-1-3 12 0 0.44 0.00 0 0.00 0.00 7 0

S-1-4 16 0 0.80 0.00 0 0.00 0.00 8 0

S-1-5 19 2 1.33 0.00 2 2.00 0.00 9 0
S-2-1 26 19 8.11 0.00 19 19.00 0.00 12 0

S-2-2 33 33 46.03 0.00 41 41.00 0.00 14 -20

S-2-3 30 10 56.88 0.00 12 14.67 4.62 14 -17
S-2-4 31 29 269.39 0.00 29 36.33 9.45 18 0

S-2-5 26 5 44.52 0.00 6 6.00 0.00 12 -17
S-3-1 41 70 7200.00 0.36 46 50.67 4.16 301 52

S-3-2 48 221 7200.00 0.80 99 110.67 10.12 400 123

S-3-3 46 56 7200.00 0.16 59 63.67 4.16 351 -5
S-3-4 42 99 7200.00 0.28 75 78.33 3.06 334 32

S-3-5 43 62 7200.00 0.44 37 43.33 5.51 319 68

2428.59 14.47 14.4

Table 4 consists of four parts. In the first part, the names of the test problems

and number of trains(n), in the second part the details of the results obtained with

GAMS, in the third part the results obtained with GA, and in the last part, the

percent improvement values (imp.%) are given. The GAMS part consists of three

columns. The objective function value (z ) is given in the first column, the solution

time (t) in seconds in the second column, and the relative gap (rgap) in the last

column. The rgap value shows the objective function value how close the optimum is

as a percentage, and if it is equal to zero, it means that the optimum has been reached.

The GA part consists of four columns. In the first column, the most successful of the

ten solutions of a test problem obtained by GA (zmin) is given. The average of these

values (zmean) in the second column, the standard deviation in the third column, and

the average of solution time in seconds (tmean) in the last column are given. imp.%

value, given in the last part of the table, shows how successful the GA results are

compared to GAMS in percentage. If this value is negative, it means GAMS, if it

is positive, it means that GA finds a more successful solution. Percent improvement

values have been calculated using the formula in Equation (4.1).
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imp.% = ((z − zmin)100)/zmin (4.1)

As can be seen from the rgap column of Table 4, the optimum solutions of 10 out of

15 small-sized test problems and feasible solutions for the others have been obtained

within the time limit by GAMS/Cplex. Although GA lagged behind GAMS for a few

tests, it achieved significant success both by finding optimal solutions to 7 problems,

their optimal solutions are known, and by improving GAMS results by an average

of 14.47%. The fact that the mean objective function values of the GA are close to

the minimum value and the small standard deviation shows that the algorithm can

reach successful solutions for small-sized problems with less repetition. Moreover, the

average solution time of GA is shorter than GAMS.

Figure 9. Comparison of M Model and GA, (a) Comparison of Running Speeds for Small-
sized Problems, (b) Comparison of Obj. Value for Small-sized Problems, (c) Com-
parison of Running Speeds for Medium-sized Problems, (d) Comparison of Obj.
Value for Medium-sized Problems.

Although the structure of Table 5 is similar to Table 4, since a significant part of

the problems could not be solved with GAMS/CPLEX, the last part containing the

improvement values is not included in it. Table 5 reveals that GAMS/Cplex was

unable to find feasible solutions for all but 2 out of the 15 medium-sized test problems

within the given time limit. These solutions are optimum, as indicated by the rgap

column. On the other hand, GA was able to produce optimal solutions for the same
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2 problems, as well as feasible solutions for all the others. Additionally, GA had a

faster average solution time compared to GAMS. In order to better demonstrate the

effectiveness of GA in terms of both solution time and quality, Figure 4.2 includes

graphs displaying the results for the small and medium-sized problems.

Table 5. Results of medium-sized problems

Problem n
GAMS GA

z t rgap zmin zmean σ tmean

M-1-1 165 - 7200 - 28 30.00 2.65 572
M-1-2 130 - 7200 - 75 76.67 2.08 347

M-1-3 159 - 7200 - 40 40.00 0.00 433

M-1-4 114 4 1098 0 4 4.00 0.00 253
M-1-5 105 74 285 0 74 74.00 0.00 195

M-2-1 247 - 7200 - 305 364.00 57.11 752

M-2-2 270 - 7200 - 364 391.33 35.16 850
M-2-3 254 - 7200 - 7160 7167.33 6.43 808

M-2-4 204 - 7200 - 169 171.67 3.06 539

M-2-5 213 - 7200 - 181 182.00 1.00 572
M-3-1 371 - 7200 - 7140 7864.67 721.03 2268

M-3-2 381 - 7200 - 16693 18200.67 1399.04 2841
M-3-3 309 - 7200 - 1724 1857.67 162.82 1147

M-3-4 346 - 7200 - 2942 3440.00 464.68 1712

M-3-5 331 - 7200 - 1812 2460.00 569.00 1484

In TPP, simply the number of trains is not enough to accurately assess the effective-

ness of a proposed solution approach. What really matters is the number of trains

per unit of time, or the traffic density, which can greatly impact the complexity and

feasibility of the problem. For example, while GAMS/Cplex cannot reach optimal

solutions in 7200 time limit for small-sized test problems with heavy traffic density

(S-3), optimum solutions can be obtained for medium-sized test problems with low

traffic density (M-1-4,M-1-5) despite having more trains.

The test problems in Table 4 and Table 5 were divided into two groups: those for

which the optimal solution was obtained within the time limit, and those for which

only a feasible solution was obtained. For both groups, paired t-tests were conducted

using the results of the GA and the mathematical model. For the problems that only

feasible solutions could be obtained, the paired t-test indicates a statistically signif-

icant difference between GA and the mathematical model (t = -3.316, p = 0.029),

suggesting that the GA provides notably better performance on the larger and more

complex instances. In contrast, for the problems that the optimal solution is known,

the paired t-test results (t = 1.372, p = 0.197) show no statistically significant differ-

ence between GA and the mathematical model, as both methods produced identical

or very similar results on most instances.

In Table 6, the results of large-sized problems are presented. GAMS/Cplex was

unable to solve any of the large-sized problems within the time limit, so its results

are not included. However, GA was able to produce feasible solutions for all of the

test problems within a reasonable amount of time, as shown in the table.The large-



E. Akyol Özer, T. Saraç 21

Table 6. Results of large-sized problems

Problem n
GA

zmin zmean σ tmean

L-1-1 412 140 142.33 2.08 290

L-1-2 403 1634 1684.67 49.08 299

L-1-3 504 555 579.00 25.63 388
L-1-4 478 119 121.33 4.04 371

L-1-5 619 1413 1513.33 103.65 646

L-2-1 818 8429 9815.33 1355.62 1249
L-2-2 633 1131 1148.00 19.97 677

L-2-3 702 3029 3125.00 134.71 822

L-2-4 757 5032 5351.67 334.92 929
L-2-5 643 1227 1316.33 107.75 671

L-3-1 834 8239 8726.33 490.02 1076

L-3-2 895 16716 18916.00 2685.08 1625
L-3-3 894 23654 28353.00 5022.41 1984

L-3-4 1047 89501 91079.67 1536.41 4062
L-3-5 840 14281 14496.00 216.52 1389

sized problems used in our experiments, containing 403 to 1,047 trains, reflects traffic

volumes observed in major European and Asian railway stations, where traffic demand

fluctuates significantly depending on the time of day and season. By successfully

generating feasible solutions in a reasonable time across all these traffic levels, it can

be said that the proposed GA is suitable for real-world railway planning problems.

In summary, tests have shown that GA can successfully solve problems that GAMS/C-

plex fails. This success has been demonstrated by not only finding feasible solutions

for all test problems, but also having a reasonable standard deviation and solution

time.

5. Conclusion

In this paper, we have addressed the train platforming problem in a multi-direction

station under a flexible track utilization policy. A mixed-integer linear programming

(MILP) formulation was proposed to assign trains to the station’s resources without

conflicting routes. The objective function aimed to minimize total weighted delays of

trains, considering the importance level of each train. Due to the problem being NP-

hard, a genetic algorithm (GA) was also proposed to obtain near-optimal solutions

within a reasonable time frame.

Our computational analyses were conducted on test problems generated by consid-

ering traffic volume levels and planning periods, which distinguishes this study from

previous works. The performance of the mathematical model and the genetic algo-

rithm was assessed in terms of both solution quality and solution time.

Based on our findings, the following conclusions were reached: (1) The MILP for-

mulation is effective in solving the train platforming problem under a flexible track

utilization policy. It provides optimal solutions for small and medium-sized instances.
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However, for larger instances, the computational time required to obtain an optimal

solution may be prohibitively long. (2) The genetic algorithm can provide near-

optimal solutions within a relatively short time for larger instances. It is a suitable

alternative when computational time is a critical factor, especially for real-time or

time-sensitive applications. (3) The flexible track utilization policy offers more effi-

cient platforming and potential improvements in train punctuality. Nevertheless, the

increased complexity of the problem should be considered when implementing this

policy in practice.

Future studies could focus on refining the genetic algorithm by incorporating advanced

operators, improving the population diversity, and exploring hybrid algorithms com-

bining MILP and GA approaches for more efficient problem-solving. It would also

be beneficial to investigate the impact of various traffic volume levels and planning

periods on the performance of the proposed models to provide better insights into

real-world applications. By addressing the train platforming problem under a flexi-

ble track utilization policy, this study contributes to the ongoing efforts to improve

railway operations and enhance the overall efficiency of transportation systems.
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