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In the forthcoming decades, railway transport is expected to
face a significant growth of traffic flows which will mostly
have to be accommodated over the existing infrastructures.
An increase of capacity utilization is needed to avoid reduc-
tion of reliability and punctuality of transport services.
Furthermore, energy-efficient operations and multimodality
opportunities are also topics of growing interest.

Intelligent railway operationsmanagement requires accu-
rate modelling and simulation of train and pedestrian traffic
flows and optimal management of key decisions at strategic,
tactical, and operational levels. This special issue focuses
on advanced mathematical modelling and optimal control
in the railway domain and related multimodal transport
networks.We aim to identify newmethods for improving the
effectiveness and efficiency of railway operations, including
the development of advanced algorithmic techniques for
timetabling, capacity management, infrastructure manage-
ment, and traffic and passengers flow management.

This special issue has selected a compendium of research
papers addressing recent theoretical and practical advances
on railway operationsmanagement. 32 paperswere submitted
to this special issue, 14 ofwhichwere accepted for publication.
As the guest editors of this special issue, we next summarize
the 14 accepted papers.

In the paper titled “A Short Turning Strategy for Train
Scheduling Optimization in an Urban Rail Transit Line: The

Case of Beijing Subway Line 4” byM. Zhang et al., the authors
propose a mixed-integer nonlinear programming model for
the train scheduling with consideration of short turning
strategy and train circulation plan. Mixed-integer linear
programming approach is used to solve this optimization
problem. Two case studies are carried out based on the
data of Beijing subway line 4. The simulation results show
that operation pattern with short turning train services can
acquire a better train schedule tomeet passenger demand and
a better train circulation plan.

In the paper titled “Integrated Optimization on Train
Control and Timetable to Minimize Net Energy Consump-
tion ofMetro Lines,” Y. Zhou et al. present an integrated opti-
mization model on train control and timetable to minimize
the net energy consumption with consideration of utilizing
regenerative energy. An improved model and algorithms on
train control are proposed to attain energy-efficient speed
profiles. Case studies on Beijing Metro Line 5 illustrate that
the improved train control approach can save traction energy
consumption by 20% in comparison with the commonly
adopted train control sequence in timetable optimization.

In the paper titled “Application of Data Clustering to
Railway Delay Pattern Recognition” by F. Cerreto et al., the
authors employ K-means clustering to identify recurrent
delay patterns on a high traffic railway line north of Copen-
hagen, Denmark. The clusters identify behavioral patterns
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in the very large (“big data”) data sets generated automat-
ically and continuously by the railway signal system. The
results reveal where corrective actions are necessary, showing
where recurrent delay patterns take place. The demonstrated
methodology is scalable and can be potentially transferred to
any system of transport.

In the paper titled “Defining Reserve Times for Metro
Systems: An Analytical Approach” by L. D’Acierno et al.,
the authors provide an analytical approach for determining
operational parameters for metro systems so as to support
the planning and implementation of energy-saving strategies.
They develop a suitable methodology for estimating reserve
times that represent the main rate of extra time needed to put
eco-driving strategies in place.The approach proposed by the
authors is applied in Line 1 of theNaplesmetro system, whose
service frequency was duly taken into account, to analyze
operation configurations and to quantify the amount of saved
energy.

In the paper titled “Using Smart Card Data Trimmed by
Train Schedule to Analyze Metro Passenger Route Choice
with Synchronous Clustering,” W. Li et al. analyze smart
card data in Shanghai metro systems to understand mobility
patterns. To do that, they cluster travelers and smart card
data transactions by looking at the pure travel time. This
is then appropriately converted to a model of route choice
throughout the network. They found out that those steps can
improve substantially the amount of insight into the travelers’
behavior.

In “A Simulation Platform for Combined Rail/Road
Transport in Multiyards Intermodal Terminals,” X. Chen et
al. tackle multimodal freight terminals where the combina-
tion between road and rail transport is investigated by means
of simulation in terminals featuring multiple rail yards. The
key features of the proposed approach based on Time Petri
Nets are an increased realism of train operations and con-
tainer movements in Qianchang railway terminal, including
train routing dispatching rules. The validation on historical
data allows evaluating influence of design parameters on
container operations.

In the paper titled “On Individual RepositioningDistance
along Platform during Train Waiting,” F. Leurent and X.
Xie propose a stochastic model in which user's journey
is decomposed into phases of, successively, walking in the
access station, platform positioning, waiting for boarding,
train riding, and walking in the egress station. Egress times
and exit instants are random variables that are characterized
by distribution and mass probability functions under closed
form for both single and distributed walking speed. Maxi-
mum likelihood estimation is proposed and applied to a case
study of commuter rail line in Paris, France, with satisfactory
numerical results.

In the paper titled “Efficiency Assessment of Transit-
Oriented Development by Data Envelopment Analysis: Case
Study on the Den-en Toshi Line in Japan,” J. Guo et al. assess
the efficiency of Transit-Oriented Development (TOD), that
is, an urban planning approach that encourages a modal
shift from private to public transportation, by applying the
Data Envelopment Analysis (DEA) method. The ridership
of public transportation is considered as the direct output

characteristic of TOD efficiency, and nine indicators of
ridership are selected as inputs of TOD. The Tokyo Den-en
Toshi Line in Japan is investigated as a typical case of TOD.

In the paper titled “Stop Plan of Express and Local
Train for Regional Rail Transit Line” by Q. Luo et al., the
Logit model is used to analyze the behavior of passengers
choosing trains by considering the sensitivity of travel time
and travel distance. Based on the composition of passenger
travel time, an integer programming optimization model for
train stop scheme is proposed, which aims at minimizing the
total passenger travel time for a certain regional rail line in
Shenzhen. Genetic Algorithms are used to solve the problem.
The simulation result shows the feasibility of the proposed
model and the efficiency of the proposed algorithm.

In the paper titled “Fuzzy Approach in Rail Track
Degradation Prediction” by M. Karimpour et al., an adaptive
network-based fuzzy inference system (ANFIS) model is
proposed to estimate rail track degradation for the curves and
straight sections of Melbourne tram track system. A fuzzy
approach is proposed due to the nonlinear andnoisy nature of
the data according to the data that were available on the Mel-
bourne tram network. Experimental results demonstrate that
the developed model is capable of estimating the long-term
behavior of rail tracks and predicting the gauge values with
an R2 of 0.6 and 0.78 for curves and straights, respectively.

In the paper titled “PULSim: User-Based Adaptable
Simulation Tool for Railway Planning and Operations,” Y.
Cui et al. introduce a user-based, customizable platform to
provide the ability of defining sophisticated workflows for
users. As the preconditions of the platform, the design aspects
for modelling the components of a German railway system
and building the workflow of railway simulation are elabo-
rated. Based on the model and the workflow, an integrated
simulation platform with open interfaces is developed. Users
and researchers gain the ability to rapidly develop their own
algorithms, supported by the tailored simulation process in a
flexible manner.

In the paper titled “The Planners’ Perspective on Train
Timetable Errors in Sweden” by C.-W. Palmqvist et al., typical
errors in train timetables of railways, relevant reasons, and
potential benefits of new tools and processes are investigated
and reported through reviewing the state of practice and
the state of the art in timetable planning, studying the
research literature and railwaymanagement documents from
several European countries, and conducting interviews with
timetable planners in Southern Sweden.

In the paper titled “CalculationMethod for LoadCapacity
of Urban Rail Transit Station Considering Cascading Fail-
ure,” J. Huang et al. quantify the capacity of urban rail transit
stations in terms of number of passengers. Their paper relies
on an association network of facilities, set up based on the
analysis of passenger service chain in station. The analysis of
a case study of Lujiabang Road Station in Shanghai shows
that this algorithm can search for capacity bottlenecks and
help trace the load variation of facilities in different scenarios,
providing support for passenger flow organization.

In the paper titled “Optimal Operation of High-Speed
Trains Using Hybrid Model Predictive Control” by Y. Yang
et al., a control framework is proposed for the controller
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design of an automatic train operation (ATO) system. Firstly,
a piecewise linear system is constructed through piecewise
linearization of the Chinese high-speed train’s nonlinear
dynamics. Secondly, the piecewise linear system is trans-
formed into a mixed logical dynamical system. For the latter
system, a hybrid model predictive controller is designed to
realize the precise control. Simulation results validate the
effectiveness of the framework.

Taken together, these 14 papers point to interesting
research directions in mathematical modeling, simulation,
and particularly optimization to tackle practically oriented
railway operations management challenges in several coun-
tries worldwide, including China, Denmark, Italy, France,
Japan, Australia, Germany, and Sweden.

Andrea D’Ariano
Francesco Corman

Taku Fujiyama
Lingyun Meng
Paola Pellegrini
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In urban rail transit systems, train scheduling plays an important role in improving the transport capacity to alleviate the urban
traffic pressure of huge passenger demand and reducing the operation costs for operators.This paper considers the train scheduling
with short turning strategy for an urban rail transit line with multiple depots. In addition, the utilization of trains is also taken into
consideration. First, we develop a mixed integer nonlinear programming (MINLP) model for the train scheduling, where short
turning train services and full-length train services are optimized based on the predefined headway obtained by the passenger
demand analysis. The MINLP model is then transformed into a mixed integer linear programming (MILP) model according to
several transformation properties. The resulting MILP problem can be solved efficiently by existing solvers, e.g., CPLEX. Two case
studies with different scales are constructed to assess the performance of train schedules with the short turning strategy based on
the data of Beijing Subway line 4. The simulation results show that the reduction of the utilization of trains is about 20.69%.

1. Introduction

With the rapid development of the urban rail transit systems,
more and more researches pay attention to train scheduling.
Researchers have devoted themselves to optimize the train
schedule to assist help dispatchers make better decisions
meeting passengers and operators expectations.The objective
functions are most concentrated on enhancing passengers
satisfaction in terms of degree of crowdedness [1–3], passen-
gers waiting time [2, 4, 5] and passengers travel time [6, 7]
or reducing operation costs in terms of energy consumption
[6, 8–10], trains [11, 12], train travel time [13], etc. Not only
does the urban rail transit systems expand fast, but also the
passenger demand rises significantly. In the 15 urban rail
lines operated by Beijing Mass Transit Railway Operation
Corporation Limited, the numbers of sections (i.e., the trip
between two consecutive stations) where load factors are over
100% and 120% are up to 38 and 9, respectively. Note that
the load factor is a parameter to assess the performance of
a transport system. It is defined as the dimensionless ratio
of passenger-kilometers traveled to seat-kilometers available.
In 2016, China’s volume of passenger traffic reaches 16.09
billion per year except for five regional express rail lines

and eight modern trams, which shows an increase by 16.6%
compared to last year. Figure 1 shows a comparison between
the passenger flowof a quantity of Chinese cities in 2015, 2016,
and 2017 [14]. Under such huge pressure of large passenger
demand, several strategies are adopted for operators to tackle
it. For example, reducing the headway of departure times
to increase the number of train services, which is limited
by the capacity of urban rail transit line and minimum
turnaround time required by trains, adopting the capacity
restriction method like closing several stations that have large
passenger flow, offering plenty of discounts during low peak
period, and so forth. However, drawbacks remain in these
strategies such as the shortage of trains and the dissatisfaction
of passenger for inconvenience caused by using other means
of transportation. In particular, the passenger demand of an
urban rail transit line is not evenly distributed at all stations
but shows a tendency such as a convex curve that increases
gradually and then drops from the maximal volume point to
the end of the line or a curve like a ladder [15]. Due to the
unbalanced circumstance, train operation pattern with short
turning strategy is better to satisfy the unevenly distributed
passenger demand [16].
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Table 1: Summary of the relevant studies with short turning train scheduling.

Publication Objective Decision variables Solution
approach

Wang [26] minimize the number of trains short turning service headway and cycles fuzzy
optimization

Wang and Ni [23] minimize the passenger travel cost and
enterprise operation cost short turning offsets, turn back station ideal point

method

Canca et al. [21] reduce the passenger waiting time turn back points location, departure and arrival
times, short turning offsets MILP

Bai et al. [24] minimize the number of trains turn back point location, headway, turning
times

enumeration
method

Ghaemi et al. [22] minimize the delays and canceled services after
blockage

short turning stations routes and platform
tracks MILP

In past decades, plenty of models and algorithms have
been proposed to solve the train scheduling problem with
short turning strategy (Table 1). Furth [17] proposed schedule
coordination mode to denote the ratio between the number
of short turning train services and full-length train services.
They illustrated that the operation pattern with 1:1 schedule
coordination mode can provide a better performance than
train schedules with full-length train services for an OD
matrix obtained from a survey, which means that a short
turning service appears between two full-length services can
meet passenger demand better. Tirachini et al. [18] developed
a short turning model to optimize the frequencies, vehicle
sizes, and turnaround stations for the short turning and
full-length train services on a bus corridor. Only a single
operation period is taken into consideration in this work,
while Site and Filippi [19] focused on service patterns over
different operation periods for a bus corridor to minimize
the cost for users and operators by taking short turning
strategy and variable vehicle sizes into consideration. Leffler
et al. [20] dealt with the problem to determine where the
turnaround station for a short turning service is and when
a bus is a short turning service on a single bidirectional bus
line in real-time. Canca et al. [21] considered inserting short
turning services to deal with a disruption situation such as
infrastructure incidences for rapid transit systems with the
objective of diminishing the passenger waiting time. Ghaemi
et al. [22] also considered a situationwith a complete blockage
and presented a mixed integer linear programming model
to compute the train schedule by adopting short turning
strategy. As for the optimization problem of train scheduling
with short turning strategy in urban rail transit systems,
Wang andNi [23] set a nonlinearmixed integer programming
model with the objective of minimizing the passengers’ travel
costs, and the operating costs. Bai et al. [24] established
a model aiming at minimizing the trains according to the
spatial distribution of passengers to optimize and balance
train operation scheme. According to the prediction of pas-
senger flow and the amount of trains, Li et al. [25] discussed
the different operation patterns with different schedule coor-
dination mode and the choice of the turnaround station
based on the Line 1 in Shanghai, which is the first urban
rail transit line with short turning strategy. Wang [26] took
the passenger flow and trains into consideration with short
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Figure 1: Comparison of passenger flows in 2015, 2016, and 2017 for
the metro systems in the cities of China.

turning strategy based on a single line in urban rail transit
network and establish a multiobjective model to optimize
the train schedule by minimizing the number of trains
and the variance of the actual passenger capacity and the
expected passenger capacity. Hu [27] analyzed the cause of
disequilibrium passenger flow and the feasibility of operation
pattern with short turning strategy and evaluates the train
schedule by trains and the factor of loading.

Train circulation plan is also important for the train
scheduling because the number of the trains is limited. Chang
et al. [28] proposed an integrated optimization model for
train scheduling and utilization planning problems. Peeters
and Kroon [29] developed an integer programming model
to find an efficient railway train circulation on a set of inter-
acting train lines by a branch-and-price algorithm. Abbink et
al. [30] proposed a model to obtain an optimal allocation of
railway train with the objective to minimize the shortages of
capacity during the rush hours, where the optimal solution is
more effective than the manually planned one. Lai et al. [31]
developed amodelwhich covered a lot of characteristics, such
as train, inspection, utilization path, and operation. Corts et
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Figure 2: The layout of an urban rail transit line.

al. [32] took deadheading into consideration and proposed a
model to set the optimal value of frequencies and capacity of
vehicles, combining deadheading and short turning into an
integrated fleet management strategy.

The contribution of this paper is a train scheduling
model adopting short turning strategy to satisfy the passenger
demand for an urban rail transit line with multiple depots.
We integrate headway deviation and train circulation plan
for all train services to establish a mixed integer linear
programming model. We also take departure times, dwell
times, and train orders into consideration.

The remainder of the paper is structured as follows. Sec-
tion 2 introduces train operation and presents the assump-
tions and notations for the train scheduling model. Section 3
formulates the optimal model with decision variables, objec-
tive function, and constraints for the optimization problem.
In Section 4, the optimization problem is transformed into
an MILP problem through three transformation properties.
In Section 5, a case study is implemented based on the data of
Beijing Subway line 4. Finally, the conclusion and future work
are presented in Section 6.

2. Problem Description

This section illustrates the concepts that are relevant to train
operation and the train scheduling with a short turning
strategy in an urban rail transit line. The assumptions and
notations used for the train scheduling model with short
turning strategy are also described.

2.1. Train Operation. The urban rail transit line in this paper
is defined as a double-track rail line as shown in Figure 2 and
the operation of trains in one direction is not influenced by
the other. Train services in different directions are indexed
differently. Three depots A, B, and C are connected with
station 1, station J, and station P, respectively. The direction
from station 1 to station P is referred to as the up direction,
and the direction from station P to station 1 is referred to as
the down direction. Block sections are divided into two areas,
where area 1 includes the block section from station J+1 to
station P and area 2 denotes the block section from station 1

to station J. Both short turning train services and full-length
train services can run through area 2, but for area 1, only can
full-length train services operate in it. In particular, the short
turning train services are defined as train services only run in
area 2. We divide the operation time of the urban rail transit
line into several time intervals according to the passenger
traffic flow, which is indexed by 𝑘. We introduce 𝑖 and 𝑙 to
index a train service in the up and down direction with 𝑖 ∈
𝑆upservice = {1, 2, . . . , 𝐼uptotal} and 𝑙 ∈ 𝑆dnservice = {1, 2, . . . , 𝐼dntotal},
where 𝐼uptotal and 𝐼dntotal denote the total number of train services
for both directions.

𝐼uptotal =
𝐾

∑
𝑘=1

𝐼up,𝑘, (1)

𝐼dntotal =
𝐾

∑
𝑘=1

𝐼dn,𝑘, (2)

where 𝐾 is the number of time intervals and 𝐼up,𝑘 and 𝐼dn,𝑘
denote the number of train services during the 𝑘𝑡ℎ time
interval in the up and down direction, respectively.

There are several situations for train operations on the
urban rail transit line. Figure 3(a) is to demonstrate the
possible operations for a short turning train service in the up
direction that comes out from Depot A. Situation 1 depicts
a short turning train service that goes back to Depot B, and
in Situation 2, a short turning train service turnaround at the
destination station and then the connection train service goes
back to Depot A. As for Situation 3, not only does the short
turning train service turnaround at the station J, but also the
connection train service in the down direction turnaround at
its destination station, that is station 1. For full-length train
services operating in the urban rail transit line, Figure 3(b)
also shows several situations that are similar to Figure 3(a).
Accordingly, there are also 6 situations for operation of train
services in the down direction.

2.2. Optimal Train Scheduling Problem. As stated by Meng
and Zhou [33], to improve the competitive advantages of
rail operators, providing punctual and reliable train services
is a fundamental goal. A train schedule typically contains
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Figure 3: Possible situations for operations of train services in the up direction.

detailed departure times, arrival times, train orders, and
train circulation plan for each train service in the urban rail
transit line. We aim to minimize the total headway deviation
between the actual headway and the predefined headway of
departure and arrival times. Meanwhile, the trains utilization
can also be optimized to reduce the size of trains and provide
more train services.

The main decision variables of the train scheduling
optimization problem are

(1) departure times and arrival times of train services at
the origin and destination station for both directions;

(2) types of train services, which means that a train
service is a short turning one or a full-length one;

(3) connection relationship between train services in the
up direction and down direction.

As for constraints, departure and arrival times of each train
services, train orders of train services, headways, including
headways for train services in area 1 and area 2, and train
circulation plan should be included.

Note that we only consider the headways at the origin
station and the destination station, because the running
times and dwell times are constants that the headway at the
interstation should be equal to the headway at the origin
station.

It is assumed that 5 train services should be served and
there are different passenger demands during area 1 and
area 2, where the values are 360s and 180s, respectively.
Passengers in area 2 hope to get on train with the headway
equaling to 180s, while passengers in area 1 only need a
headway about 360s. For train operation pattern without
short turning strategy, two patterns can be constructed with a
single frequency. Pattern 1 is to satisfy the passenger demand

Area 1

Area 2 180s

360s

1

1 1

JJ

P P

360s 360s 360s 360s

Figure 4: Only passenger demand in area 1 can be satisfied.

in area 1, that the headway of departure time is 360s as shown
in Figure 4. It can cause 180s×5 increasing in headway, which
is obtained by the sumof headway difference in area 2. Pattern
2 focuses on the passenger demand in area 2 and the headway
of departure time is 180s as shown in Figure 5. It also has
the same influence with Pattern 1. However, when the short
turning train services depart between two consecutive full-
length train services like Figure 6, the passenger demand for
both areas can be satisfied well.

2.3. Assumptions about the Train Operation. The train
scheduling model with short turning strategy mainly con-
sider the departure times of train services for both directions,
headways, turnaround operations and train circulation plans.
In this paper, we make the following assumptions to simplify
the optimal problem.
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Figure 5: Only passenger demands in area 2 can be satisfied.
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Figure 6: Both passenger demands in areas 1 and 2 can be satisfied.

(i) A1: the station capacity per direction is equal to 1,
which means that there is no overtaking at any point
in the urban rail transit line.

(ii) A2: there are two short turning train services at most
between two full-length train services.

(iii) A3: the running times and dwell times between
stations are constants.

(iv) A4: there are enough trains to serve the train services
for three depots.

Assumption A1 guarantees the first-in first-out order for
train services, which is valid for most urban rail transit lines.
Assumption A2 is introduced to reduce the waiting time of
passengers whose destinations are not in the short turning
area. The fixed running times and dwell times in assumption
A3 ensure that departure times of train services can obtain
when the headway and the departure time of the first train
service are predefined. Assumption A4 means that the depot
capacity is not included in this paper.

2.4. Notations. As mentioned in assumption A3, the follow-
ing parameters should be given: the running times and dwell
times for short turning train services and full-length train

services in both directions. To describe the detailed modeling
methods, subscripts and parameters are shown in Table 2 and
decision variables are shown in Table 3.

3. Modeling Formulation

To describe the detailed mathematical formulation, the deci-
sion variables are introduced as given in Table 2.

The variables 𝑑up𝑜,𝑖 and 𝑑dn𝑜,𝑙 are used to directly describe
the time-stamps when train service 𝑖 and 𝑙 departs from
the origin station. 𝑑up𝑑,𝑖 and 𝑑dn𝑑,𝑙 denote the time-stamps
when train service 𝑖 and 𝑙 departs from the destination
station, respectively. Actually, in this paper, arrival times are
calculated by departure times plus the dwell times instead of
introducing other variables to denote the arrival times. The
departure time at the destination station equals the departure
time at the origin station plus the running time and the dwell
time at the intermediate stations.

The objective is to minimize the headway deviation and
the number of trains as mentioned in Section 2.2. The
headway deviation can be divided into two parts; one is
the headway deviation for train services in area 1, which
is represented by ℎ𝑢𝑝𝑖,1 and ℎ𝑑𝑛𝑙,1 . The other is the headway
deviation for train services in area 2 and it is denoted by ℎ𝑢𝑝𝑖,2
and ℎ𝑑𝑛𝑙,2 . The key problem is to define whether a train service
is a short turning one or a full-length one for both directions,
which is solved by introducing these two binary variables 𝛿𝑖
and 𝛾𝑙 as shown in the following expressions:

𝛿𝑖

= {{
{

1, train service 𝑖 is a short turning train service,
0, train service 𝑖 is a full-length train service,

(3)

and

𝛾𝑙

= {{
{

1, train service 𝑙 is a short turning train service,
0, train service 𝑙 is a full-length train service.

(4)

Actually, the key point to calculate ℎ𝑢𝑝𝑖,1 and ℎ𝑑𝑛𝑙,1 is to
find the departure times of two consecutive full-length
train services. Based on Assumption A2, there are three
circumstances C1, C2, and C3 as shown in Figure 7. Assume
that a train service i is a full-length train service, whichmeans
that 𝛿𝑖 = 0. When there is no short turning train service
between two full-length train services asC1, then train service
𝑖 + 1 must be a full-length one with 𝛿𝑖+1 = 0 and ℎ𝑢𝑝𝑖,1 must
be equal to (𝑑up𝑜,𝑖+1 − 𝑑up𝑜,𝑖). If there is only one short turning
train service between two full-length train service, which
means 𝛿𝑖+1 = 1, 𝛿𝑖+2 = 0, then ℎ𝑢𝑝𝑖,1 should be calculated
by (𝑑up𝑜,𝑖+2 − 𝑑up𝑜,𝑖). As for C3, it is obvious that ℎ𝑢𝑝𝑖,1 should be
calculated by (𝑑up𝑜,𝑖+3−𝑑up𝑜,𝑖)with𝛿𝑖+1 = 1, 𝛿𝑖+2 = 1, and 𝛿𝑖+3 = 0.
The circumstances are the same for train services in the down
direction.
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Table 2: Subscripts and parameters.

symbol description
𝑖, 𝑖 index for train services in the up direction
𝑙, 𝑙 index for train services in the down direction
o origin
d destination
A,B,C depots
J total number of stations for short-turning
P total number of stations for whole line
K total number of time intervals
up up operation direction
dn down operation direction
𝐼uptotal total number of train services in the up direction
𝐼dntotal total number of train services in the down direction
𝑆upservice set of train services in the up direction {1, 2, ..., 𝐼uptotal}
𝑆dnservice set of train services in the down direction {1, 2, ..., 𝐼dntotal}
rup𝑠 running time for short turning trains in the up direction
rup
𝑓

running time for full-length trains in the up direction
rdn𝑠 running time for short turning trains in the down direction
rdn𝑓 running time for full-length trains in the down direction
𝜏up𝑠 dwell time for short turning trains in the up direction
𝜏up𝑓 dwell time for full-length trains in the up direction
𝜏dn𝑠 dwell time for short turning trains in the down direction
𝜏dn𝑓 dwell time for full-length trains in the down direction
𝐼up,𝑘 the number of train services in the 𝑘𝑡ℎ time interval for up direction
𝐼dn,𝑘 the number of train services in the 𝑘𝑡ℎ time interval for down direction
𝑑pre𝑜,1 predetermined departure time for the first train service at the origin station
𝑑pre𝑜,total predetermined departure time for the last train service at the origin station
ℎmin minimal headway
ℎmax maximal headway
𝐻up
2,𝑘 expected headway of train services in area 2 during the 𝑘𝑡ℎ time interval in the up direction

𝐻up
1,𝑘 expected headway of train services in area 1 during the 𝑘𝑡ℎ time interval in the up direction

𝐻dn
2,𝑘 expected headway of train services in area 2 during the 𝑘𝑡ℎ time interval in the down direction

𝐻dn
1,𝑘 expected headway of train services in area 1 during the 𝑘𝑡ℎ time interval in the down direction

𝑟turnmin minimal turnaround time
𝑟turnmax maximal turnaround time
M a sufficiently large positive number

Table 3: Decision variables.

symbol description
𝑑up𝑜,𝑖 departure time of train service 𝑖 in the up direction at the origin
𝑑up
𝑑,𝑖

departure time of train service 𝑖 in the up direction at the destination
𝑑dn𝑜,𝑙 departure time of train service 𝑖 in the down direction at the origin
𝑑dn𝑑,𝑙 departure time of train service 𝑖 in the down direction at the destination
𝛿𝑖 0-1 binary variables, if 𝛿𝑖=1, then train service 𝑖 is a short turning train service
𝛾𝑙 0-1 binary variables, if 𝛾𝑙=1, then train service 𝑙 is a short turning train service
𝜀(𝑖, 𝑙) 0-1 binary variables, if 𝜀(𝑖, 𝑙)=1, then train service 𝑙 is the connection train of train service i at the destination station
𝜂(𝑙, 𝑖) 0-1 binary variables, if 𝜂(𝑙, 𝑖)=1, then train service 𝑖 is the connection train of train service l at the destination station
𝛼up𝑖 0-1 binary variables, if train 𝑖 in the up direction comes out from the depot, 𝛼up𝑖 =0, otherwise, 𝛼up𝑖 =1
𝛼dn𝑙 0-1 binary variables, if train 𝑙 in the down direction comes out from the depot, 𝛼dn𝑙 =0, otherwise, 𝛼dn𝑙 =1
𝛽up
𝑖 0-1 binary variables, if train 𝑖 in the up direction goes back to the depot, 𝛽up

𝑖 =0, otherwise, 𝛽up
𝑖 =1

𝛽dn
𝑙 0-1 binary variables, if train 𝑙 in the down direction goes back to the depot, 𝛽dn

𝑙 =0, otherwise, 𝛽dn
𝑙 =1
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Figure 7: Possible combinations of short turning and full-length train services in the up direction.

Based on the above circumstances, ℎ𝑢𝑝𝑖,1 and ℎ𝑑𝑛𝑙,1 can be
calculated as follows:

ℎup𝑖,1 = (1 − 𝛿𝑖) (1 − 𝛿𝑖+1) (𝑑up𝑜,𝑖+1 − 𝑑up𝑜,𝑖)

+ (1 − 𝛿𝑖) 𝛿𝑖+1 (1 − 𝛿𝑖+2) (𝑑up𝑜,𝑖+2 − 𝑑up𝑜,𝑖)

+ (1 − 𝛿𝑖) 𝛿𝑖+1𝛿𝑖+2 (1 − 𝛿𝑖+3) (𝑑up𝑜,𝑖+3 − 𝑑up𝑜,𝑖)

= (𝑑𝑢𝑝𝑜,𝑖+1 − 𝑑𝑢𝑝𝑜,𝑖) − 𝛿𝑖 (𝑑𝑢𝑝𝑜,𝑖+1 − 𝑑𝑢𝑝𝑜,𝑖)

− 𝛿𝑖+1 (𝑑𝑢𝑝𝑜,𝑖+1 − 𝑑𝑢𝑝𝑜,𝑖) + 𝛿𝑖𝛿𝑖+1 (𝑑𝑢𝑝𝑜,𝑖+1 − 𝑑𝑢𝑝𝑜,𝑖)

+ 𝛿𝑖+1 (𝑑𝑢𝑝𝑜,𝑖+2 − 𝑑𝑢𝑝𝑜,𝑖) − 𝛿𝑖𝛿𝑖+1 (𝑑𝑢𝑝𝑜,𝑖+2 − 𝑑𝑢𝑝𝑜,𝑖)

− 𝛿𝑖+1𝛿𝑖+2 (𝑑𝑢𝑝𝑜,𝑖+2 − 𝑑𝑢𝑝𝑜,𝑖)

+ 𝛿𝑖𝛿𝑖+1𝛿𝑖+2 (𝑑𝑢𝑝𝑜,𝑖+2 − 𝑑𝑢𝑝𝑜,𝑖)

+ 𝛿𝑖+1𝛿𝑖+2 (𝑑𝑢𝑝𝑜,𝑖+3 − 𝑑𝑢𝑝𝑜,𝑖)

− 𝛿𝑖𝛿𝑖+1𝛿𝑖+2 (𝑑𝑢𝑝𝑜,𝑖+3 − 𝑑𝑢𝑝𝑜,𝑖)

− 𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3 (𝑑𝑢𝑝𝑜,𝑖+3 − 𝑑𝑢𝑝𝑜,𝑖)

+ 𝛿𝑖𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3 (𝑑𝑢𝑝𝑜,𝑖+3 − 𝑑𝑢𝑝𝑜,𝑖) ,

(5)

and

ℎdn𝑙,1 = (1 − 𝛾𝑙) (1 − 𝛾𝑙+1) (𝑑dn𝑜,𝑙+1 − 𝑑dn𝑜,𝑙)

+ (1 − 𝛾𝑙) 𝛾𝑙+1 (1 − 𝛾𝑙+2) (𝑑dn𝑜,𝑙+2 − 𝑑dn𝑜,𝑙)

+ (1 − 𝛾𝑙) 𝛾𝑙+1𝛾𝑙+2 (1 − 𝛾𝑙+3) (𝑑dn𝑜,𝑙+3 − 𝑑dn𝑜,𝑙)

= (𝑑𝑑𝑛𝑜,𝑙+1 − 𝑑𝑑𝑛𝑜,𝑙) − 𝛾𝑙 (𝑑𝑑𝑛𝑜,𝑙+1 − 𝑑𝑑𝑛𝑜,𝑙)

− 𝛾𝑙+1 (𝑑𝑑𝑛𝑜,𝑙+1 − 𝑑𝑑𝑛𝑜,𝑙) + 𝛾𝑙𝛾𝑙+1 (𝑑𝑑𝑛𝑜,𝑙+1 − 𝑑𝑑𝑛𝑜,𝑙)

+ 𝛾𝑙+1 (𝑑𝑑𝑛𝑜,𝑙+2 − 𝑑𝑑𝑛𝑜,𝑙) − 𝛾𝑙𝛾𝑙+1 (𝑑𝑑𝑛𝑜,𝑙+2 − 𝑑𝑑𝑛𝑜,𝑙)

− 𝛾𝑙+1𝛾𝑙+2 (𝑑𝑑𝑛𝑜,𝑙+2 − 𝑑𝑑𝑛𝑜,𝑙)

+ 𝛾𝑙𝛾𝑙+1𝛾𝑙+2 (𝑑𝑑𝑛𝑜,𝑙+2 − 𝑑𝑑𝑛𝑜,𝑙)

+ 𝛾𝑙+1𝛾𝑙+2 (𝑑𝑑𝑛𝑜,𝑙+3 − 𝑑𝑑𝑛𝑜,𝑙)

− 𝛾𝑙𝛾𝑙+1𝛾𝑙+2 (𝑑𝑑𝑛𝑜,𝑙+3 − 𝑑𝑑𝑛𝑜,𝑙)

− 𝛾𝑙+1𝛾𝑙+2𝛾𝑙+3 (𝑑𝑑𝑛𝑜,𝑙+3 − 𝑑𝑑𝑛𝑜,𝑙)

+ 𝛾𝑙𝛾𝑙+1𝛾𝑙+2𝛾𝑙+3 (𝑑𝑑𝑛𝑜,𝑙+3 − 𝑑𝑑𝑛𝑜,𝑙) .
(6)

Accordingly, ℎ𝑢𝑝𝑖,2 is the headway between departure times
of all consecutive train services, which can be calculated as
follows:

ℎ𝑢𝑝𝑖,2 = 𝑑𝑢𝑝𝑜,𝑖+1 − 𝑑𝑢𝑝𝑜,𝑖 . (7)

As short turning train services and full-length train services
in the down direction do not have fixed origins, ℎ𝑑𝑛𝑙,2 should
be calculated by the following equation:

ℎ𝑑𝑛𝑙,2 = 𝑑𝑑𝑛𝑑,𝑙+1 − 𝑑𝑑𝑛𝑑,𝑙. (8)

As for minimizing the number of trains, it is equivalent
to maximize the number of train services that are served by
the same train. We introduce two binary variables 𝜀(𝑖, 𝑙) and
𝜂(𝑙, 𝑖) to express whether a train service 𝑖 and a train service 𝑙
are served by the same train or not for both directions.

𝜀 (𝑖, 𝑙) = {{
{

1, train service 𝑙 is the connection train service of train service 𝑖,
0, train service 𝑙 is not the connection train service of train service 𝑖.

(9)
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and

𝜂 (𝑙, 𝑖) = {{
{

1, train service 𝑖 is the connection train service of train service 𝑙,
0, train service 𝑖 is not the connection train service of train service 𝑙.

(10)

Based on above descriptions, the optimal problem is now
formulated as the following problem:

𝑍 = min𝑤1 ⋅
𝑓1
𝐹1

+ 𝑤2 ⋅
𝑓2
𝐹2

(11)

where
𝐹1 = min𝑓1

= min
𝐾

∑
𝑘=1

∑𝑘𝑚=1 𝐼up,𝑚

∑
𝑖=(∑𝑘−1𝑚=0 𝐼up,𝑚)+1

[ℎ
up
𝑖,2 − 𝐻up

1,𝑘

 +
ℎ

up
𝑖,1 − (1 − 𝛿𝑖)𝐻up

2,𝑘

]

+
𝐾

∑
𝑘=1

∑𝑘𝑛=1 𝐼dn,𝑛

∑
𝑙=(∑𝑘−1𝑛=0 𝐼dn,𝑛)+1

[ℎ
dn
𝑙,2 − 𝐻dn

1,𝑘

 +
ℎ

dn
𝑙,1 − (1 − 𝛾𝑙)𝐻dn

2,𝑘

] ,

(12)

𝐹2 = min𝑓2 = −min
𝐼
up
total

∑
𝑖=1

𝐼dntotal

∑
𝑙=1

[𝜀 (𝑖, 𝑙) + 𝜂 (𝑙, 𝑖)] , (13)

and

𝑤1 + 𝑤2 = 1. (14)

The formula above should be subject to the following groups
constraints:

Group 1 (departure time constraints). To describe the rela-
tionship between the departure times of train services at
the origin and the destination in different directions, the
following two constraints should be satisfied:

𝑑up𝑑,𝑖 = 𝑑up𝑜,𝑖 + 𝛿𝑖 × (𝑟up𝑠 + 𝜏up𝑠 ) + (1 − 𝛿𝑖) × (𝑟up𝑓 + 𝜏up𝑓 ) , (15)

𝑑dn𝑑,𝑙 = 𝑑dn𝑜,𝑙 + 𝛾𝑙 × (𝑟dn𝑠 + 𝜏dn𝑠 ) + (1 − 𝛾𝑙) × (𝑟dn𝑓 + 𝜏dn𝑓 ) . (16)

Group 2 (train order constraints). As shown in Figure 8, the
train order of train services in the same direction is fixed
in this paper, which means that train service 𝑖 must depart
before train service 𝑖 +1 and train service 𝑙must arrive before
train service 𝑙 + 1.
Group 3 (headway constraints). The headway for departure
times of two consecutive train servicesmust be larger than the
minimal headway and smaller than the maximal headway.

Headway of train services in area 1 is

ℎmin −𝑀 × (1 − 𝛿𝑖) ≤ ℎup𝑖,1 ≤ ℎmax +𝑀 × (1 − 𝛿𝑖) , (17)

and

ℎmin −𝑀 × (1 − 𝛾𝑙) ≤ ℎdn𝑙,1 ≤ ℎmax −𝑀 × (1 − 𝛾𝑙) , (18)

whereM is a sufficiently large positive number. If train service
𝑖 or 𝑙 is a full-length one, that is 𝛿𝑖 = 0 or 𝛾𝑙 = 0, then the
headway of train services in area 1 is larger than theminimum
headway and smaller than the maximum headway. If 𝑖 or 𝑙 is a
short turning train service, then (17) and (18) can be satisfied
automatically.

Headway of train services in area 2 is

ℎmin ≤ ℎup𝑖,2 ≤ ℎmax, (19)

and

ℎmin ≤ ℎ𝑑𝑛𝑙,2 ≤ ℎmax. (20)

Group 4 (train circulation plan constraints). According to the
layout of the urban rail transit line, a train service may come
out from the depot or be served by a train that just finishes
a previous train service. After arriving at the destination
station, a train service could go back to the depot or just
turnaround and the same train serves another train service.
𝛼up𝑖 , 𝛼dn𝑙 , 𝛽up𝑖 , and 𝛽dn𝑙 are introduced to describe the above
operation of train services for both directions.

𝛼up𝑖

= {{
{

1, train service 𝑖 does not come out from the depot,
0, train service 𝑖 comes out from the depot.

(21)

𝛼dn𝑙

= {{
{

1, train service 𝑙 does not come out from the depot,
0, train service 𝑙 comes out from the depot.

(22)

𝛽up𝑖 = {{
{

1, train service 𝑖 does not go back to the depot,
0, train service 𝑖 goes back to the depot.

(23)

𝛽dn𝑙 = {{
{

1, train service 𝑙 does not go back to the depot,
0, train service 𝑙 goes back to the depot.

(24)

Based on the above definition of operation for train services,
the following constraints should be satisfied:

𝛼up𝑖 = ∑
𝑙∈𝑆dnservice

𝜂 (𝑙, 𝑖) , (25)

𝛼dn𝑙 = ∑
𝑖∈𝑆

up
service

𝜀 (𝑖, 𝑙) , (26)
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Figure 8: The order of train services in the up and down directions.

𝛽up𝑖 = ∑
𝑙∈𝑆dnservice

𝜀 (𝑖, 𝑙) , (27)

𝛽dn𝑙 = ∑
𝑖∈𝑆

up
service

𝜂 (𝑙, 𝑖) , (28)

where (25) means that if a train service 𝑖 in the up direction
does not come out from the depot, that is 𝛼up𝑖 = 1, then
there must be a train service 𝑙 in the down direction that
turnarounds at its destination station and train service 𝑖 is
served by the same train, which means that 𝜂(𝑙, 𝑖) = 1 and
𝛽dn𝑙 = 1. Accordingly, (26) denotes that if a train service 𝑙 does
not come out from the depot with 𝛼dn𝑙 = 1, then there must
be train service 𝑖 turnarounds and the train which serves the
train service 𝑖 will serve the train service 𝑙; that is, 𝜀(𝑖, 𝑙) = 1
and 𝛽up𝑖 = 1. As for (27), when a train service 𝑖 does not
go back to the depot, which means that 𝛽up𝑖 = 1, then the
train must turnaround and serve another train service 𝑙 with
𝜀(𝑖, 𝑙) = 1 and𝛼dn𝑙 = 1. Similarly, if a train service 𝑙 does not go
back to the depot with 𝛽dn𝑙 = 1, then a train service 𝑖must be
served by the same train with train service 𝑙; that is, 𝜂(𝑙, 𝑖) = 1
and 𝛼up𝑖 = 1.

In addition, the following constraint must be involved to
ensure that a short turning train service in the up direction
will not connect with a full-length train service in the down
direction or a full-length train service in the up direction will
not connect with a short turning train service in the down
direction:

𝜀 (𝑖, 𝑙) ≤ 1 + 2𝛿𝑖𝛾𝑙 − 𝛿𝑖 − 𝛾𝑙 (29)

Furthermore, if a train service turnarounds at the des-
tination station, then the actual turnaround time must be
larger than the minimal turnaround time and smaller than
the maximal turnaround time, which can be formulated as
follows:

𝑟turnmin −𝑀 × (1 − 𝜀 (𝑖, 𝑙)) ⩽ 𝑑dn𝑜,𝑙 − 𝑑up𝑑,𝑖
⩽ 𝑟turnmax +𝑀 × (1 − 𝜀 (𝑖, 𝑙)) ,

(30)

𝑟turnmin −𝑀 × (1 − 𝜂 (𝑙, 𝑖)) ⩽ 𝑑up𝑜,𝑖 − 𝑑dn𝑑,𝑙

⩽ 𝑟turnmax +𝑀 × (1 − 𝜂 (𝑙, 𝑖)) .
(31)

Note that M is a big value in this paper.

4. Solution Approach: MILP Approach

The mixed integer nonlinear model can be transformed into
a mixed integer linear programming MILP problem based
on several transformation properties. We introduce three
properties to linearize the nonlinear section in the model
proposed above according to [34].

(i) Property 𝐼 is described as follows: a new auxiliary
real-valued variable 𝑧 is introduced to replace 𝛿 × 𝑓,
where 𝛿 is a logical variable and 𝑓 is a real-value
variable. When 𝛿 = 0 ⇒ 𝑧 = 0, and 𝛿 = 1 ⇒ 𝑧 = 𝑓,
then 𝑧 = 𝛿 × 𝑓 is equivalent to

𝑧 ≤ 𝑓𝑚𝑎𝑥 × 𝛿,

𝑧 ≥ 𝑓𝑚𝑖𝑛 × 𝛿,

𝑧 ≤ 𝑓 − 𝑓𝑚𝑖𝑛 × (1 − 𝛿) ,
𝑧 ≥ 𝑓 − 𝑓𝑚𝑎𝑥 × (1 − 𝛿) ,

(32)

where 𝑓𝑚𝑎𝑥 is the maximal value of 𝑓 and 𝑓𝑚𝑖𝑛 is the
minimal value of 𝑓.
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(ii) Property 𝐼𝐼: there are two logical variables multiplied,
i.e., 𝛿1 × 𝛿2. It can be replaced by an auxiliary logical
variable 𝛿3, which is equivalent to

−𝛿1 + 𝛿3 ≤ 0,
−𝛿2 + 𝛿3 ≤ 0,

𝛿1 + 𝛿2 − 𝛿3 ≤ 1,
(33)

where 𝛿1 = 0, 𝛿2 = 0 ⇒ 𝛿3 = 0; 𝛿1 = 0, 𝛿2 = 1 or
𝛿1 = 1, 𝛿2 = 0 ⇒ 𝛿3 = 0; and 𝛿1 = 1, 𝛿2 = 1 ⇒ 𝛿3 =
1.

(iii) Property 𝐼𝐼𝐼: for an optimal problem with the objec-
tive to minimize 𝑓𝑜𝑏𝑗, where 𝑓𝑜𝑏𝑗 = |𝑓|, we introduce
a new auxiliary real-valued variable 𝑤 to replace 𝑓𝑜𝑏𝑗
and transform |𝑓| as follows:

𝑤 ≥ 𝑓

𝑤 ≥ −𝑓.
(34)

Taking nonlinear terms in constraints that related to train
services in the up direction for example, the following terms
in (5) should be transformed according to property 𝐼:

We introduce 𝑧1,𝑖 = 𝛿𝑖(𝑑𝑢𝑝𝑜,𝑖+1−𝑑𝑢𝑝𝑜,𝑖 ), 𝑧2,𝑖 = 𝛿𝑖+1(𝑑𝑢𝑝𝑜,𝑖+1−𝑑𝑢𝑝𝑜,𝑖 ),
𝑧3,𝑖 = 𝛿𝑖𝛿𝑖+1(𝑑𝑢𝑝𝑜,𝑖+1 − 𝑑𝑢𝑝𝑜,𝑖 ), 𝑧4,𝑖 = 𝛿𝑖+1(𝑑𝑢𝑝𝑜,𝑖+2 − 𝑑𝑢𝑝𝑜,𝑖 ), 𝑧5,𝑖 =
𝛿𝑖𝛿𝑖+1(𝑑𝑢𝑝𝑜,𝑖+2 − 𝑑𝑢𝑝𝑜,𝑖 ), 𝑧6,𝑖 = 𝛿𝑖+1𝛿𝑖+2(𝑑𝑢𝑝𝑜,𝑖+2 − 𝑑𝑢𝑝𝑜,𝑖 ), 𝑧7,𝑖 =
𝛿𝑖𝛿𝑖+1𝛿𝑖+2(𝑑𝑢𝑝𝑜,𝑖+2 − 𝑑𝑢𝑝𝑜,𝑖 ), 𝑧8,𝑖 = 𝛿𝑖+1𝛿𝑖+2(𝑑𝑢𝑝𝑜,𝑖+3 − 𝑑𝑢𝑝𝑜,𝑖 ), 𝑧9,𝑖 =
𝛿𝑖𝛿𝑖+1𝛿𝑖+2(𝑑𝑢𝑝𝑜,𝑖+3 − 𝑑𝑢𝑝𝑜,𝑖 ), 𝑧10,𝑖 = 𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3(𝑑𝑢𝑝𝑜,𝑖+3 − 𝑑𝑢𝑝𝑜,𝑖 ) and
𝑧11,𝑖 = 𝛿𝑖𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3(𝑑𝑢𝑝𝑜,𝑖+3 − 𝑑𝑢𝑝𝑜,𝑖 )

𝑧1,𝑖 ≤ ℎmax ⋅ 𝛿𝑖,

𝑧1,𝑖 ≥ ℎmin ⋅ 𝛿𝑖,

𝑧1,𝑖 ≤ (𝑑up𝑜,𝑖+1 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖) ,

𝑧1,𝑖 ≥ (𝑑up𝑜,𝑖+1 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖) .

(35)

𝑧2,𝑖 ≤ ℎmax ⋅ 𝛿𝑖+1,

𝑧2,𝑖 ≥ ℎmin ⋅ 𝛿𝑖+1,

𝑧2,𝑖 ≤ (𝑑up𝑜,𝑖+1 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖+1) ,

𝑧2,𝑖 ≥ (𝑑up𝑜,𝑖+1 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖+1) .

(36)

𝑧3,𝑖 ≤ ℎmax ⋅ 𝛿𝑖𝛿𝑖+1,

𝑧3,𝑖 ≥ ℎmin ⋅ 𝛿𝑖𝛿𝑖+1,

𝑧3,𝑖 ≤ (𝑑up𝑜,𝑖+1 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖𝛿𝑖+1) ,

𝑧3,𝑖 ≥ (𝑑up𝑜,𝑖+1 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖𝛿𝑖+1) .

(37)

𝑧4,𝑖 ≤ ℎmax ⋅ 𝛿𝑖+1,
𝑧4,𝑖 ≥ ℎmin ⋅ 𝛿𝑖+1,
𝑧4,𝑖 ≤ (𝑑up𝑜,𝑖+2 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖+1) ,

𝑧4,𝑖 ≥ (𝑑up𝑜,𝑖+2 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖+1) .

(38)

𝑧5,𝑖 ≤ ℎmax ⋅ 𝛿𝑖𝛿𝑖+1,
𝑧5,𝑖 ≥ ℎmin ⋅ 𝛿𝑖𝛿𝑖+1,
𝑧5,𝑖 ≤ (𝑑up𝑜,𝑖+2 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖𝛿𝑖+1) ,

𝑧5,𝑖 ≥ (𝑑up𝑜,𝑖+2 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖𝛿𝑖+1) .

(39)

𝑧6,𝑖 ≤ ℎmax ⋅ 𝛿𝑖+1𝛿𝑖+2,
𝑧6,𝑖 ≥ ℎmin ⋅ 𝛿𝑖+1𝛿𝑖+2,

𝑧6,𝑖 ≤ (𝑑up𝑜,𝑖+2 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖+1𝛿𝑖+2) ,

𝑧6,𝑖 ≥ (𝑑up𝑜,𝑖+2 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖+1𝛿𝑖+2) .

(40)

𝑧7,𝑖 ≤ ℎmax ⋅ 𝛿𝑖𝛿𝑖+1𝛿𝑖+2,
𝑧7,𝑖 ≥ ℎmin ⋅ 𝛿𝑖𝛿𝑖+1𝛿𝑖+2,
𝑧7,𝑖 ≤ (𝑑up𝑜,𝑖+2 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖𝛿𝑖+1𝛿𝑖+2) ,

𝑧7,𝑖 ≥ (𝑑up𝑜,𝑖+2 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖𝛿𝑖+1𝛿𝑖+2) .

(41)

𝑧8,𝑖 ≤ ℎmax ⋅ 𝛿𝑖+1𝛿𝑖+2,
𝑧8,𝑖 ≥ ℎmin ⋅ 𝛿𝑖+1𝛿𝑖+2,
𝑧8,𝑖 ≤ (𝑑up𝑜,𝑖+3 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖+1𝛿𝑖+2) ,

𝑧8,𝑖 ≥ (𝑑up𝑜,𝑖+3 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖+1𝛿𝑖+2) .

(42)

𝑧9,𝑖 ≤ ℎmax ⋅ 𝛿𝑖𝛿𝑖+1𝛿𝑖+2,
𝑧9,𝑖 ≥ ℎmin ⋅ 𝛿𝑖𝛿𝑖+1𝛿𝑖+2,
𝑧9,𝑖 ≤ (𝑑up𝑜,𝑖+3 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖𝛿𝑖+1𝛿𝑖+2) ,

𝑧9,𝑖 ≥ (𝑑up𝑜,𝑖+3 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖𝛿𝑖+1𝛿𝑖+2) .

(43)

𝑧10,𝑖 ≤ ℎmax ⋅ 𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3,
𝑧10,𝑖 ≥ ℎmin ⋅ 𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3,
𝑧10,𝑖 ≤ (𝑑up𝑜,𝑖+3 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3) ,

𝑧10,𝑖 ≥ (𝑑up𝑜,𝑖+3 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3) .

(44)

𝑧11,𝑖 ≤ ℎmax ⋅ 𝛿𝑖𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3,
𝑧11,𝑖 ≥ ℎmin ⋅ 𝛿𝑖𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3,

𝑧11,𝑖 ≤ (𝑑up𝑜,𝑖+3 − 𝑑up𝑜,𝑖) − ℎmin ⋅ (1 − 𝛿𝑖𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3) ,

𝑧11,𝑖 ≥ (𝑑up𝑜,𝑖+3 − 𝑑up𝑜,𝑖) − ℎmax ⋅ (1 − 𝛿𝑖𝛿𝑖+1𝛿𝑖+2𝛿𝑖+3) .

(45)
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Table 4: Operation information of line 4 in Beijing.

up direction down direction
Station Running time[s] Dwell time[s] Station Running time[s] Dwell time[s]

AnheqiaoNorth 3750 30 Tiangongyuan 2405 35
Xingong 2430 30 Xingong 3762 35

Tiangongyuan - 30 AnheqiaoNorth - 30

Table 5: Input parameters for case study-A.

Time interval 𝐼up 𝐼dn 𝐻up
2,𝑘[𝑠] 𝐻up

1,𝑘[𝑠] 𝐻dn
2,𝑘[𝑠] 𝐻dn

1,𝑘[𝑠]
5:00-7:00 13 13 600 600 600 600
7:00-9:00 24 24 600 300 600 300

Note that some terms in (35)-(45) also should be lin-
earized according to property 𝐼𝐼. 𝛿𝑖 ⋅𝛿𝑖+1, 𝛿𝑖 ⋅𝛿𝑖+1 ⋅𝛿𝑖+2, 𝛿𝑖 ⋅𝛿𝑖+1 ⋅
𝛿𝑖+2 ⋅ 𝛿𝑖+3 can be translated into the following constraints:

−𝛿𝑖 +𝑊1,𝑖 ≤ 0,
−𝛿𝑖+1 +𝑊1,𝑖 ≤ 0,

𝛿𝑖 + 𝛿𝑖+1 −𝑊1,𝑖 ≤ 1.
(46)

−𝑊1,𝑖 +𝑊2,𝑖 ≤ 0,
−𝛿𝑖+2 +𝑊2,𝑖 ≤ 0,

𝑊1,𝑖 + 𝛿𝑖+2 −𝑊2,𝑖 ≤ 1.
(47)

−𝑊1,𝑖 +𝑊3,𝑖 ≤ 0,
−𝑊1,𝑖+1 +𝑊3,𝑖 ≤ 0,

𝑊1,𝑖 +𝑊1,𝑖+1 −𝑊3,𝑖 ≤ 1,
(48)

where 𝑊1,𝑖 = 𝛿𝑖 ⋅ 𝛿𝑖+1, 𝑊2,𝑖 = 𝑊1,𝑖 ⋅ 𝛿𝑖+2, and 𝑊3,𝑖 = 𝐹1,𝑖 ⋅
𝑊1,𝑖+1. All these terms should be replaced according to the
previous two properties. As for the absolute value terms in
the objective function, they are equivalent to the following
constraints:

𝑥𝑖,𝑘 ≥ ℎup2,𝑖 − 𝐻up
2,𝑘,

𝑥𝑖,𝑘 ≥ − [ℎup2,𝑖 − 𝐻up
2,𝑘] .

(49)

𝑦𝑙,𝑘 ≥ ℎdn2,𝑙 − 𝐻dn
2,𝑘,

𝑦𝑙,𝑘 ≥ − [ℎdn2,𝑙 − 𝐻dn
2,𝑘] .

(50)

𝑢𝑖,𝑘 ≥ ℎup𝑖,1 − (1 − 𝛿𝑖)𝐻up
1,𝑘,

𝑢𝑖,𝑘 ≥ − [ℎup𝑖,1 − (1 − 𝛿𝑖)𝐻up
1,𝑘] .

(51)

V𝑙,𝑘 ≥ ℎdn𝑙,1 − (1 − 𝛾𝑙)𝐻dn
1,𝑘,

V𝑙,𝑘 ≥ − [ℎdn𝑙,1 − (1 − 𝛾𝑙)𝐻dn
1,𝑘] .

(52)

where 𝑥𝑖,𝑘 = |ℎup2,𝑖 − 𝐻up
2,𝑘|, 𝑦𝑙,𝑘 = |ℎdn2,𝑙 − 𝐻dn

2,𝑘|, 𝑢𝑖,𝑘 = |ℎup𝑖,1 −
(1−𝛿𝑖)𝐻up

1,𝑘|, and V𝑙,𝑘 = |ℎdn𝑙,1 −(1−𝛾𝑙)𝐻dn
1,𝑘|.The corresponding

term 𝑓1 in the objective function will be reformulated as the
following equation:

𝑓1 =
𝐾

∑
𝑘=1

∑𝑘𝑚=1 𝐼up,𝑚

∑
𝑖=(∑𝑘−1𝑚=0 𝐼up,𝑚)+1

(𝑥𝑖,𝑘 + 𝑢𝑖,𝑘)

+
𝐾

∑
𝑘=1

∑𝑘𝑛=1 𝐼dn,𝑛

∑
𝑙=(∑𝑘−1𝑛=0 𝐼dn,𝑛)+1

(𝑦𝑙,𝑘 + V𝑙,𝑘) .

(53)

The MILP problem can be solved by several existing
commercial and free solvers, such as CPLEX, Xpress-MP, and
GLPK.

5. Case Study

In order to assess the performance of the proposed MILP
approach, we use two case studies to compare two operation
patterns with or without short turning strategy based on
the data of Beijing Subway line 4, where the layout is
shown in Figure 9. Three depots connect with Anheqiao
North Station, Xingong Station, and Tiantongyuan Station,
respectively. Area 1 includes the section between Xingong
Station and Tiantongyuan Station. Section from Xingong
Station to Anheqiao North Station is depicted as area 2. In
addition, the parameters of train operation in line 4 also
are given in Table 4. The MILP problem is solved by the
commercial solver CPLEX with version 12.6 on a 64-bit
windows 10 platform.

Note that the value of dwell times at stations inside short
turning circle in the up direction is 875s and outside short
turning circle in the up direction is 1175s. For train services
in the down direction, the dwell time at stations in area 1 and
area 2 are 1190s and 900s, respectively.

5.1. Case Study-A. In case study-A, the input parameters are
given in Table 5. The total number of train services for both
directions is 37, respectively. In particular, the maximal and
minimal turnaround times are 720s and 120s. As for the
headway of departure timesmust larger than 120s and smaller
than 660s. Note that the departure time of the first train
service in both directions is 5:00, and the departure time of
the last train service for both directions is 9:00.
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Figure 9: The layout of the Beijing Subway line 4.

In this case study, a small scale of simulation is conducted.
We assume the operation time of the urban rail transit line
is 5:00 to 9:00 and the time period is divided into 2 time
intervals as shown in Table 5.The urban rail transit line serves
different operation pattern during two time intervals. During
5:00 to 7:00, the ratio of headway in area 2 and headway in
area 1 is 1, which means that there would be only full-length
train services operated. From 7:00 to 9:00, headway in area 2
is twice headway in area 1; then therewould be a short turning
train service served between two full-length train services.

Firstly, we calculate the value of𝐹1 and 𝐹2 by (12) and (13),
which also should meet all constraints. We obtain the values
of 𝐹1 and 𝐹2 which are 894 and -46, respectively. There are

15377 constrains and 4757 variables. Then the comparison of
optimization results is shown in Table 6, where we set several
different values for weight coefficients𝑤1 and𝑤2. Computing
times, objective function values, and gap are considered in
this result. The result of computing time shows a decreasing
tendency where the value of𝑤1 increases and𝑤2 decreases at
the same time. Also the objective function value is on the rise
during this process. The gap can reach the maximum value
among these results when the weight of headway deviation
equals the weight of train circulation plan. All the gaps are
not too large because there only are 74 train services in total
that should be served. Furthermore, the trains used in both
directions are 16 and 14, which is smaller than trains used
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Table 6: Comparison with different value of weight coefficients for case study-A.

𝑤1 𝑤2 Computing time[s] Objective function value Gap
0.1 0.9 1.76 -0.657 0
0.3 0.7 1.55 -0.059 0.58%
0.5 0.5 1.31 0.536 2.03%
0.7 0.3 1.29 1.124 0.41%
0.9 0.1 1.25 1.713 0

Table 7: Input parameters for case study-B.

Time interval 𝐼up 𝐼dn 𝐻up
2,𝑘[𝑠] 𝐻up

1,𝑘[𝑠] 𝐻dn
2,𝑘[𝑠] 𝐻dn

1,𝑘[𝑠]
5:00-7:00 13 13 600 600 600 600
7:00-9:00 60 60 360 120 360 120
9:00-13:00 60 60 480 240 480 240
13:00-15:00 12 12 600 600 600 600

without short turning strategy. The optimal train schedule
obtained when 𝑤1 = 0.1 and 𝑤2 = 0.9 is shown as Figure 10,
where the lines with same color mean that the train services
are served by the same train.

5.2. Case Study- B. In case study-B, the input parameters
are given in Table 7. The total number of train services for
both directions is 145, respectively.Theoptimal train schedule
with short turning strategy obtained by CPLEX solver is
demonstrated in Figure 11; the line with same color means
that these train services are served by the same train. The
schedule coordination mode during each time interval is 1:0,
1:2, 1:1, and 1:0, where the former value is frequency for full-
length train services and the latter one is frequency for short
turning train services. The calculation results of values of 𝐹1
and 𝐹2 are 1680 and -223, respectively. In this case study, we
set the value of 𝑤1 and 𝑤2 equal to 0.9 and 0.1 to use less
computing time. The numbers of constraints and variables
are 171269 and 50117. During the whole operation period, 43
trains come out from Depot A to serve the train services for
the service pattern with short turning strategy, and 26 trains
come out from Depot B or Depot C to serve the train service
in the down direction.

To make a comparison, optimal train schedule without
short turning strategy also is presented as shown in Figure 12.
Under this situation, the same passenger demand should be
satisfied, which means that values of the predefined headway
are identical to the corresponding values for operation
pattern with short turning strategy. To serve 145 train services
in the up direction, 44 trains come out from Depot A.
Meanwhile, 43 trains come out from Depot B or Depot C to
serve the 145 train services in the down direction. According
to the results, optimal train schedule with short turning
strategy could provide a better train circulation plan with
20.69% reduction of trains in use. In particular, the number of
trains in theory can be calculated by the following equation:

𝑁𝑡𝑟𝑎𝑖𝑛 =
𝑡𝑐𝑦𝑐𝑙𝑒
ℎ (54)

where 𝑁𝑡𝑟𝑎𝑖𝑛 is the number of trains that can be computed
theoretically, 𝑡𝑐𝑦𝑐𝑙𝑒 is the cycling time of the train service, and
ℎ is the headway [15]. Based on (54), the number of trains
to satisfy the passenger demand is 122.7 in single direction,
which means the optimal train schedule can reduce about
[(122.7 − 43 − 26) + 122.7 − 44 − 43)]/122.7 × 2 = 36.43%
of trains.

Furthermore, the objective value obtained by optimal
train schedule with short turning strategy is (2.634 −
0.801)/2.634 ∗ 100% = 69.59% better than the train schedule
without short turning strategy. Because the number of train
services that should be served is calculated by dividing the
length of the time interval by predefined headway in area
2, which means that satisfying the passenger demand inside
short turning circle is the basis goal. To finish the whole
operation period, train schedule without short turning train
services can only meet the passenger demand in area 2 well,
while load factor in area 1 is insufficient. For instance, during
the second time interval, the predefined headways in area 1
and area 2 are 360s and 120s, respectively.The actual headway
of two consecutive train services is close to 120s, which cannot
make full use of the trains as passenger demand in area 1 does
not match the transport capacity. As a result, there is a huge
increase in headway deviation.

Figures 13 and 14 demonstrate the load factor of a train
service at two certain stations in the up direction. Note that
Qingyuan Road Station is a station in area 1, and East gate of
Peking University Station is a station in area 2, which means
that Qingyuan Road Station is not included in the short
turning circle, while East gate of Peking University Station is.
As shown in Figure 13, the values for train operation pattern
with short turning strategy are larger than the ones without
short turning strategy at Qingyuan Road Station. That is
caused by the different passenger demand in area 1 and area
2, which is related to the predefined headway. Actually, the
number of train services that should be served is calculated
by the following equation [35]:

𝐻𝑘 =
𝑡𝑘+1 − 𝑡𝑘

𝐼𝑘 (55)
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Figure 10: Optimal train schedule with short turning strategy for case study-A.

where𝐻𝑘 is the predefined headway for the 𝑘th time interval,
𝑡𝑘 and 𝑡𝑘 are the starting time and ending time of the 𝑘th time
interval, and 𝐼𝑘 is the number of train services that should
be operated during the 𝑘th time interval. When trains are
running without short turning strategy and the same number
of train services that should be operated, the predefined

headway is the same as the predefined headway inside short
turning circle. That means the actual headway between two
consecutive train services is closed to the headway in area 2.
This leads to an excess of train services running in area 1 and
making the load factor of stations in area 1 small. In addition,
the value of the load factor is less than 0.3, which resulted
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Figure 11: Optimal train schedule with short turning strategy for case study-B.

from the small quantity of passenger flow at this station. The
passenger demand is so small that there is noneed to establish
the station. As for load factor at East gate of Peking University
Station in Figure 14, if service pattern is operated with short
turning strategy, the load factor is smaller but closer to 1

compared with the load factor of a train service without short
turning strategy at East gate of Peking University Station
during the early peak hour period. It indicates that the short
turning strategy can reduce the crowdedness at stations in
area 2.The load factor between 8:00 and 9:00 is near to 1.4, an
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Figure 12: Optimal train schedule without short turning strategy for case study-B.

overcrowd circumstance that is abnormal. The reason for the
phenomenon is that the passenger flow for line 4 is so large
that only adopting the short turning strategy cannot satisfy
the huge passenger demand. Other measures can be taken
into consideration in future.

6. Conclusions and Future Work

In this paper, we have developed a new model for train
scheduling optimization problem for an urban rail transit line
with multiple depots. In this model, short turning strategy
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Figure 13: Load factor of a train service at Qingyuan Road Station.

Load factor without shorturning strategy in the up direction
Load factor with shorturning strategy in the up direction

02
:0

0-
02

:3
0

02
:3

0-
03

:0
0

03
:0

0-
03

:3
0

03
:3

0-
04

:0
0

04
:0

0-
04

:3
0

04
:3

0-
05

:0
0

05
:0

0-
05

:3
0

05
:3

0-
06

:0
0

06
:0

0-
06

:3
0

06
:3

0-
07

:0
0

07
:0

0-
07

:3
0

07
:3

0-
08

:0
0

08
:0

0-
08

:3
0

08
:3

0-
09

:0
0

09
:0

0-
09

:3
0

09
:3

0-
10

:0
0

10
:0

0-
10

:3
0

10
:3

0-
11

:0
0

11
:0

0-
11

:3
0

11
:3

0-
12

:0
0

12
:0

0-
12

:3
0

12
:3

0-
13

:0
0

13
:0

0-
13

:3
0

13
:3

0-
14

:0
0

14
:0

0-
14

:3
0

14
:3

0-
15

:0
0

15
:0

0-
15

:3
0

15
:3

0-
16

:0
0

16
:0

0-
16

:3
0

16
:3

0-
17

:0
0

17
:0

0-
17

:3
0

17
:3

0-
18

:0
0

18
:0

0-
18

:3
0

18
:3

0-
19

:0
0

19
:0

0-
19

:3
0

19
:3

0-
20

:0
0

20
:0

0-
20

:3
0

20
:3

0-
21

:0
0

21
:0

0-
21

:3
0

21
:3

0-
22

:0
0

22
:0

0-
22

:3
0

22
:3

0-
23

:0
0

23
:0

0-
23

:3
0

23
:3

0-
00

:0
0

00
:0

0-
00

:3
0

00
:3

0-
01

:0
0

01
:0

0-
01

:3
0

01
:3

0-
02

:0
0

0

0.2

0.4

0.6

0.8

1

1.2

1.4

Lo
ad

 fa
ct

or

Figure 14: Load factor of a train service at east gate of Peking University Station.
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is introduced to satisfy the unbalanced passenger demand.
Groups of practical and typical constraints such as departure
times, dwell times, headways, train orders, and train circula-
tion plan are taken into consideration. Several transformation
properties are involved to transform the model into a mixed
integer linear programming one, which can be solved by
existing solvers.

Simulation experiment is carried out based on the data
of Beijing Subway line 4 to evaluate the performance of
the proposed model and approach. Our results show that
operation pattern with short turning strategy can acquire a
better train schedule and train circulation plan.

For the future research steps, we will extend it by taking
more realistic constraints into consideration, such as depot
equilibrium and stochastic passenger flow. In particular, the
large scale of train services such as train schedule in one day
could be implemented for extended problem. Furthermore,
other types layout of urban rail transit lines could be consid-
ered.
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The metro passenger route choice, influenced by both train schedule and time constraints, is important to metro operation and
management. Smart card data (Automatic Fare Collection (AFC) data in metro system) including inbound and outbound swiping
time are useful for analysis of the characteristics of passengers’ route choices in metro while they could not reflect the property
of train schedule directly. Train schedule is used in this paper to trim smart card data through removing inbound and outbound
walking time to/from platforms and waiting time.Thus, passengers’ pure travel time in accord with trains’ arrival and departure can
be obtained. Synchronous clustering (SynC) algorithm is then applied to analyze these processed data to calculate passenger route
choice probability. Finally, a case study was conducted to illustrate the effectiveness of the proposed algorithm. Results showed the
proposed algorithm works well to analyze metro passenger route choice. It was shown that passenger route choice during both
peak period and flat period could be clustered automatically, and noise data are isolated. The probability of route choice calculated
through SynC algorithm can be used to revise traditional model results.

1. Introduction

Metro passenger route choice is vitally important to metro
operation and management, such as passenger flow distri-
bution and metro tickets clearing. It can provide useful data
to help enhance train schedules to make full use of the
train capacity. However, the metro passenger behavior is
totally different from the car user behavior. The former one
is largely influenced by both metro network structure and
train schedule while the latter one is mostly decided by users
themselves. On one hand, different metro network structures
will lead to different route choices. For example, passengers
would like to select those routes with few transfers. On the
other hand, the train schedule will also influence passenger
behaviors. Coordinated transit line could reduce passengers’
waiting time in transfer stations.The routes with coordinated
transit line should be more attractive than those without
coordinated transit line.

So far, many scholars have modeled, analyzed, and stud-
ied the problem of passenger route choice behavior within
private transportation, such as Kato et al. [1]. Unlike private
transportation, metro trains are operated according to the
train schedule, leading metro passengers’ traveling to be
restricted to the schedule. Therefore, traditional methods
used in private transportation are not applicable for analyzing
metro passenger behavior. Hence, the researchers tried to
adopt some technologies widely used in metro transporta-
tion into the metro passenger behavior analysis. Among
them, AFC (Automatic Fare Collection) system can collect
these smart card data about passenger swipe inbound and
outbound time of stations, which is useful for analyzing
passenger behavior. A lot of research has been done to analyze
passenger route choice based on smart card data. However,
passengers with different walking time and waiting time may
select the same route asmetro trains’ arrival and departure are
dispersed. Hence, passengers walking time to/from platforms
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and waiting time on platforms which were included in the
smart card data should be useless for the analysis of passenger
route choices.

This paper aims to propose a new method to analyze
metro passenger route choice over travel periods based
on smart card data and train schedule. Firstly, smart card
data are trimmed using train schedule to eliminate walking
time to/from platforms and waiting time. Then synchronous
clustering algorithm, a kind of cluster algorithm, is applied to
analyze passenger route choice based on these preprocessed
data. Finally, a case study is carried out on the Shanghaimetro
network to validate the proposed algorithm.

2. Literature Review

Traditional methods on passenger behavior can be classified
by Wardrop Law (Liu et al. [2]) as nonequilibrium model
and equilibrium model (Smith et al. [3]). They believed that
passengers’ trip preference depends on travel time perception
while individuals’ perceptions are different. Some scholars
put forward the stochastic user equilibriummodel (stochastic
user equilibrium (SUE)) to describe the problem. A simula-
tion method was used to realize random users equilibrium
model, and experiments were carried out in a large scale
urban rail transit network (Kato et al. [1]). With the contin-
uous expansion of parameter types and network sizes, SUE
model has been becoming more and more complex for the
reality (Thomas [3], Cascetta [4]). However, some scholars
found that the traditional models may have some defects
when they are applied in metro transportation. The main
reason is that passengers’ travel routes are affected by metro
train schedule; that is to say, metro passengers’ arrival and
departure are limited to trains’ arrival and departure. Thus
the applicability of these traditional models is questioned.

The AFC system has been put into application in many
metro systems worldwide. AFC system can record these
data including passenger inbound swiping time, outbound
swiping time, and some other related information. These
data are useful in analyzing the passengers’ route behaviors
in metro. Pelletier [6] divided the usage of smart card data
into three categories, long-term planning service, short-
term planning service, and operation planning service. For
example, swipe card data can be used to forecast the passenger
flow OD matrix (Munizaga and Palma [7, 8]), to deal with
demand analysis (Morency et al. [9]), to carry on operation
and management of rail transit planning (Utsunomiya et al.
[10]), etc.

Specifically, smart card data are getting more attention
and more research has been made recently. Chan [11] put
forward two research ideas based on London metro transit
Oyster card data: one was to estimate the OD traffic matrix
and the other was to build the metro transit service reliability
matrix.This is the first time to use historical card data tomake
metro transit service quality evaluation.Themain application
of smart card is to analyze passenger travel behavior. For
example, Kusakabe et al. [12] proposed a method to predict
the specific trains that passengers choose to ride by using a
vast number of long-term history swipe data and parameters.
Zhu et al. [13] proposed a method to calibrate the metro

passenger behavior model using the AFC data with the
genetic algorithm and parameter estimation combining tech-
nology. Zhu et al. [14] presented a methodology for assigning
passengers to individual trains using both smart card data
and AVL data from train tracking systems; it can estimate
the probability of the passenger boarding each feasible train
and the probability distribution of the number of trains a
passenger is unable to board due to capacity constraints. Ma
et al. [15] developed a data mining method to identify the
spatiotemporal commuting patterns of Beijing public transit
riders using transit smart card data. Hong et al. [16] proposed
a methodology for assigning passenger flows on a metro
network based on Automatic Fare Collection (AFC) data and
realized timetable. Briand et al. [17] analyzed the behavioral
habits of public transport passengers using a real dataset of
smart card data covering a period of five years. Faroqi et al.
[18] investigated the relationship between passengers’ spatial
and temporal characteristics with a novel passenger-based
perspective using smart card data. It is implemented for four-
day smart card data including 80,000 passengers in Brisbane,
Australia. Similarly, Zhu et al. [19] presented an integrated
framework for estimating individual passenger’s train choices
through a data-driven approach with real timetable and
Automatic Fare Collection (AFC) data. Besides, smart card
data can also be used for estimation or prediction. For
example, Hörcher et al. [20] presented a comprehensive
method to estimate the user cost of crowding in terms of
the equivalent travel time loss with large scale smart card,
in a revealed preference route choice framework. Zhao et al.
[21] developed a methodology for predicting daily individual
trip making and trip attributes using transit smart card data,
and the methods are tested using transit smart card data of
10,000 users in London. Also, smart card data are used to
makemetro train schedule. Zhang et al. [22] proposed a novel
method to optimize the skip-stop scheme for bidirectional
metro lines using the time-dependent passenger demand
extracted from smart card data, so that the average passenger
travel time can be minimized.

Some recent studies have made some progress on ana-
lyzing passenger behavior based on smart card data, part
of which are useful for realistic size networks. The specific
focus of this paper is to propose a method specifically aimed
at using a small number of parameters, so that it can be
easily used for large scale networks. Hence, this paper uses
data analysis methods, i.e., cluster algorithm, to analyze the
passenger route choice behaviors on metro networks. The
cluster algorithm is amethod ofmultivariate statistical analy-
sis. Data are classified according to individual characteristics
so that the data in the same category have the highest
homogeneity. On the other hand different categories should
have relatively higher heterogeneity. The cluster algorithm
aims to analyze and mine the intrinsic structure and rules
of given data [23, 24]. In the process of data clustering, the
clustering algorithm can automatically divide data points into
different sets according to the attributes. These data with
similar attributes are divided into the same set, while these
data points with different attributes are divided into different
sets [25]. Clustering algorithms can be divided into several
types: clustering algorithms based on division (i.e., K-means),
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clustering algorithms based on density (i.e., DBSCAN and
OPTICS), affinity propagation clustering algorithm (affinity
propagation (AP) algorithm), synchronous clustering algo-
rithm (SynC algorithm), etc.

K-means algorithm is the most widely used clustering
algorithm based on division. It has been nearly 60 years
since it was proposed [26]. However, the biggest shortcoming
of the K-means algorithm is to select the initial K value
and the value of the selected K data points since the initial
value may lead the convergence of the K-means algorithm
to different results. Hence, many scholars proposed other
new clustering algorithms, among which AP algorithm is
one kind of typical clustering algorithms [27]. AP clus-
tering algorithm does not need to specify the number of
clusters in advance. Synchronous clustering algorithm (SynC
algorithm) [28, 29] is another kind of clustering algorithm
of which initial values are not sensitive. The main idea of
synchronous clustering is that each data point is regarded
as an independent individual, and similar individuals auto-
matically get together to form clustering collections. Due
to the characteristics of synchronous clustering algorithm,
this algorithm has many advantages; for example, (1) the
algorithm does not require given cluster centers in advance,(2) the algorithm is not sensitive to the initial value, and (3)
the algorithm can well avoid noise interference data.

However, to our best knowledge, no studies adopted the
SynC algorithm to analyze metro passenger route choices
with smart card data trimmed by train schedules. Hence,
taking the advantages of the synchronous clustering algo-
rithm (SynC) into consideration, this paper adopts the SynC
algorithm to analyze metro passenger behavior.

3. Methodology

3.1. Basic Assumptions. Some necessary assumptions and
elements are firstly described as follows:

(1) All passengers’ behaviors are assumed to be reason-
able, and passengers would not stay in stations for a
long time. But there are always some unreasonable
data which spend a very long time or an extremely
short time during given OD pairs. This proposed
algorithm will regard these data as noise data in the
dataset.

(2) Train congestion is not considered in data preprocess-
ing. It means passengers can ride the first arriving
train after they reach platforms.

(3) All trains are operated according to the train schedule
strictly.

3.2. Definition of Train Schedule and Smart Card Data

3.2.1. Train Schedule. The metro train schedule contains
necessary information of all trains running on the network,
like train codes, arrival and departure time of trains at each
station, etc. Figure 1 shows an example of a train schedule
used by a metro line in Shanghai. Each red line represents a
planned operation train.

St
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Time

tra
in

train

Figure 1: An example of the train schedule.

The definition of train schedule is described below:metro
line is defined as 𝐿 = {1, 2, . . . , 𝑙, . . . , 𝑁}, and the station
collection on line 𝑙 is 𝑆𝑙 = {1, 2, . . . , 𝑖, . . . ,𝑀}. Then, station
𝑆𝑙,𝑖 represents the station 𝑖 in line 𝑙; 𝑆𝑙,𝑖(𝐴𝑗𝑙,𝑖, 𝐷𝑗𝑙,𝑖) defines the
arrival time𝐴𝑗

𝑙,𝑖
and departure time𝐷𝑗

𝑙,𝑖
of train 𝑗 at 𝑆𝑙,𝑖. Thus,

the trajectory of train 𝑗 is described as {∀𝑖 ∈ 𝑙 | 𝑆𝑙,𝑖(𝐴𝑗𝑙,𝑖, 𝐷𝑗𝑙,𝑖)},
and the network train schedule can be described as 𝑇 ={∀𝑗, 𝑙, 𝑖 | 𝑆𝑙,𝑖(𝐴𝑗𝑙,𝑖, 𝐷𝑗𝑙,𝑖)}.

3.2.2. Smart Card Data. AFC system can record the original
station (O is used in this paper), destination station (D is
used in this paper), and their corresponding inbound and
outbound time. These swiping data can be used to obtain
the detailed passenger flow demand. Table 1 shows some
examples of entry and exit swiping card data recorded by
the AFC system, like card number, swiping date, inbound
station code, inbound swiping time, outbound station code,
outbound swiping time, etc.

Smart card data (AFC data) are defined as𝑂𝐷(𝑛, 𝑇(𝑠𝑖), 𝑆(𝑖𝑛), 𝑇(𝑠𝑜), 𝑆(𝑜𝑢𝑡)), in which 𝑛 is the card ID,𝑇(𝑐𝑖) is the inbound swiping time, 𝑇(𝑐𝑜)is the outbound
swiping time, 𝑆(𝑖𝑛) is the O station, and 𝑆(𝑜𝑢𝑡) is the D station.

3.2.3. Passenger Travel Process on Metro. Figure 2 shows the
metro passenger travel process. It displays typical metro pas-
senger traveling, which mainly contains passengers’ swiping
card at entry gates, walking to platforms, waiting for coming
trains, riding trains (transfer if it has), and finally walking out
of station. As shown in the figure, symbol definition includes
walking cost time (entry walking time, 𝑇(𝑖𝑛)), waiting cost
time (waiting time on platforms, 𝑇(𝑤)), travel cost time (in-
vehicle time, 𝑇(V)), and walking out of station cost time (exit
walking time, 𝑇(𝑜𝑢𝑡)). If a passenger makes a transfer, the
additional transfer walking cost time (transfer walking time,
𝑇(𝑡)) and transfer waiting cost time (waiting time, 𝑇(𝑡𝑤)) are
required.
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Table 1: Samples of smart card data.

Date Card ID O station Inbound Time D station Outbound Time
2014-11-17 1416107917 0248 09:15:45 1056 09:36:00
2014-11-17 1282520204 0751 09:20:00 0727 09:36:17
2014-11-17 0934484109 1060 09:13:56 0248 09:36:22
2014-11-17 1069233288 0411 09:22:54 0750 09:36:41

. . . . . .

Pure travel time

Metro
Route

Origin Destination

Actual travel time

Walking in cost time Walking out cost time
Boarding moment Alighting moment

Swiping Inbound Swiping Outbound

Waiting cost time

Transfer walking cost time

In-vehicle

Waiting cost time

{If it has transfer(s)}

Remark:
1) Cost time highlighted in red can be 
trimmed by train schedule;
2) Additional transfer walking cost time and 
transfer waiting cost time are required if the 
route contains transfer(s);

Platform

T(w)

T(p)

T(si)

T()

T(ab)
T(ao)

T(out)

T(so)

T(t) T(tw)

T(in)

· · ·

Figure 2: Passenger trip diagram by metro transit.

Here, 𝑇(𝑠𝑖)(inbound swiping time) is defined as the
moment passengers swipe in stations. 𝑇(𝑠𝑜)(outbound swip-
ing time) is defined as the moment passengers swipe out
of stations. The difference between 𝑇(𝑠𝑖) and 𝑇(𝑠𝑜) is the
passengers’ actual travel time during metro. Besides, 𝑇(𝑎𝑏)
(actual board time) is defined as the actual moment when
passengers board trains, while𝑇(𝑎𝑜) (actual alight time) refers
to the actual moment when passengers alight trains. Then,
the pure travel time (pure travel time, 𝑇(𝑝)) is the difference
between 𝑇(𝑎𝑏) and 𝑇(𝑎𝑜). It is obvious that the values of 𝑇(𝑎𝑏)
and 𝑇(𝑎𝑜) are limited to train arrival, which is related to the
train schedule.

3.3. AFC Data Trimmed by Train Schedule. The passengers’
travel time by metro (actual travel time is used in this paper)
can be obtained from the difference between the inbound
swiping time and the outbound swiping time from smart card
data. Obviously, the actual travel time could be different in
one OD pair if passengers select different route. When the
difference of route travel time between OD pairs is large,
passenger’s selected route can be easily decided based on the
travel time. However, smart card data contains inbound and
outbound walking time and waiting time, which are useless
information. Since trains’ arrival at stations is dispersed, some
passengers with different walking time may take the same
trains. That is to say, some passengers may take the train just
after they arrive at platforms, while some passengersmaywait
for a long interval for a train they just miss. Thus, the travel

time without waiting time and walking time at O station and
D station can present more useful information than the travel
time with waiting and walking time.

We could use train schedule to trim smart card data
by removing walking and waiting time at O stations and
walking time at D stations. The trimmed result can be
used in cluster algorithm, subsequently. Figure 3 shows
some passenger travel time before and after using AFC data
trimming algorithm. It can be seen that the original AFC
data are out of order, while these data after trimming are
orderly. The pure travel time could reflect some discrete
characteristics of train arrival and departure.

Themethod to determine passengers’ actual boarding and
alighting time is shown in Figure 4. First, for each AFC data,
its inbound station is set as 𝑆(𝑖𝑛) = 𝑆𝑙,𝑖, and its inbound time is
set as 𝑇(𝑠𝑖). Find train 𝑗 based on the following equation after
searching all trains which run pass 𝑆𝑙,𝑖 in order:

𝐷𝑗−1
𝑙,𝑖

≤ 𝑇(𝑠𝑖) ≤ 𝐷𝑗
𝑙,𝑖

(1)

It means that passengers can ride train 𝑗 to their destinations
or transfer stations. Thus the possible actual board time 𝑇(𝑎𝑏)
is

𝑇(𝑎𝑏) ← 𝐷𝑗
𝑙,𝑖

(2)

Similarly, the actual alighting time can be obtained in the
same way. Its outbound station is set as 𝑆(𝑜𝑢𝑡) = 𝑆𝑙,𝑖 , while its
outbound time is set as 𝑇(𝑠𝑜). Find train 𝑗 with the following
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Figure 3: A sample of AFC data before and after trimming.
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Figure 4: Determination of passengers’ actual boarding (1) and alighting (2) time.

equation after searching all trains which run pass 𝑆𝑙 ,𝑖 in
reverse order:

𝐴𝑗
𝑙 ,𝑖

≤ 𝑇(𝑠𝑜) ≤ 𝐴𝑗+1
𝑙 ,𝑖

(3)

Thus the possible actual board time 𝑇(𝑎𝑜) is

𝑇(𝑎𝑜) ← 𝐴𝑗
𝑙 ,𝑖

(4)

It should be noted that a least walking time is needed to enter
into or exit from the platform by gates. The minimum time
constraint 𝜀 is considered in 𝑇(𝑎𝑏) and 𝑇(𝑎𝑜) as follows:

𝐷𝑗−1
𝑙,𝑖

≤ 𝑇(𝑠𝑖) + 𝜀 ≤ 𝐷𝑗
𝑙,𝑖

(5)

𝐴𝑗
𝑙 ,𝑖

≤ 𝑇(𝑠𝑜) + 𝜀 ≤ 𝐴𝑗+1
𝑙 ,𝑖

(6)

Therefore, the pure travel time can be acquired by

𝑇(𝑝) = 𝑇(𝑎𝑜) − 𝑇(𝑎𝑏) (7)
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3.4. SynCAlgorithm. Based on the pure travel time, this paper
applies SynC algorithm analysis to process these data. This
part presents how to use the SynC algorithm to analyzemetro
passenger route choice.

3.4.1. Data Normalization. Before cluster, the data need to
undergo normalization since data points may have different
scales and dimensions which will affect the effectiveness of
clustering algorithm. Data normalization is firstly adopted to
make data fall into a certain range. This paper wants to make
inbound swiping time and pure travel time into the same
certain range to carry on the cluster.

Z-score normalization is used in this paper to carry
on data normalization, which is based on the mean and
standard deviations of attribute values. The advantage of Z-
score normalization is that it does not need to compute the
maximum and minimum values of the data set and has good
effects on the normalization of outliers. Its formula is

Ṽ𝑖 = V𝑖 − V
𝜎 (8)

where V is the mean value of attribute value, and 𝜎 is the
standard deviation of attribute values.

3.4.2. Synchronous Clustering Algorithm (SynC Algorithm).
Themain idea of SynC algorithm is to regard each data point
as an individual, and the similar points would get clustered.
The procedure of the algorithm is shown in Figure 5: firstly,
data points are independent and move close to their similar
data points, as shown in Figure 5(a)); secondly more and
more data points will gather together to the one with same
attribute, as shown in Figure 5(b)); finally, all similar data
points are clustered together to form a cluster center, while
some noise data are automatically isolated, as shown in
Figure 5(c)).

Some equations should be given in SynC algorithm.

Definition 1 (domain distance 𝜖). It means the maximum
distance from the given point.

Definition 2 (𝑁𝑏𝜖 (the 𝜖 collection of data point 𝑥)). Let 𝑥 be
a data point of data set𝐷;𝑁𝑏𝜖means the data whose distance
from 𝑥 is smaller than 𝜖:

𝑁𝑏𝜖 = {𝑦 ∈ 𝐷 | 𝑑𝑖𝑠𝑡 (𝑦, 𝑥) ≤ 𝜖} (9)

where 𝑑𝑖𝑠𝑡(𝑦, 𝑥) is the distance between data points 𝑥 and 𝑦.
Definition 3 (Kuramoto Amplitude of data point 𝑥). Let 𝑥𝑖 be
the 𝑖th dimension of data point 𝑥. After it is influenced by
other points in 𝑁𝑏𝜖, the Kuramoto Amplitude of data point𝑥𝑖 can be described as

𝑑𝑥𝑖𝑑𝑡 = 𝜔𝑖 + 𝑆𝑁𝑏𝜖 ∑
𝑦∈𝑁𝑏𝜖(𝑥)

sin (𝑦𝑖 − 𝑥𝑖) (10)

where 𝜔 can be ignored in this cluster algorithm, and 𝑆 is
a constant (equal to 1 in this part). Finally, the Kuramoto
Amplitude can be rewritten as

𝑥𝑖 (𝑡 + 1) = 𝑥𝑖 (𝑡) + 1𝑁𝑏𝜖 ∑
𝑦∈𝑁𝑏𝜖(𝑥)

sin (𝑦𝑖 − 𝑥𝑖) (11)

where 𝑡 is the time step, and 𝑡 = 0 represents the initial state.
Definition 4 (synchronous coordination parameter). It rep-
resents the degree of synchronous coordination of all data
points in the data set at the current time step:

𝑟𝑐 = 1
𝑁
𝑁∑
𝑖=1

∑
𝑦∈𝑁𝑏𝜖(𝑥)

𝑒−(𝑦𝑖−𝑥𝑖) (12)

It can be seen that synchronous coordination parameter of
the data set will increase gradually when more data points
gather together. And after the parameter does not change
for a long time, the data set achieves convergence within𝑁𝑏𝜖. It reaches a local synchronized status. Finally, when all
data points gather together (𝑟𝑐 → 1), it reaches a global
synchronized status.

Definition 5 (optimal domain distance 𝜖). Itmeans the cluster
result is the bestwhen 𝜖 is equal to a certain value.Theoptimal
distance can be determined according to the SynC algorithm
[28]:

𝑀𝑗 = argmin
𝑗

𝐿 (𝐷,𝑀𝑗) (13)

where 𝑀𝑗 is the 𝑗th cluster center of the given data; argmin𝑗
is the function that can calculate 𝑗 which leads the value of𝐿(𝐷,𝑀𝑗) to be minimum.𝐿(𝐷,𝑀𝑗) can be computed by following equations:

𝐿 (𝐷,𝑀𝑗) = 𝐿 (𝑀) + 𝐿 (𝐷 | 𝑀) (14)

𝐿 (𝑀) = 𝐾∑
𝑖=1

|𝐶𝑖|∑
𝑗=1

log2 ( 𝑁𝐶𝑖) + 𝐾∑
𝑖=1

𝑝𝑖2 log2 ( 𝑁𝐶𝑖) (15)

𝐿 (𝐷 | 𝑀) = − 𝐾∑
𝑖=1

∑
𝑥∈𝐶𝑖

log2 (𝑝𝑑𝑓 (𝑥)) (16)

where 𝐾 is the number of cluster centers; 𝐶𝑖 is the 𝑖th cluster
set; |𝐶𝑖| is the number of data points in 𝐶𝑖; 𝑝𝑖 is the data
dimension; 𝑝𝑑𝑓(𝑥) is the probability of data point 𝑥 which
belongs to 𝐶𝑖.

Therefore, the steps of synchronization clustering algo-
rithm (SynC algorithm) are described as follows, while the
flowchart of SynC algorithm is shown in Figure 6:

(1) Initial time step is set as 𝑡 = 0, and all data points are
regarded as independent cluster center.

(2) Set domain distance 𝜖, and calculate 𝑁𝑏𝜖 of all data
points.
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Figure 5: Sketch of synchronous clustering (SynC) algorithm process [28].
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Figure 6: Flowchart of SynC algorithm.

(3) Compute the Kuramoto Amplitude of all data points
using 𝑁𝑏𝜖, and data points of 𝑥𝑖(𝑡 + 1) can be
calculated when it moves to next time step (𝑡 = 𝑡 + 1).

(4) Compute the synchronous coordination parameter 𝑟𝑐
of this data set at this time step.

(5) If 𝑟𝑐 = 1, then it reaches a global synchronized status,
the algorithm ends and the optimal domain distance 𝜖
can be computed. If this is not the case, the algorithm
moves to step (6).

(6) If 𝑟𝑐 remains the same (𝑟𝑐(𝑡+1) = 𝑟𝑐(𝑡)), then it reaches
a local synchronized status. Let 𝜖 = 𝜖+Δ𝜖, 𝑡 = 0, move
to step (2), and start a new cluster. Otherwise, move
to step (3) and continue this cluster.

4. Case Study

To evaluate the proposed algorithm of smart card data
trimming and SynC, a real-life metro network (the Shanghai
Metro system, shown in Figure 7) with a large number of
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Destination

Origin

Figure 7: Shanghai metro network.

lines and stations is presented as a case study application.The
network consists of 14 transit lines and each has an upstream
direction and a downstream direction. There are totally 289
stations in the network, of which 42 stations are transfer
stations. Jinke Road Station andHuang Xing Road Station are
selected as O and D station in this case. Jinke Road Station is
surrounded by working companies, while Huangxing road is
located in the residential area. It leads to the fact that there
are larger passenger flows in the OD pair during the evening
peak.

4.1. Calculation Process

(1) OD Pair. Jinke Road Station (station code 0254) in line 2 is
taken as O station and Huangxing Road Station (station code
0844) in line 8 is taken as D station. Whole week data from
November 11, 2016, to November 15, 2016, are selected in this
case, which had 199 data records in total. (The AFC data were
obtained from the Shanghai Metro Company.)

(2) Train Schedules and AFC Data Trimming. To make the
case study easy to program, the planned train schedule
instead of actual schedule is used. And the planned train
schedule using at weekday during November 2016 is applied
in the case study, and all trains are assumed to operate
according to the train schedule strictly. Train schedule is used
to trim AFC data to obtain the pure travel time by removing
entry/exit walking time and waiting time according to the
proposed AFC data trimmed method. The process is shown
in Table 2.

(3) Data Normalization.The inbound swiping time is selected
as the X axis of cluster data set and the pure travel time
is selected as the Y axis. However, due to the different
dimensions of data points, data normalization is needed to
get a better cluster result. The normalization example of the
data points is shown in Table 3.

(4) Clustering Process. C#.Net programming language is
applied to program coding to achieve the algorithm. Figure 8
shows the process of SynC algorithm. The X axis is inbound
time after data normalization while the Y axis is pure
travel time after data normalization. And two horizontal
lines in each figure represent morning and evening peak
period, respectively. Each part in Figure 8 represents a local
synchronized status in SynC algorithm. At the first part,
each data point is regarded as a cluster center/centroid. The
data points automatically get together in local synchronized
status, leading centroids to be merged slowly in the following
parts. It can be seen that, with the clustering process, data
points gradually merge to form cluster centers, and noisy
data are isolated obviously at the same time, when reaching
the optimal domain distance as (13)-(16). The final result is
shown in Figure 9. Point color refers to the cluster they belong
to. The more the data points of the same color, the higher
the passenger flow this route has. Passenger route selection
probability during both peak and flat period is easy to obtain
with the result.

4.2. Algorithm Analysis. The cluster algorithm applies the
pure travel time which removes entry/exit walking time and
waiting time using train schedule. Some comparative analyses
are made in this part. Figure 10 shows the cluster results
using both AFC data with trimming (Figure 10(a)) and AFC
data without trimming (Figure 10(b)) by train schedule. It
is indicated that the trimming results could present metro
travel time characteristics clearly while the no-trimming
results present passenger travel time disorderly. Thus, pure
travel time trimmed by train schedules could represent some
discrete characteristics of metro transportation since it could
take train schedules into consideration.

4.3. Result Analysis. Table 4 shows cluster results by the
distinction of early peak, flat peak, and evening peak. This
table shows passengers preference on route choice with
different periods. And clusters with small passenger flow are
regarded as noisy. Table 5 shows the route list of this OD
pair in traditional model used in Shanghai Metro Company
[5]. The candidate route sets are generated according to the
K-short algorithm with route expected travel time, and the
selection probability of each route is calculated by logistics
model. It contains some possible routes that passengers may
choose to follow and the corresponding selection probability
of each route.This table is very important to metro operation
since it is used to calculate the passenger flow distribution
of the whole network. Also the allocation to each metro
line is decided by the line passenger flow computed by the
traditional model results.

The routes in Table 5 are used to link the cluster centers
in Table 4 according to the comparison of travel time. Take
Table 5 (route list) as a contrast; the following results can be
summarized from Table 4 (cluster result):

(1) There are mainly two routes during morning peak
period. About 60% of passengers choose the route
with a long time but less transfer (Route No. 3 in
Table 5), and 40% of passengers choose the route with
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Table 2: Process of AFC data trimming.

Card ID Inbound time Outbound time Card ID Actual board time Actual alighting time
2914517671 07:18:57 08:15:27

Trimming→
2914517671 07:24:53 08:11:50

1119250823 07:21:09 08:17:47 1119250823 07:24:53 08:16:50
2663388071 07:22:15 08:20:28 2663388071 07:24:53 08:14:20
3525029280 10:09:43 11:04:26 3525029280 10:14:10 10:59:02
1454658848 16:27:52 17:15:59 1454658848 16:31:50 17:11:19. . . . . . . . . . . .

Table 3: Data normalization.

ID Inbound time Pure travel time ID Inbound time Pure travel time
1 07:24:53 2817

Normalization→
1 -2.260 -0.382

2 07:24:53 3117 2 -2.260 -0.268
3 07:24:53 2967 3 -2.260 -0.057
4 10:14:10 2692 4 -1.516 -0.652
5 16:31:50 2369 5 0.143 -1.352. . . . . . . . . . . .

Table 4: Result of synchronous clustering algorithm (Sync).

Clusters Normalized X
axis Alighting time∗ Normalized Y

axis
Pure travel
time∗ Passenger flow (Data

count) Ratio Remark

Morning Peak
1 -2.165 7:46:28 0.225 3097.2 17 58.6%
2 -2.055 8:11:22 -1.051 2508.0 12 41.4%

Flat Period
3 -1.301 11:03:05 -0.232 2886.0 9 36.0%
4 -1.065 11:56:50 0.737 3333.7 3 12.0% Noisy
5 -0.719 13:15:37 1.769 3810.3 2 8.0% Noisy
6 -0.404 14:27:06 -0.328 2841.9 11 44.0%

Evening Peak
7 0.464 17:44:50 1.138 3519.0 19 13.1%
8 0.474 17:46:59 3.923 4805.2 2 1.4% Noisy
9 0.485 17:49:36 -0.033 2978.3 88 60.7%
10 0.763 18:52:50 -0.947 2555.8 36 24.8%

Table 5: Route list of the OD pair according to traditional model [5].

Route ID Origin Destination Pass Line Travel time Selection probability
1 0254 0844 2-10-8 2509 50%
2 0254 0844 2-4-10-8 2621 33%
3 0254 0844 2-8 2981 17%

a short time (Route No. 1 in Table 5). This result is
not similar to Table 5. It is a bit surprising that not all
passengers selected the route with the shortest travel
time.The possible reasons for selecting the route with
a longer travel time but less transfer during peak
period are that passengers may want to avoid station
congestion. Station congestion may lead to the fat
that they miss the first arrival train because of not
enough space in vehicle and too many passengers on
the platform.Thus, passengers may think the transfer
could take them more time in their trips during
morning peak.

(2) As shown in Table 4, the difference between cluster
3 and cluster 6 is small; thus these two clusters can
actually be considered the same one. After linking
clusters to routes, we could find that most passengers
choose Route No. 1 or Route No. 2, while few choose
Route 3 during flat period, which is in line with
the result of Table 5. The results can reveal the fact
that passengers do not expect shorter travel time but
expect more comfortable service instead during flat
period. Besides, many noisy points could be found
during flat periods, which is relative long travel time
with less passenger flow in metro system. It means
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Figure 8: Process of synchronous clustering (SynC) algorithm.
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Figure 9: Result of synchronous clustering (Sync) algorithm.

passengers may not be in a hurry on their trips during
flat periods.

(3) Passenger flow mainly occur during evening peak
from Jinke road to Huangxing road, accounting for
more than 70% of the total passenger flow on a whole
day.The result shows that passengers are not sensitive
to travel time during evening peak. A small number of
passengers (about 25%) select Route No. 1 and Route
No. 2, while themajority of the passengers (13%+61%)

choose RouteNo. 3, which is different from the results
in Table 5. It may be because that passenger prefer to
travel with less transfers during evening peak.

Metro passenger route choices could be various for their
travel time and their inbound time, especially for peak and
flat period. In this case study, passengers are more likely
to choose Route No. 3 (with less transfer) during morning
and evening peak while passengers are more likely to choose
Route No. 1 or Route No. 2 (with less travel time) during flat
period. Passengers’ route choices may be influenced by both
their travel moment and travel cost time.

It should be noted that smart card data with only a week
range are used in the case study.The passenger route selection
probability would bemore reliablewithmore smart card data.
Therefore, the result of the algorithm can be used to revise
traditional model results like those of Table 5.

4.4. Algorithm Extension. The proposed algorithm can be
applied to other OD pairs easily on metro network. But there
are two limitations in the algorithm of AFC data trimmed by
train schedule when it is used for other OD pairs. The one
is that passengers can choose any transit line to finish their
trips when origin station or destination station is a transfer
station. The other one is that passengers can choose either
upstream trains or downstream trains of the transit line to
finish their trips when origin station or destination station
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Table 6: Applicability of the proposed algorithm in Shanghai metro network.

Situation ID Situation Name OD pairs
count

OD pairs
percent

Passenger flow
count

Passenger flow
percent

119918 100% 5313949 100%

1 OD pairs with unclear
routes 23390 19.50% 606245 11.41%

2 OD pairs with similar
travel time 7193 6.00% 98003 1.84%

3 OD pairs with small
passenger flow 25737 21.46% 26810 0.50%

4 Noise data 4112 3.43% 95712 1.80%
(Same in and out)

5 applicable OD pairs 53233 49.61% 4520205 84.44%
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Figure 10: Comparison of cluster results after and before data trimming.

is a normal station. These two kinds of OD pairs are called
unclear routes OD pairs.The algorithm of AFC data trimmed
by train schedule cannot be applied to these two kinds of OD
pairs.Themain reason is that passengers’ walking in cost time
or walking out cost time is not able to be removed from AFC
data since it is not clear which transit line or which upstream/
downstream trains of metro schedule should be chosen.

There are also two limitations in the SynCalgorithmwhen
it is used for other OD pairs. One is that it is useless to apply
the algorithm into the OD pairs whose travel time of routes
is similar. Routes cannot be clustered by these similar travel
times.Theother is that the SynC algorithm is uselesswhen the
passenger flow is very low between the OD pairs. The cluster
algorithm cannot work with such less data.

Shanghai metro network is applied to discuss the applica-
bility of the proposed algorithm, as shown in Table 6.The date
of selected data is November 15, 2016. There are 119,918 OD
pairs in this network and 5,313,949 passengers traveling on
that day. Some interesting findings can be obtained as follows:

(1) There are about 20% OD pairs (23,390, 19.50%) in
which passengers can ride more than one line to
their destinations. These OD pairs contain 1) both
upstream and downstream lines which are both fea-
sible routes and 2) many routes which are feasible in
original/destination stations when they are transfer

ones; thus the proposed algorithm of AFC data
trimming by train schedule cannot be used in this
type of OD pairs, accounting for 11.41% passenger
flow (606,245).

(2) There are about 6.00%ODpairs (7,193) having similar
travel time.The SynC algorithm cannot use these data
to cluster distinct points.

(3) However, more than 20% OD pairs (25,737) contain
less than 5 passengers on a whole day. Such small
passenger flow is useless for cluster. But there are only
26,810 passengers (accounting for 0.50%) traveling
though these OD pairs.

(4) AFC data also contains some noisy data; for example,
passengers may swipe in and swipe out from same
stations. There are about 4,112 OD pairs (3.43%),
accounting for passenger flowof 95,712 (1.80%).These
data are useless for the analysis of passenger behavior
among metro system.

(5) Therefore, besides those above data, the proposed
algorithm can be used in about 50%ODpairs (53,233,
49.61%) to cluster passenger travel routes, while
more than 85% AFC data (passenger flow, 4,520,205,
84.44%) can be used in clustering.That is to say, most
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AFCdata are useful for the analysis of passenger route
behavior.

5. Conclusion

This paper studied metro passenger route choice with train
schedule and cluster algorithm. On the basis of AFC data,
the algorithm of AFC data trimmed by train schedule was
proposed to obtain pure travel time. The results were then
used in synchronous clustering algorithm to analyze the
passenger route choice (selection probability) under time
constraints. Then, a case study by using Shanghai metro
data was conducted to validate the proposed algorithm. It
was indicated that the probability of route choice can be
calculated through SynC algorithm in different periods, and
thus the algorithm can be used to revise traditional model
results.Theproposed algorithm can help to analyze passenger
route preference with smart card data without traditional
methods which contains a large number of parameters. And
the passenger route preference would be relatively accurate
with more smart card data.

However, there are some limitations in the proposed
methodwhich needs further research. (1)The journey time of
different routes over different periods should be different.The
travel time in Table 5 in the results of the paper has theoretical
values, which are calculated by train section running time
and passenger transfer cost time. The results do not consider
congestion in trains and variable train operation headway
in the calculation. Thus, further research should be made
in the determination of dynamic travel time of passenger
routes over periods. For example, congestion data in the train
carriages and on the platforms of stations, which can be
acquired by passenger flow detection devices based on image
recognition, are useful for calculating dynamic journey time
of passenger routes over periods. (2) Besides, how to link
these clustering results to these travel routes automatically
needs a further study, in order to make the data process more
complete.
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“Analyzing year-to-year changes in public transport passenger
behaviour using smart card data,” Transportation Research Part
C: Emerging Technologies, vol. 79, pp. 274–289, 2017.

[18] H. Faroqi, M. Mesbah, and J. Kim, “Spatial-temporal similarity
correlation between public transit passengers using smart card
data,” Journal of Advanced Transportation, vol. 2017, 2017.

[19] W. Zhu, W. Wang, and Z. Huang, “Estimating train choices of
rail transit passengers with real timetable and automatic fare



Journal of Advanced Transportation 13

collection data,” Journal of Advanced Transportation, vol. 2017,
Article ID 5824051, 12 pages, 2017.
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The urban rail transit line operating in the express and local trainmode can solve the problem of disequilibrium passenger flow and
space and meet the rapid arrival demand of long-distance passengers. In this paper, the Logit model is used to analyze the behavior
of passengers choosing trains by considering the sensitivity of travel time and travel distance. Then, based on the composition of
passenger travel time, an integer programming model for train stop scheme, aimed at minimizing the total passenger travel time,
is proposed. Finally, combined with a certain regional rail line in Shenzhen, the plan is solved by genetic algorithm and evaluated
through the time benefit, carrying capacity, and energy consumption efficiency. The simulation result shows that although the
capacity is reduced by 6 trains, the optimized travel time per person is 10.34 min, and the energy consumption is saved by about
16%, which proves that the proposed model is efficient and feasible.

1. Introduction

With the continuous expansion of urban scale and the
development of urban rail transit network, the round-trip
passenger flow between city centers and suburbs grows
gradually. As the central city is saturated basically, more and
more companies and residential buildings tend to transfer
to the suburbs, which further promotes the swelling of the
traffic flow. Besides, due to the extension of urban rail transit
line, it forms long-distance regional rail transit lines [1]. If
the train stops frequently, it will inevitably cause the increase
of travel time, thereby reducing the operational efficiency
and being not conductive to the efficient development of
rail transit. And long-distance commuters want to arrive
their destinations as soon as possible and passengers at
stations along the routewish to reach the destinationswithout
transfer. Therefore, cities need to use express and local train
operating mode to meet the demands for the commuters [2].
On the one hand, from the passenger’s point of view, this
model can shorten the travel time of commuting passenger

flow and improve the passenger service level, but at the same
time, it will increase the travel time of some local passengers
to a certain extent and affect their travel experience. On the
other hand, for operating enterprises, the mode will save
the train energy consumption, thereby enhancing operational
efficiency, but the system carrying capacity will be reduced.
For this reason, how to ensure the stop scheme of express
trains reasonably and save the passenger travel time to an
extreme is a significant project at present.

In view of the demand for commuters, scholars mainly
study the mode of the express and local train and the
plan of the full-length and short-run route. Based on the
express and local train operation mode, the literature mainly
considers the travel demand of passengers. For instance, L.
Wang [3] considered the shortest total travel time of the
passengers to build up an optimization model. R. Tang [4]
constructed a linear programming model with the goal of
maximizing passenger satisfaction, which is reducing average
passenger waiting time. Hassannayebi E et al. [5] studied
the optimal time table of express/local train and built up
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a model in order to reduce the passenger waiting time by
using variance and penalty function. Chun J H et al. [6] come
up with the express/local train mode, which can solve the
problem of passenger crowding and train delay with build-
ing the model of minimizing the number of serviceable cars.
Y Lai et al. [7] took transfer passengers into account and then
established an innovative network structure to study the train
stop plan. Y. Gao et al. [8] proposed a biobjective program-
ming model to achieve the simultaneous minimization of
the energy consumption and the travel time. However, the
above literature sources do not consider the travel process
comprehensively. In the combination mode, there is a situa-
tion that express trains cross through local trains. And this
part of time should not be ignored. Therefore, Canca D et
al. [9, 10] also mainly considered meeting the travel demand
of the passenger flow from the passenger angle by adjusting
the train schedule including the overtaking factor. However,
they ignored the commuting passengers’ sensitivity to travel
time, whose travel purpose is to arrive the destination quickly.
Therefore, D. Di et al. [11, 12] established a passenger path-
choice model to determine the passenger principle in path
choice by considering perception difference of time without
considering the effect of travel distance.

In the condition of the full-length and short-run route,
the recent studies mainly focused on the selection of short-
run route, service level, traffic capacity, and rolling stock [13].
For example, J. Q. Liao [14], respectively, devised the opera-
tion scheme in condition of the single route and the full-
length and short-run route aiming at the maximum travel
saving time of all passengers. Q. Hu et al. [15] analyzed
the section of short-run route from the use of the rolling
stock and capacity. However, the operation scheme plan of
mixed-routing cannot save the travel time for long-distance
passengers and solve the problem of commuting effectively.

To sum up, based on the analysis of the composition
of passenger travel time and passenger selection behavior,
this paper makes a reasonable stop scheme of express trains
aiming to reduce the total travel time to maximize the
operational efficiency of express/local train for regional rail
transit line.

The remainder of the paper is organized as follows.
Section 2 analyzes the passenger flow characteristics and the
effect of travel time and carrying capacity in the condition
of express and local train operating mode. In Section 3,
a stopping plan optimization model of trains based on
minimizing the total passenger travel time is established, and
then the model is solved by genetic algorithm. In Section 4,
an example of a regional line in Shenzhen is provided to
optimize the train stop plan by using themodel and algorithm
above and evaluate it by the travel time, the capacity, and
the energy consumption comparedwith the general plan.The
final section draws the conclusions and proposes some issues
for future.

2. Analysis of Passenger Flow Characteristics
and Effects

2.1. Passenger FlowCharacteristics. The long-distance region-
al rail transit line is connected in series with urban areas,

suburbs, and satellite towns, and the intercity passenger flow
is not only large, but also imbalanced in time direction.
During themorning rush, the traffic flowmoves from satellite
towns or suburbs to the downtown, and at the evening peak,
the situation is opposite. Meanwhile, with different levels
of development along the rail transit, the passenger volume
of boarding, and alighting at stations are also inconsistent,
and overall, they show the disproportion of the section
flow. Consequently, two types of the fluctuating passenger
flow have demands for regional express rails: commuters
prefer to take the through train from downtown area to the
suburban, while short-distance passengers want to reach any
two stations directly.

2.2. Travel Time Cost. Although operating express/local train
prolongs the total trip time of passengers who take local train
because of overtaking, it saves the time of those passengers
who take express train.

2.3. Carrying Capacity. Express and local train scheme will
reduce the capacity of lines [16]. In the traditional pattern,
the line capacity 𝑛𝑟 is only related to the minimum headway𝐼, and its calculating method is as formula (1). However, the
carrying capacity of express/local train takes the deduction
coefficient method for calculation and analysis. The deduc-
tion coefficient of the express train refers to the number of the
local cars deducted from the parallel operation chart because
of drawing an express train, and the formula is as (2) [17].

𝑛𝑟 = 3600𝐼 (1)

𝜀𝑒 = 1 + (𝑡𝑑𝐼 ) − 𝑘 (2)

where 𝜀𝑒 is the deduction coefficient of the express train, 𝑡𝑑
is the difference of travel time of express/local train, and 𝑘
means the times which are crossed of slow trains.

2.4. Train Energy Consumption. In daily operation, in addi-
tion to the maintenance of infrastructure, the energy con-
sumption during the train operation also accounts for a large
proportion [18]. And compared to the normal train mode,
where trains stop at all stations, the express train only stops
at some stations, so the operating scheme of the express
and local train reduces the energy consumption of traction
and braking at start and stop, and it can achieve the energy
saving and emission reduction. In terms of the operating
enterprise, it has great benefit [19]. And the equations of
energy consumption calculation and parameters (Table 1) are
as follows:

𝐸 = 𝐸𝑡 + 𝐸𝑏 (3)

𝐸𝑡 = 𝑓1+𝑓2∑
𝑚=1

𝑛∑
𝑖=1

(∫𝑙𝑡
0
𝐹𝑡𝑑𝑙) (4)

𝐸𝑏 = 𝑓1+𝑓2∑
𝑚=1

𝑛∑
𝑖=1

(∫𝑙𝑏
0
𝐹𝑏𝑑𝑙 − 𝐸𝑟) (5)
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𝐸𝑟 = 𝑓1+𝑓2∑
𝑚=1

𝑛∑
𝑖=1

𝑓1+𝑓2∑
𝑘=𝑚+1

𝑥𝑚,𝑘 ⋅ ∫𝑙𝑡
0
𝐹𝑏𝑑𝑙 ⋅ 𝜉 ⋅ 𝑡𝑐𝑡𝑏 (6)

where (3)means the total energy consumption, (4) is the train
traction energy consumption, (5) is the energy consumption
of train braking, and (6) shows the energy saved in regenera-
tive braking.

3. Optimization Model and Algorithm

3.1. Problem Description. First, operating express/local train
combination plan is mainly for commuting problem, so
this paper chooses the morning peak as the optimization
period to study. Second, two kinds of trains own the same
technical parameters. Third, although the line is divided into
the upstream and downstream direction, the model only
discusses the one-way situation where the passenger flow
is larger. And then, the regional rail transit line which this
paper studies canmeet the demand of passenger flowwithout
the situation of passenger retention. The last assumption is
that passengers’ arriving can all be considered to follow the
normal distribution.

3.2. Modeling. Passenger travel time 𝑡 includes waiting time𝑡𝑤 and running time 𝑡𝑟 like formula (7), in which the total
passenger waiting time consists of two parts: the first part is
the normal passenger waiting time when the foregoing local
train is not overtook, and the second part is the increased
passenger waiting time at stations caused by overtaking. And𝑡𝑟 includes the interval running time and station dwell time.

𝑡 = 𝑡𝑤 + 𝑡𝑟. (7)

3.2.1. Analysis of Passenger Selecting Behavior for Train. The
research object is commuting passenger flow with early
morning rush hour. Considering that passengers are gener-
ally unwilling to transfer, this paper assumes that passengers
at most experience one transfer in the same line and same
direction. Besides, when OD are both express train stations,
passengers will not choose the transfer way from express to
local train [20]. Therefore, according to the different nature
of origin and destination, all kinds of the travel selection
behavior are shown in Table 2.

The behavior of passengers selecting trains can be ana-
lyzed by Logit model like formula (8) [21]. And (9) shows the
passenger flow who selects some kind of travel mode [22].

𝑝(𝑘)𝑖𝑗 = exp (−𝜃 ⋅ 𝑐(𝑘)𝑖𝑗 )∑𝑘∈𝑆 exp (−𝜃 ⋅ 𝑐(𝑘)𝑖𝑗 ) (8)

where𝑝(𝑘)𝑖𝑗 is the passenger ratio choosing themode 𝑘 to travel
from station 𝑖 to 𝑗, 𝜃 is the passenger expectation variable
based on travel impedance which is inversely proportional to
the passenger expectation, 𝑐(𝑘)𝑖𝑗 is the impedance choosing the
mode 𝑘 to travel from station 𝑖 to 𝑗, and 𝑆 is collection of travel
modes.

𝑞(𝑘) = 𝑞𝑖𝑗 ⋅ 𝑃(𝑘)𝑖𝑗 (9)

where 𝑞(𝑘) is the passengers choosing mode 𝑘 to travel and 𝑞𝑖𝑗
is the passengers flowing from 𝑖 to 𝑗.

Passenger travel impedance is mainly affected by both the
train running time 𝑡𝑦 and travel distance 𝑙, and the combined
impedance is determined by the weight of both.

(1) Train Running Time. When passengers travel from local to
express station or just the reverse, they need to think about
transferring. The principles are as follows.(1) 𝑡(𝑡𝑟𝑎𝑛𝑠) > 𝑡(𝑙), where 𝑡(𝑡𝑟𝑎𝑛𝑠) is the total time of changing
trains and 𝑡(𝑙) only refers to the time of local train. In addition,
the transfer time is as

𝑡(𝑡𝑟𝑎𝑛𝑠) = 𝑡1𝑤 + 𝑡1𝑟 + 𝑡2𝑤 + 𝑡2𝑟 (10)

where 𝑡1𝑤 and 𝑡1𝑟 , respectively, represent the waiting time
and running time including dwell time of the first train for
passenger; 𝑡2𝑤 and 𝑡2𝑟 , respectively, represent the samemeaning
for the second train.(2) When passengers consider taking local train to
express, they not only need to take the total time into account,
but also need to think of whether the middle has express
station to supply to transfer.

(2) Travel Distance. The operation ratio of express and local
train can be estimated by the number of passengers whose
travel distance is greater than five sections and less than five
sections, like the following formula [23]:

𝑝 = ∑|𝑖−𝑗|>5 𝑞𝑖𝑗∑|𝑖−𝑗|≤5 𝑞𝑖𝑗 . (11)

From the above two parts, the combined impedance is as (12)
and the flow chart of passengers train-choice behavior is as
shown in Figure 1.

𝑐(𝑘)𝑖𝑗 = 𝜇1 ⋅ 𝑡𝑦 + 𝜇2 ⋅ 𝑙 (12)

where 𝜇1 and 𝜇2 are the weight of train running time and
travel distance, and they depend on the specific situation.

3.2.2. Objective Function. Total travel time 𝑡 is calculated as
formula (13) and the model parameters are listed in Table 3.

𝑡 = ( 𝑓1∑
𝑚=1

𝑞(𝑙)𝑖𝑗−𝑚 + 𝑥𝑞 ⋅ 𝑓2∑
𝑚=1

𝑞(𝑒)𝑖𝑗−𝑚) ⋅ ( T2 ⋅ (𝑐1𝑓1 + 𝑐2𝑓2)
+ 𝑖−1∑
𝑘=1

𝑐1ℎ𝑘𝑥𝑘 + 𝑡𝑖𝑗 + 𝑗−1∑
𝑤=𝑖+1

(𝑡𝑠 + 𝑐1𝑥𝑤ℎ𝑤)) .
(13)

In conclusion, when the number of stations is 𝑛, the paper
establishes the following objective function to achieve the
minimization of the total passenger travel time as follows:

min𝑍 = min(𝑛−1∑
𝑖=1

𝑛∑
𝑗=𝑖+1

𝑡)
s.t. 𝑞𝑖𝑗−𝑚 ≤ 𝜂max ⋅ 𝑎

𝑓𝑑 ≥ 1 (𝑑 = 1, 2, 3) .
(14)
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Table 1: Energy consumption model parameters.

Parameters (unit) Explanation𝐸 (KJ) The total energy consumption𝐸𝑡 (KJ) The traction energy consumption𝐸𝑏 (KJ) The braking energy consumption𝐸𝑟 (KJ) The regenerating energy𝑙𝑡 (m) The distance of traction𝐹𝑡 (KN) The net force of traction process

𝑥𝑚,𝑘 Boolean variable. When the𝑚𝑡ℎ and 𝑘𝑡ℎ train are in the same power supply section,
the value is 1; otherwise, the value is 0.𝑙𝑏 (m) The distance of braking𝐹𝑏 (KN) The net force of braking process𝜉 The energy transformation ratio

𝑡𝑐 (s) The overlapping time of the acceleration time of the𝑚𝑡ℎ and the braking time of the𝑘𝑡ℎ.𝑡𝑏 (s) The braking time of the 𝑘𝑡ℎ train.

Table 2: Passenger selection behavior.

OD Local train station Express train station

Local train station Local train Local train
Local train→Express train

Express train station
Local train Local train

Local train→Express train
Express train→Local train

Express train

Table 3: Model parameters.

Parameters (unit) Explanation𝑓1 (time/h) The operating frequency of the local train𝑓2 (time/h) The operating frequency of the express train𝑥𝑞 Boolean variable. When the 𝑖 station and 𝑗 station are both local stations, the value is zero.𝑞(𝑙)𝑖𝑗−𝑚 (person) The number of passengers waiting for the𝑚𝑡ℎ train which is the local train𝑞(𝑒)𝑖𝑗−𝑚 (person) The number of passengers waiting to the𝑚𝑡ℎ train which is the local train
T (min) The length of the optimized period

𝑐1/𝑐2 Boolean variable. When passengers take the local train, the value of 𝑐1 is one, 𝑐2 is zero, and when passengers
take the express train, the value of 𝑐1 is zero, 𝑐2 is one.ℎ𝑘 (min) The increased delay time because the slow train is crossed by the express train at preceding stations

𝑥𝑘 Boolean variable. When the slow train is crossed by the express train at the 𝑘𝑡ℎ station, the value is one;
otherwise, the value is zero.𝑡𝑖𝑗 (min) The interval running time of trains𝑡𝑠 (min) The dwelling time at stations

𝑥𝑤 Boolean variable. When the local train is crossed by the express train at the 𝑤𝑡ℎ station, the value is one;
otherwise, the value is zero.ℎ𝑤 (min) The increased dwell time in the trains because the local train is crossed by the express train at this station𝑞𝑖𝑗−𝑚 (min) The number of passengers waiting for the𝑚𝑡ℎ train𝜂max Maximum section load factor𝑎 Passenger capacity of the train
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Figure 1: The flow chart of passenger train-choice behavior.

3.3. Solution Algorithm. The evolutionary algorithm, which
is represented by genetic algorithm, uses crossover and
mutation operator to realize the information exchange and
local search between individuals in the group and provides
each individual with the opportunity of optimization [24].
Through the competitive selection mechanism of survival of
the fittest, the evolutionary algorithm guides the population
to the better. Exactly, the unique binary coding rule of
genetic algorithm is suitable for the value of 0-1 of the train
stop strategy. Besides, instead of starting from a point and
optimizing according to a fixed route, it searches the whole
feasible solution space at the same time, so it can avoid falling
into a local optimum and find the global optimal results. The
steps are as follows.(1) Population initialization. It generates𝑁 binary coded
individuals randomly, and the length is the number of
stations, where in code, 1 means that express train will stop
at the corresponding station and 0 means no stopping. What
is more, because the express train must stop at the original
and terminal stations, the encoding is 1.(2) Ensuring the fitness function. It constructs the fitness
function as formula (15). The greater the fitness value, the
better the individual.

𝑢 (𝑥) = 𝑀 − 𝑓 (𝑥) (15)

where𝑀 means the total time of general mode and 𝑓(𝑥) is
the time of combination mode with every plan.(3) Taking the operations of selecting, crossover, and
mutation. The selection operation adopts roulette method,
the crossover operator is uniform crossover, and themutation
operator is a single point mutation.(4) After an iteration, the worst individual is replaced
by the best individual in the current generation, that is also
called “survival of the fittest”.
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ZYK

KZ
ST

HZNNHL
DH

Figure 2: The regional rail transit line in Shenzhen.

(5)With the requirement of iterations, steps 4 and 5 are
repeated.

4. Case Analysis

4.1. Line Profile. Taking a certain line in Shenzhen as an
example (Figure 2), this paper analyzes and verifies the
optimization of the express and local train stop problem.The
data required in the example analysis is shown in Table 4, the
OD passenger flow during the morning peak (8:00∼9:00) is
shown in Table 5, and the length of interval and pure runtime
of trains are followed in Table 6. Besides, according to the
OD data, the passenger flow of boarding and alighting and
the distribution of section flow of up direction (GXB→HZN)
and down direction (HZN→GXB) are, respectively, shown in
Figures 3, 4, and 5.
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Table 4: Values of case parameters.

Parameters (unit) Value Parameters (unit) Value
Length (km) 53.07 Train composition A8
The number of stations 18 Dwell time (s) 30
Minimum headway (s) 120 Maximum running time (km/h) 120
Passenger capacity (person) 2480 Maximum section load factor 100%
Passenger expectation variable 𝜃 0.9 Weight 𝜇1 0.6
Weight 𝜇2 0.4
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Figure 4: The passenger flow of boarding and alighting of down
direction.

4.2. Solution. This paper uses the genetic algorithm to solve
the model. Different parameters will affect the speed and
results of the algorithm.The paper uses two of the population
sizes, crossover probability and mutation probability, as the
independent variables and the other two as the dependent
variables to analyze the influence of the values on algorithm
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Figure 5: The distribution of section passenger flow.
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of iterations.

results. When the values of the population size were from 30
to 150, the results showed that the final fitness value did not
changewith the population size, while the rate of convergence
will be affected as shown in Figure 6. And according to the
current literature that the range of the crossover rate is 0.4
to 0.99 and 0.001 to 0.1, respectively [25], the paper supposes
that the crossover rate steps and the mutation rate steps are
0.5 and 0.005. The results show that although the number of
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Table 6: The length of interval and pure runtime of trains.

Interval Length (km) Runtime (min) Interval Length (km) Runtime (min)
GXB-HMG 2.905 2.563 BL-SH 4.213 2.922
HMG-QSH 4.279 3.363 SH-PSW 1.566 1.521
GSH-BJ 2.494 2.113 PSW-ZYK 2.007 1.714
BJ-SYL 3.535 2.84 ZYK-KZ 4.926 3.339
SYL-SL 6.364 4.173 KZ-ST 3.229 2.367
SL-AB 3.428 2.503 ST-NHL 1.623 1.634
AB-DY 2.413 1.915 NHL-DH 1.745 1.795
DY-NY 6.037 4.35 DH-HZN 1.238 1.241
NY-BL 2.072 1.756

Table 7: Values of algorithm parameters

Parameters Value Parameters Value

Population 50 Crossover
probability 0.8

Iterations 150 Mutant
probability 0.05
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Figure 7: The relationship between the crossover rate and number
of iterations.

iterations changes, iterations have little difference from each
other and the final fitness value is invariable as Figures 7 and
8 show. Therefore, the final algorithm parameter values are
shown in Table 7.

According to the case data, the maximum cross-section
passenger flow appears at the BJ station in the downward
direction, with 49333 people, so that the number of departure
times during the optimization period is 20 pairs/h. As the
downward direction of the cross-section of the passenger
flow is much larger than the upward direction, it is designed
to operate the express and local train mode in the down
direction. And in this situation, the optimal result is different
with the different proportion of the express/local train.
Based on the OD in Table 5 and formula (11), the ratio is
approximately 1:2. However, in order not to leave out all the
plans, the paper takes 3:1, 2:1, 1:1, 1:2, 1:3 as alternatives.

The case is calculated and analyzed according to the
algorithm parameter in Table 7 and fitness function set as
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Figure 8: The relationship between the mutation rate and number
of iterations.
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Figure 9: Variation of total travel time.

(15). Figure 9 shows the changing of travel time value. When
the proportion is 1:2, that is to say, operating 6 express trains
and 14 local trains, the passenger travel time is optimal.
Corresponding express station stop scheme is shown in
Table 8, in which 1 stands for stopping at station and 0 for
no stopping, and express train overtakes the local at station
ST and PSW without stopping.
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Table 8: The best express train stop scheme.

Station HZN DH NHL ST KZ ZYK PSW SH BL NY DY AB SL SYL BJ QSH HMG GXB
Plan 1 0 1 0 0 0 0 1 1 1 1 1 1 1 1 0 0 1

Table 9: Total travel time comparison.

Compared content (unit) General mode Combination mode Time benefit Per capita benefit
Total travel time (min) 3 638 656 2 469 317 1 169 339 10.34 min

HZN
DH

NHL

ST

KZ

ZYK
PSW
SH

BL

Local
train

Local
train

Express
train

Figure 10: The sketch of train operation.

4.3. Results Analysis

4.3.1. Time Benefit Analysis. Compared with the general
mode which only operates the local trains, the combination
saves the passenger travel time with taking the express trains,
whereas part of the passengers’ time is increased because of
slow trains. In the condition of the same train frequency,
comparing the total travel time before and after the plan,
like Table 9, we can see that in the specific passenger flow
conditions, the time benefit is quite obvious.

4.3.2. Capacity Analysis. It has an effect on carrying capac-
ity due to operating the express/local train. According to
the parameters in the foregoing case, when the minimum
headway is 120s and the ratio of express and local train is
6:14 (roughly 1:2), where the capacity of general mode is 30
pairs/h, while in condition of the combination mode, the
capacity depresses to 24 pairs/h.

From the stop scheme, we draw a train graph like Fig-
ure 10. With not considering the train turnaround temporar-
ily, here we only draw the sketch of two sets of express/local
train combination which run from the station HZN to the
BL, and the start order is the local train, local train, and the
express train, respectively. In a triple of the combination, the
first local train is crossed at station PSW, and the second is
overtaken at ST without others.

4.3.3. Energy Consumption Comparison. The difference
between the energy consumption of express trains and slow
trains is mainly caused by the express train running directly
at some stations without stopping and experiencing a kind of
uniform speed at a longer distance in the interval. The train
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Figure 11: The sketch of traction curve.

traction curve, brake curve, and speed curve diagrammatic
drawing are as shown in Figures 11, 12, and 13, respectively.
Traction energy consumption and braking energy consump-
tion are calculated by (4) and (5), and (6) represents the
regenerative braking energy. Above all, the total consumption
is as formula (3). In this case, there are three substations along
the rail line. Under the above optimal stopping plan and the
series calculation of train energy consumption, the results
are compared in Table 10. It shows that the express/slow train
mode has great advantages in energy saving and ensures the
efficiency of the operating enterprises.

5. Conclusion

This paper studied the problem of the train stopping schedule
in the condition of express and local train operation mode.
With the analysis of the passengers’ requirement to minimize
the travel time, travel distance, and mainly the stations,
the paper established a passenger train-choice model and
used the entropy method to calculate the weight coefficient
scientifically. On this basis, a 0-1 integer programming
mathematical model aimed at minimizing the total travel
time was set up, and the genetic algorithm was designed to
solve themodel. Finally, the algorithm result was insensitivity
with the parameters. Besides, the travel time and energy
consumption were both saved effectively through the case
analysis, resulting in a considerable social benefits. However,
the combination of express and local train operation reduced
the line capacity, and the actual operation can change the ratio
of express/local train to get relatively large capacity.
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Table 10: Train energy consumption comparison.

Compared content (unit) General mode Combination mode benefit Benefit rate
Energy consumption (KJ) 1.41 × 108 1.19 × 108 2.26 × 107 16%
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Figure 12: The sketch of brake curve.
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Figure 13: The sketch of speed curve.
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Out of waiting times spent in rail stations on boarding platforms, some part can be reinvested by the trip-makers to optimize
their positions of boarding and save on travel time for the rest of their trips. This paper provides a stochastic model, in which
user’s journey is decomposed into phases of, successively, walking in the access station, platform positioning, waiting for boarding,
train riding, and walking in the egress station. Walking speed and target position are modeled as individual factors, and in-station
distances as random variables. Service timetable is exogenous. This makes egress times and exit instants random variables that are
characterized by distribution and mass probability functions under closed-forms, for both single and distributed walking speeds.
Specific statistical distributions are shown to ease computation.The resulting PDF formulaemake likelihood functions of themodel
parameters.Maximum likelihood estimation is proposed and applied to a case study of commuter rail line in Paris: journeys between
stations Vincennes and La Défense along line A of the Regional Express Railways. Based on data from Automated Fare Collection
and Automatic Vehicle Location systems and pertaining to an individual user, satisfactory results were obtained.

1. Introduction

Passenger waiting time is one of the most crucial factors for
transit design and planning, related to passenger satisfaction
and to measure public transport (PT) quality of service [1–
4]. However, it was significant at the trip level in urban
PT, and the ratio of passenger actual waiting time to actual
journey time was between 10 and 30% [5–7]. Furthermore,
waiting time is most often spent at standing, often so in a
crowded place. That makes passenger less comfortable. In
the literature, social sciences tried to reduce perceived or
actual waiting time, or emotional and psychological costs,
whereas operations research investigated waiting time reduc-
tion strategies [8–12], as waiting time could be considered
scarce, economic resource and unavoidable [13, 14]. In order
to maximize time utility, some passengers allocate waiting
time to activities/preoccupations. However, beyond the wait-
ing time investigations, existing research does not sufficiently
explore how to reuse the actual waiting time to perform an
efficient travel, especially in high-frequency urban rail PT

system. That has received only some attention in cognitive
aspect [10, 15–18].

Despite the attention paid so far to individual waiting
time reuse in PT station, a related issue seemed to remain
unexplored: the reuse of waiting time for passenger repo-
sitioning along the boarding platform. Of course, this is of
interest for railway-based transit submodes only, since the
platform lengths of these modes extend from some dozen
meters up to some hundredmeters, e.g., up to 200m in Paris.
Assuming that individual walking speeds range from 0.8 to
1.7 m/s, repositioning time from one platform end to another
may reach 0.5 to 3.5 min, indeed a valuable gain for passen-
gers in their daily schedules.The influence of waiting time on
individual walk on boarding platform can be significant. Such
extent makes the “longitudinal” positioning of individual
passengers along their trains a matter of significance for their
journeys, since it involves walking times along the platform
at both access and egress stations, together with waiting time
and comfort on the boarding platform as well as in-vehicle in
relation to the distribution of passengers along the train.This
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pushed frequent passengers (e.g., commuters) to optimize
their longitudinal position along the boarding platform with
respect to their egress station [19], and also “travel assistant”
applications (such as CityMapper, RATP, Paris ci la sortie
du Métro) to deliver positioning advice to every passengers,
including occasional ones (e.g., tourists).

Railway operators, on their side, consider the longitudinal
positioning of candidate riders in relation to train dwelling
times: higher passenger densities at some spots along the
platform will not only require more boarding time but
also slow down the egress of alighting passengers. Dynamic
information via travel assistants or specific signage such as
with variable color panels has recently been implemented
on an experimental basis [20]. From a recent survey in the
Paris area of passengers boarding in a suburban train station
about their eagerness to reposition themselves in relation to
platform crowding, it was shown that the acceptable shift
amounts to 2.4 cars on average, about 50 m [19].

The objective of this paper is to estimate passenger
longitudinal repositioning distance on boarding platform
during train waiting and underlying distributions of indi-
vidual walking speed and distances. Building upon our
previous stochastic models [21–23] based on smartcard data,
a stochastic modeling approach about passenger individual
repositioning distance with posterior analysis is proposed in
this paper, by extending our primary model about passenger
longitudinal repositioning [24].

Concerning the proposed passenger flow stochastic
model, over the last decade, a new branch of knowledge
was emerged, themodern datameasurement and data-driven
statistical analysis in PT field. Modern data, Automated
Fare Collection (AFC) data and Automatic Vehicle Location
(AVL) data, among others have become available either for
PT service evaluation and improvement, or for passenger
flow analysis. Passenger flow study has given rise to the
stochastic modeling and statistical estimation of fine individ-
ual passenger travel phenomena by trip leg or in station in
rail transit system, a closed black-box. Several relevant studies
are reviewed in greater details as below; for other applications
about AFC data see [25, 26].

The stochastic features of passenger journeys were mod-
eled by [27], who decomposed every journey into separate
stages, walking-in, wait, walking-out, and transfer between
Origin-Destination (O-D) pairs. A regressionmodel was pro-
posed to generate distributions of walking-in and walking-
out times in access and egress stations (gamma distributions)
and distributions of waiting times at access and transfer
stations (uniform distributions) including the additional
waiting time caused by fail-to-board. Based onPoisson arrival
assumption, a mixed-weight inference of passenger path
choice behavior, gate-to-gate journey time distribution, and
crowding metrics on platform were derived from AFC data
between two O-D pairs in Beijing. Based on this study,
Sun and Schonfeld [28] further developed a schedule-based
assignment model by extending the fail-to-board (or left
behind) model of [29], and then the transfer penalty. Since
simplified assumptions were taken, that constrained the
model application.

A key element in the transit model is the probability of
matching between a given train run serving the boarding
station and a given passenger journey. To generalize the
previous works in [27, 28], Zhu et al. [30–33] devised a prob-
abilistic individual Passenger-to-Train Assignment Model
(PTAM), in which the matching probability between train
runs and individual journeys was emphasized, for rail transit
service estimation. A regression model of passenger walking
speeds was considered. The PTAM was developed so as to
provide estimators of the main state variables of passenger
flows both in-station (waiting loads) and in-vehicle (loading
snakes) times as well as in passenger in access and egress
stations. Within this wide scope, the issue of passenger
positioning was mentioned: Zhu [30] suggested modeling it
as a Random Variable (RV), yet apparently with no further
development. The model was applied on a five-station metro
line segment using AFC data andAVL data of HongKong and
validated by synthetic data. The authors proposed estimation
for several factors, the distributions of passenger walking-in
and walking-out speeds by trip leg, the distribution of fail-
to-board (left behind) on boarding platform (the number
of trains/times a passenger unable to board due to capacity
constraint), and in-station crowding level. Nevertheless, this
study considered explicitly only distributions of walking-
in and walking-out speeds (as normal distributions) and a
two-itinerary choice scenario without transfer. To integrate
transfer in crowding discomfort analysis, Hörcher et al. [34]
combined the probabilistic assignment model of [31–33] with
the standing and sitting choice models [35, 36] and applied
to a PT network of HongKong. A group of transfers and their
choices are modeled in a Bayesian framework at the journey
level to model complex trips that could involve transfers
hence combine legs (journeys), in order to study route choice
between station pairs and reveal the influence of in-vehicle
congestion on route disutility to passengers.

In the meanwhile, in more recent studies, econometric
methods were also applied for modeling and estimating
individual passenger in-station underlying statistical dis-
tributions. Inspired from the econometric approach using
highway individual vehicle toll data in [37, 38], Leurent and
Xie [21] modeled explicitly constant or uniform-distributed
passengerwalking speedwith shifted exponential-distributed
distances by trip leg. Individual passenger movement was
integrated to train run. Parameters were estimated by the
Maximum Likelihood Estimation (MLE) by using AFC data
and timetable of the line RER A in Paris area. These two
models in [21] were further developed by adding a shifted
exponential-distributed waiting time in [22], which made
computation tractable and yielded consistent estimates with
formers. Xie and Leurent [23] demonstrated that normal-
distributed walking speed reduced likelihood function com-
putation complexity. Our stochastic models and related MLE
were much analogous to those in [30–33].Their independent
development led to respective assets: the authors had a wide
scope of traffic variables and considers fail-to-board an arriv-
ing train, which we did not take into account. Nevertheless,
on our side, there was a linkage between the tap-in and tap-
out (TITO) times based on the individual walking speed,
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in addition to the explicit consideration of individual posi-
tioning. Moreover, the consideration of passenger individual
distances in the model resolved the conservative assumption
that the minimum access and egress time were zero (infinite
passenger speed) in [27, 28, 31–33]. Simultaneously, [39]
provided a stochastic frontier model by extending the model
in [40] for estimating Erlang-distributed waiting time and
service reliability. Walking times and in-vehicle travel time
were normal distributions. Parameters were also estimated
by the maximum likelihood method using AFC data and
timetable of the Piccadilly line of London’s underground
network.

Since the study on passenger longitudinal repositioning
distance along boarding platform during train waiting was
scarce, passenger longitudinal repositioning distancewas pri-
marily modeled in our most recent work [24]. By extending
this model, a novel approach about passenger individual
repositioning distance with posterior analysis is proposed
in this paper. To simplify computation complexity and save
model optimization time, the passenger longitudinal reposi-
tioning distance is modeled explicitly, but implicit for waiting
times. It brings about an explicit model that is both phys-
ical and probabilistic: longitudinal repositioning distance is
modeled in relation to walking distances on the boarding and
alighting platforms and to the individual passenger walking
speed and the time available to the passenger for walking
along the platform up to the train arrival hence prior to
boarding it. The influence of longitudinal position is traced
out on the passenger journey time between selected points
in the access and egress stations, such as tap gates. Analytical
formulae are obtained for related Probability Density Func-
tions (PDFs) of tap-out times conditioning on tap-in time
and walking speed, or on tap-in time only.They are analytical
closed-form PDFs that provide likelihood functions, which
are tractable byMLE under a simple specification of the basic
statistical distributions. To accomplish that, computation
and optimization are detailed. Posterior analysis imitated
Bayesian analysis is applied. Train occurrence and passenger
trips are reanalyzed.

This paper is organized as follows. Section 2 provides
the physical and stochastic model in a bottom up way from
elementary bricks by journey phase to individual journey
time. The analytical formulae of the probability to take a
given train, the distribution of repositioning distances and the
distributions of egress times are built. In Section 3, particular
statistical distributions are selected as inputs in order to
obtain closed-form formulae for the PDFs of interest, thus
easing the computation of the model outcomes. Section 4
puts forward the statistical estimation scheme. MLE with
optimization is involved on the basis of AFC and AVL
datasets in order to estimate the parameters of the statistical
distributions. The resulting estimates can then be used for
ex-post analysis of individual journeys so as to infer their
most likely features. A real case study on the commuter
line RER A in Paris area, France, is provided in Section 5.
Estimation results are provided for boarding positions, walk-
ing speeds and in-station walking distances, and applied to
posterior analysis for inferring passenger individual journey
details. Lastly, Section 6 assesses the outreach and limitations

of our approach and points to directions for further re-
search.

2. Physical and Stochastic Models of Passenger
Repositioning along the Platform

Stochastic models on passenger repositioning between a
pair of O-D stations (called also a trip leg) are depicted
in this section. This study is built upon the time-space
diagram of traffic flow theory, the kinematic theory, and basic
econometric theory to understand passenger individual in-
stationmovement related to train run choice by trip leg along
an urban rail transit line.

We first state the physical model of one individual
passenger making a train journey by availing oneself of train
runs and waiting time prior to boarding (Section 2.1). The
in-station walking distances are salient features, which are
modeled as RVs (Section 2.2). This makes the passenger
access to train runs a stochastic process. We derive the
probability distributions of passenger-to-train assignment, of
the walking (positioning) distance along boarding platform,
and of the residual waiting time up to boarding. The egress
phase is also a stochastic process, in which the distance
that remains to walk along the alighting platform is a RV,
the total walking-out time from train alighting to tap-out
gate and the tap-out instant from the egress station as well.
Lastly, we model the walking speed as a RV and derive the
consequences on access and egress processes (Section 2.3).
The main notations used in this study are introduced in
Table 1.

2.1. Physical Model of a Passenger Journey. Consider here a
noncyclic urban rail transit line with 𝐽 stations. There are
several itineraries between station platform and tap gates
with different kinds of pedestrian facilities (flat road, stair,
escalator, lift, etc.).

Let us consider a transit passenger (user), denoted by
index 𝑢, with individual walking speed V that is a “cruising
speed.” The passenger makes a simple journey by train along
a line from access station 𝑎 to egress station 𝑒. The instants
of passage at selected points in each station at TITO gates are
denoted as ℎ+𝑢 and ℎ−𝑢 (Figure 1), respectively, and called TITO
instants.

In access station, the walking-in distance from tap-in gate
O to boarding platform entrance A is denoted as 𝑠+, whereas
the walking distance is denoted as 𝑠 on boarding platform
from A to boarding (also waiting) point M. In egress station,
the walking-out distance from alighting platform exit E to
tap-out gate D is denoted as 𝑠−, whereas the walking distance
is denoted as 𝑠 on alighting platform from alighting points N
to E. Passenger walking paths in stations are called “walking
links,” green arrows in Figure 1. The total walking-in and
total walking-out times in access and egress stations are 𝑡𝑎 =𝑡+ + 𝑠/V and 𝑡𝑒 = 𝑡− + 𝑠/V, respectively, where 𝑡+ = 𝑠+/V and𝑡− = 𝑠−/V. Passenger’s journey time on this trip leg is equal toℎ−𝑢 − ℎ+𝑢 .

Let us now consider the longitudinal dimension of plat-
forms. In urban rail transit system, station platforms are
long objects of relatively modest width (e.g., several meters),
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Table 1: Notations.

Notations Descriptions
Passenger

𝑢 and 𝑈 Passenger number and passenger set by station leg
V Passengers’ walking speeds on walking links in access and egress stations
𝐿 Passenger longitudinal repositioning distance
ℎ+𝑢 and ℎ−𝑢 Passenger 𝑢’s tap-in instant at a access gate and tap-out instant at a egress gate on a trip leg
𝑠+ and 𝑡+ Passenger walking-in distance and time from tap-in gate to platform access point in access station
𝑠 Passenger walking-in distance from platform entrance to platform boarding point in access station
𝑠 Passenger walking-out distance from platform alighting point to platform exit in egress station
𝑠− and 𝑡− Passenger walking-out distance and time from platform egress point to tap-out gate in egress station
𝑡𝑎 and 𝑡𝑒 Total walking-in and total walking-out times in access and egress stations
𝑤𝑖𝑢 Passenger apparent waiting time
𝑤𝑖𝑢 Passenger residual waiting time on waiting (also boarding) point, 𝑤𝑖𝑢 = 𝑤𝑖𝑢 − 𝑠/V
Δℎ+𝑢,𝑖 Passenger total time cost in access station for boarding train run 𝑖, Δℎ+𝑢,𝑖 = 𝑡𝑎 + 𝑤𝑖𝑢

Train
𝑖 and 𝐼 Train run number and train run set along a line
𝑛0𝑢 and 𝐼0𝑢 Number and subset of train runs for passenger 𝑢
𝑛𝑢 and 𝐼𝑢 Feasible number and subset of train runs for passenger 𝑢
ℎ+𝑖 and ℎ−𝑖 Train run 𝑖’s departure time at access station and arrival time at egress station
V𝑖 Train run speeds between access and egress stations

Network
𝑗 and 𝐽 Station number and station set along a line
𝑎 and 𝑒 Access station and egress station

Auxiliary variables or functions
X Cumulative Distribution Function (CDF) of variable 𝑥
Ẋ Probability Density Function (PDF) of variable 𝑥
𝑝ℎ,V𝑖 Probability to take train run 𝑖, conditioning on ℎ and V
𝑠ℎ,V𝑖 Threshold value of repositioning distance
𝜓𝑖,ℎ (𝑥, V) Kernel function of repositioning on platform
𝑡𝑝 Studied period, 𝑡𝑝 = [𝑡1, 𝑡2]
𝜃 and �̂� Parameter vector and its estimated value
Θ Space of parameter vector 𝜃

whereas their lengths range from some dozen meters in
tramway stations to a couple of hundred meters in stations of
metro, urban or suburban train. In the latter case, passengers
are expected to walk up to a given position for waiting
and boarding, boarding point M with abscissa 𝑠𝑀 along the
platform from a “starting point” A (platform entrance) with
abscissa 𝑠𝐴. The walking-in distance 𝑠 on boarding platform
amounts to |𝑠𝑀−𝑠𝐴|. If a passenger does notmake a significant
longitudinal move on the train, passenger's boarding point
(door) M and alighting point (door) N is the same door of
the train. Along egress platform, the walking-out distance𝑠 amounts to |𝑠𝐸 − 𝑠𝑁| by using the same scale to measure
abscissas along platforms of a given line. Thus, the total
distance walked by the passenger on both the access and the
egress station platforms amounts to 𝑠+𝑠 = |𝑠𝑀−𝑠𝐴|+|𝑠𝐸−𝑠𝑁|.
Given boarding platform entrance A and alighting platform
exit E, this is a function of the boarding abscissa 𝑠𝑀 only,
made up of two parts.

Let us denote by 𝐿 ≡ |𝑠𝐸 − 𝑠𝐴| the maximum distance
for passenger longitudinal repositioning, called longitudinal
repositioning distance. Postulating that the passenger is well-
aware of positions, rational and unimpeded by crowding,
then it holds that 𝐿 = 𝑠 + 𝑠 and the function does not vary
with 𝑠𝑀. However, 𝑠𝑀 influences the walking times prior to
and posterior to running aboard train: passenger 𝑢 can decide
to invest time 𝑠/V in order to save on 𝑠/V = (𝐿−𝑠)/V just after
alighting. For example, assuming that the platform entrance
is at one end of the station platform (that of train head or tail)
and the platform exit is at the other end of the train (that of
train tail or head).

The time available to 𝑢 for positioning oneself may be
limited by the instant of train departure. Indexing by 𝑖 the
train run of interest to the passenger, let us denote as ℎ+𝑖 its
departure time from access station and ℎ−𝑖 its arrival time at
egress station. Train travel time from access station to egress
station along the train trajectory (red arrows in Figure 1)
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Figure 1: Time-space diagram: train and passenger trajectories.

is equal to ℎ−𝑖 − ℎ+𝑖 . Train travel time is considered as in-
vehicle travel time for all passengers who take the same train.
The frequency of each service is heterogeneous: Peak Hour
(PH) is different from Off-Peak Hour (OPH). Trains along
passengers’ travel direction consist in a set 𝐼 for all train runs𝑖 during the studied period 𝑡𝑝 = 𝑡2 − 𝑡1. The traffic conditions
and line service quality (punctuality, regularity, etc.) depend
on passengers’ conditions in all served stations.

Then, on boarding platform, the apparent waiting time
of passenger 𝑢 amounts to 𝑤𝑖𝑢 = (ℎ+𝑖 − ℎ+𝑢) − 𝑡+. By select-
ing a particular location along the platform, the passenger
succeeds to turn part of that apparent waiting time 𝑤𝑖𝑢 into
“useful” time for the rest of his trip. His “distance investment”𝑠 is limited by both 𝐿 and the available time before the train
departure. Letting Δℎ+𝑢,𝑖 ≡ ℎ+𝑖 − ℎ+𝑢 > 0 passenger total
time cost in access station for boarding train run 𝑖, the time
available to the passenger for positioning himself along the
platform is limited by 𝑡𝑢,𝑖 ≡ Δℎ+𝑢,𝑖 − 𝑡+. So, the maximum
distance for repositioning on boarding platform amounts to𝑠𝑢,𝑖 ≡ V𝑡𝑢,𝑖 = VΔℎ+𝑢,𝑖 − 𝑠+.

Assume that the passenger is a rational decision-maker
willing to minimize his or her exit time and walks along
boarding platform as much as possible, yielding 𝑠 =
min{𝐿, VΔℎ+𝑢,𝑖 − 𝑠+}. This optimizing behavior induces an
adjustment of the passenger to the temporal prism of oppor-
tunities that are opened by the respective times ℎ+𝑖 and ℎ+𝑢 +𝑠+/V. The waiting time until train departure on boarding
point M is called residual waiting time 𝑤𝑖𝑢 and amounts to
(ℎ+𝑖 − ℎ+𝑢) − (𝑠+ + 𝑠)/V = 𝑤𝑖𝑢 − 𝑠/V.

Thus, the journey time ℎ−𝑢 − ℎ+𝑢 is derived by (𝑠+ +
𝑠)/V + 𝑤𝑖𝑢 + (ℎ+𝑖 − ℎ+𝑢) + (𝑠 + 𝑠−)/V. The time-space
diagram (Figure 1) depicts both passenger trajectory and train
trajectory between the access and egress stations.

2.2. Models Conditioning on Distributed Walking Distances.
We model firstly passenger journey with distributed walking

distances and constant walking speed; the stochastic model is
integrated with respect to walking (positioning) distance 𝑠 on
boarding platform.

2.2.1. In-Station Walking Distances Probabilistic Models. As
a general notation, for a Random Variable (RV) 𝑥, its
Cumulative Distribution Function (CDF) is denoted as X,
and its Probability Density Function (PDF) as Ẋ. Recall that
X(𝑥) = ∫

𝑥
Ẋ(z)d𝑧, where Ẋ is regular enough.

Urban rail transit stations vary from simple stations at
grade providing access to one line only, to complex transit
hubs connecting several lines and equipped with several
platforms on several floors. Most of them are underground.
Whatever the case, the distances between station tap gates
and platform entrances or exits extend to some dozen meters
at least and up to some hundred meters. Since the walking-
in distance 𝑠+ is variable, it is modeled as a RV with CDF S+
and PDF Ṡ+. The same hypothesis is applied to walking-out
distance 𝑠−, as a RV with CDF S− and PDF Ṡ−.

2.2.2. Access Model. A passenger 𝑢 is characterized by the(ℎ, V) pair, where ℎ = ℎ+𝑢 , that is taken as exogenous.
Train run 𝑖 is taken if and only if (ℎ + 𝑠+/V) ∈ ]ℎ+𝑖−1, ℎ+𝑖 ].

Then, the probability to take train run 𝑖 is as follows:
𝑝ℎ,V𝑖 ≡ Pr{(ℎ + 𝑠+

V
) ∈ ]ℎ+𝑖−1, ℎ+𝑖 ]}

= S+ (VΔℎ+𝑢,𝑖) − S+ (VΔℎ+𝑢,𝑖−1) .
(1)

The positioning distance on boarding platform depends
on the train run that is taken and the walking-in distance

𝑠ℎ,V𝑖 = min {𝐿, VΔℎ+𝑢,𝑖 − 𝑠+} . (2)

Two cases must be distinguished

(i) either 𝑠ℎ,V𝑖 = 𝐿, that holds iff 𝑠+ ≤ VΔℎ+𝑢,𝑖 − 𝐿;
(ii) or 𝑠ℎ,V𝑖 < 𝐿, that holds iff 𝑠+ > VΔℎ+𝑢,𝑖 − 𝐿.
The former case of total positioning can happen only if

VΔℎ+𝑢,𝑖 − 𝐿 ≥ VΔℎ+𝑢,𝑖−1. Denoting 𝑠ℎ,V𝑖 = max{VΔℎ+𝑢,𝑖−1, VΔℎ+𝑢,𝑖 −𝐿}, total positioning happens for 𝑠+ ∈]VΔℎ+𝑢,𝑖−1, 𝑠ℎ,V𝑖 ], with
probability

Pr {𝑠 = 𝐿 | ℎ, V, 𝑖} = S+ (𝑠ℎ,V𝑖 ) − S+ (VΔℎ+𝑢,𝑖−1)
𝑝ℎ,V𝑖 . (3)

In the alternative case of partial positioning 𝑠 = 𝑥 < 𝐿,
the associated PDF is

Pr {𝑠 = 𝑥 | ℎ, V, 𝑖} = Ṡ+ (VΔℎ+𝑢,𝑖 − 𝑥)
𝑝ℎ,V𝑖 . (4)

Bringing together the two cases, a CDF Sℎ,V𝑖 for
the positioning distance 𝑠 is built up, as Sℎ,V𝑖 (𝑠) =
∫min{𝑠,𝐿,V(ℎ+

𝑖
−ℎ+
𝑖−1
)}

0
(Ṡ+(VΔℎ+𝑢,𝑖 − 𝑥)/𝑝ℎ,V𝑖 )d𝑥 + 1{𝑠≥𝐿}((S+(𝑠ℎ,V𝑖 ) −

S+(VΔℎ+𝑢,𝑖−1))/𝑝ℎ,V𝑖 ). This CDF satisfies the fact that
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Sℎ,V𝑖 (𝑠) = [S+ (VΔℎ+𝑢,𝑖) − S+ (VΔℎ+𝑢,𝑖 −min {𝑠, 𝐿, V (ℎ+𝑖 − ℎ+𝑖−1)}) + 1{𝑠≥𝐿} (S+ (𝑠ℎ,V𝑖 ) − S+ (VΔℎ+𝑢,𝑖−1))]
𝑝ℎ,V𝑖 . (5)

Thus the positioning distance 𝑠 is an RV conditioning
on V and ℎ on the passenger side and on 𝑖 on the train
side It is endowed with a closed-form CDF that involves
the tap-in instant ℎ+𝑢 , the train departure time ℎ+𝑖 , the CDF
S+ of walking-out distance from tap-in gate to the boarding
platform entrance, and the target distance of repositioning 𝐿.

Of course, the RV does only exist when the matching
probability is strictly positive, i.e., iff Δℎ+𝑢,𝑖 > 0. We denote
as the subset 𝐼𝑢 of train runs 𝑖 that are feasible for 𝑢, i.e., such
that Δℎ+𝑢,𝑖 > 0 and ℎ+𝑢 < ℎ+𝑖 .
2.2.3. Egress Model. The positioning distance 𝑠 that stems
from the access model makes an input to the egress model.
The distance to walk in the egress station includes 𝑠 = 𝐿 − 𝑠
on the alighting platform plus 𝑠−.The conditional egress time𝑡𝑒𝑖,ℎ,V,𝑠 = (𝐿 − 𝑠 + 𝑠−)/V satisfies the fact that

Pr {𝑡𝑒𝑖,ℎ,V,𝑠 ≤ 𝑥} = Pr {𝐿 − 𝑠 + 𝑠− ≤ V𝑥} . (6)

So 𝑡𝑒𝑖,ℎ,V,𝑠 has CDFT𝑒𝑖,ℎ,V,𝑠(𝑥) = S−(V𝑥+𝑠−𝐿). It is integrated
with respect to 𝑠; then

T𝑒𝑖,ℎ,V (𝑥) = ∫min{𝐿,V(ℎ+
𝑖
−ℎ+
𝑖−1
)}

0
T𝑒𝑖,ℎ,V,𝑠 (𝑥) dSℎ,V𝑖 (𝑠)

= 𝜓𝑖,ℎ (𝑥, V)
𝑝ℎ,V𝑖 .

(7)

The resulting value T𝑒𝑖,ℎ,V(𝑥) is a probability conditioning
on 𝑖, ℎ, V. Let us define 𝜓𝑖,ℎ(𝑥, V) ≡ Pr{𝑡𝑒V,ℎ ≤ 𝑥⋂(𝑢 𝑡𝑎𝑘𝑒𝑠 𝑖)}.
From the definition of conditional probability, we have that

𝜓𝑖,ℎ (𝑥, V) ≡ Pr {𝑡𝑒V,ℎ | (𝑢 𝑡𝑎𝑘𝑒𝑠 𝑖)} 𝑝ℎ,V𝑖 = 𝑝ℎ,V𝑖 T𝑒𝑖,ℎ,V (𝑥) . (8)

On replacing Sℎ,V𝑖 (𝑠) with its expression in (5), we get

𝜓𝑖,ℎ (𝑥, V) ≡ (S+ (𝑠ℎ,V𝑖 ) − S+ (VΔℎ+𝑢,𝑖−1)) S− (V𝑥)
+ ∫min{𝐿,V(ℎ+

𝑖
−ℎ+
𝑖−1
)}

0
S− (V𝑥 − 𝐿 + 𝑠) Ṡ+ (VΔℎ+𝑢,𝑖 − 𝑠) d𝑠.

(9)

The first term is zero if 𝑠ℎ,V𝑖 = Vℎ+𝑢,𝑖−1; i.e., 𝐿 ≥ V(ℎ+𝑖 − ℎ+𝑖−1).
Thus the total walking-out time 𝑡𝑒 as an RV 𝑡𝑒𝑖,V,ℎ condi-

tioning on V, ℎ, and admissible run 𝑖 ∈ 𝐼𝑢 is endowed with a
closed-formCDF that involves the tap-in instant ℎ+𝑢 , the train
departure time ℎ+𝑖 , the target distance of repositioning 𝐿, and
both distributions of in-station walk distances S+ and S− in
access and egress stations, respectively. The product between
S− and Ṡ+ in the formula exhibits the influence of V on both
the egress and access times. In other words, the individual
walk speed links together the egress and access times.

To integrate with respect to 𝑖, the CDF T𝑒ℎ,V(𝑥) =
∑𝑖∈𝐼 𝑝ℎ,V𝑖 T𝑒𝑖,ℎ,V(𝑥) is considered. From (5), it satisfies that

T𝑒ℎ,V (𝑥) = ∑
𝑖∈𝐼

𝜓𝑖,ℎ (𝑥, V) . (10)

Concerning the tap-out instant ℎ−𝑢 , conditioning on 𝑖, we
have ℎ−𝑢 = 𝑡𝑒 + ℎ−𝑖 and H−𝑖,ℎ,V(𝑥) = T𝑒𝑖,ℎ,V(𝑥 − ℎ−𝑖 ).

By integrating with respect to 𝑖, we get the unconditional
CDFH−𝑖,ℎ,V(𝑥) = ∑𝑖∈𝐼 𝑝ℎ,V𝑖 T𝑒𝑖,ℎ,V(𝑥−ℎ−𝑖 ), which satisfies the fact
that

H−ℎ,V (𝑥) = ∑
𝑖∈𝐼

𝜓𝑖,ℎ (𝑥 − ℎ−𝑖 , V) . (11)

Thus the tap-out instantℎ−𝑢 is anRVconditioning on V andℎ, which is endowed with a closed-form CDF that involves
not only the tap-in instant ℎ+𝑢 , the train departure time ℎ+𝑖 , the
target distance of repositioning 𝐿, and the distributions of in-
station walk distances S+ and S− in access and egress stations
but also the instants of train arrival at the egress station ℎ−𝑖 .

From the CDF of the total walking-out time and tap-out
instant, either conditioning on 𝑖 or not, it is easy to derive
the associated PDF by straightforward differentiation with
respect to argument 𝑥. That is,

�̇�𝑖,ℎ (𝑥, V) ≡ 𝜕
𝜕𝑥𝜓𝑖,ℎ (𝑥, V) = (S+ (𝑠ℎ,V𝑖 )

− S+ (VΔℎ+𝑢,𝑖−1)) VṠ− (V𝑥)
+ V∫min{𝐿,V(ℎ+

𝑖
−ℎ+
𝑖−1
)}

0
Ṡ− (V𝑥 − 𝐿 + 𝑠)

⋅ Ṡ+ (VΔℎ+𝑢,𝑖 − 𝑠) d𝑠.

(12)

The associated PDFs are

Ṫ𝑒𝑖,ℎ,V (𝑥) = 𝑝ℎ,V𝑖 �̇�𝑖,ℎ (𝑥, V) ; (13a)

Ṫ𝑒ℎ,V (𝑥) = ∑
𝑖∈𝐼

�̇�𝑖,ℎ (𝑥, V) ; (13b)

Ḣ−𝑖,ℎ,V (𝑥) = 𝑝ℎ,V𝑖 �̇�𝑖,ℎ (𝑥 − ℎ−𝑖 , V) ; (13c)

Ḣ−ℎ,V (𝑥) = ∑
𝑖∈𝐼

�̇�𝑖,ℎ (𝑥 − ℎ−𝑖 , V) . (13d)

It should be noted that the above stochastic model
assumes that a passenger has constant velocity motion in
access and egress stations. From a practical point of view,
this assumption may not be realistic and thus too restrictive.
Extensions will be considered in next subsection to consider
a distributed walking speed.
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2.3. Models Conditioning on Distributed Speed and Walking
Distances. When passenger walking speed V is a distributed
variable, the stochastic model is integrated with respect to
walking speed as well.

2.3.1. In-StationWalking Speed ProbabilisticModel. Thewalk-
ing speed V of one passenger 𝑢 is a notional speed, averaged
for that passenger on that journey over a range of travel
situations. It may be called an individual “cruising speed”
during walking. Although personal walking habits may be
consistent, as a fact, the cruising walking speed fluctuates
from one occasion to another, for instance, between journeys
reiterated on a given access and egress pair from day to day.

In addition to this intraindividual diversity, there is an
even larger diversity between individual passengers, since
people differ in their respective walking abilities. Young
adults can walk faster than elderly people and are likely to
be more hurried. People with luggage or young child either
walking or in a stroller walks more slowly than the average
adult. A rough indication about the statistical distribution of
walk speeds for a typical population of transit users in the
urban setting was close to a normal distribution withmean of
about 0.90 m/s and standard deviation of about 0.20 m/s or
to a uniform distribution ranging from 0.58 to 1.24 m/s in the
Appendix, the cases with waiting time integrated in walking
time.

Assuming that passengers’ walking speeds on walking
links in access and egress stations obey the same statistical
distribution, it is easy to extend the stochastic model of
passenger repositioning to a diversity of walking speeds,
by considering walking speed in a given population 𝑈 of
passengers as a RV, with CDF V and PDF V̇.

We still denote S+ and S− the distribution functions of
in-station walking distances. In fact, they can be expected to
have different average values and wider spreads as compared
to their individual counterparts. Such differences between
intra-individual and inter-individual distributions were clas-
sical in the stochastic modeling of socioeconomic behaviors
of highway individuals in Chapter 6 of [38].

2.3.2. Access Model. To integrate with respect to V, the
probability to take train run 𝑖 is still conditioning on the tap-
in time ℎ = ℎ+𝑢 and is

𝑝ℎ𝑖 ≡ ∫𝑝ℎ,V𝑖 dV (V)
= ∫ (S+ (VΔℎ+𝑢,𝑖) − S+ (VΔℎ+𝑢,𝑖−1)) dV (V) .

(14)

Then, conditioning on 𝑖 and ℎ, the distribution of walking
speeds has PDF as follows:

V̇ℎ𝑖 (V) = V̇ (V) 𝑝ℎ,V𝑖𝑝ℎ𝑖 . (15)

2.3.3. Egress Model. Conditioning on 𝑖 and ℎ, the egress time
𝑡𝑒𝑖,ℎ has CDF T𝑒𝑖,ℎ(𝑥) = ∫T𝑒𝑖,ℎ,V(𝑥)V̇ℎ𝑖 (V)dV = ∫(𝜓𝑖,ℎ(𝑥, V)/𝑝ℎ,V𝑖 )V̇ℎ𝑖 (V)dV, so

T𝑒𝑖,ℎ (𝑥) = 1
𝑝ℎ𝑖 ∫𝜓𝑖,ℎ (𝑥, V) dV (V) . (16)

Denoting �̃�𝑖,ℎ(𝑥) ≡ ∫𝜓𝑖,ℎ(𝑥, V)dV(V), it is then easy to
integrate with respect to 𝑖. As {𝑡𝑒ℎ ≤ 𝑥} = ⋃𝑖∈𝐼{𝑡𝑒𝑖,ℎ ≤ 𝑥⋂ 𝑖},
there is Pr{𝑡𝑒ℎ ≤ 𝑥} = ∑𝑖∈𝐼 Pr{𝑡𝑒𝑖,ℎ ≤ 𝑥}Pr{𝑖} from the
composition of conditional probabilities. Thus,

T𝑒ℎ (𝑥) = ∑
𝑖∈𝐼

T𝑒𝑖,ℎ (𝑥) 𝑝ℎ𝑖 = ∑
𝑖∈𝐼

�̃�𝑖,ℎ (𝑥) . (17)

The exit instant ℎ−𝑢 has CDF as follows:

H−ℎ (𝑥) = ∑
𝑖∈𝐼

�̃�𝑖,ℎ (𝑥 − ℎ−𝑖 ) . (18)

Thus, both the total walking-out time and the tap-out
instant are endowed with closed-form CDF that involve the
tap-in instant ℎ and the statistical distribution of 𝑠+, 𝑠−, and
V. This enables us to derive their PDF by differentiation
with respect to their argument 𝑥. Denoting ̇̃𝜓𝑖,ℎ(𝑥) ≡
(𝜕/𝜕𝑥) ̇̃𝜓𝑖,ℎ(𝑥), it holds that

Ṫ𝑒ℎ (𝑥) = ∑
𝑖∈𝐼

̇̃𝜓𝑖,ℎ (𝑥) ; (19a)

Ḣ−ℎ (𝑥) = ∑
𝑖∈𝐼

̇̃𝜓𝑖,ℎ (𝑥 − ℎ−𝑖 ) . (19b)

3. Distribution Specification for
Tractable Computation

The analytical formulae obtained so far involve the integra-
tion of specific functions along one or two scalar dimensions,
namely one dimension of space (with respect to distance 𝑠)
and eventually another dimension of speed (with respect to
walking speed V).Theoutcomes can be obtained by numerical
integration along the said axes. This can be circumvented
by availing ourselves of ad hoc distributions that yield
straightforward formulae for the respective PDFs of total
walking-out time and tap-out instant, though it is not so
simple.

In this section, we firstly put forward specific distribu-
tions that are suitable to our purpose (Section 3.1). Then, we
provide a lemma (Section 3.2) for the core computation to
deal with distributed speed by providing formulae for 𝑥 →
�̇�𝑖,ℎ(𝑥, V) and 𝑥 → ̇̃𝜓𝑖,ℎ(𝑥) functions (Section 3.3). Finally, the
variations of those two functions are illustrated (Section 3.4).

3.1. Ad Hoc Specification of the Distributions. The obtained
general PDF functions constitute the likelihood functions of
all assumed parameters. To prepare for further work on the
MLE of those parameters, some hints of PDF computation
under ad hoc selection of distributions are provided.

For a given pair of access and egress stations, we take V
as either a variable or a normal-distributed walking speed,
together with shifted exponential-distributed walking dis-
tances and the variable 𝐿. The distribution functions of V, 𝑠+,
and 𝑠− are specified as follows:
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(i) Individual speed follows a normal (Gaussian) distri-
bution with mean 𝜇 and variance 𝜎2, since a normal
distribution reduces likelihood function complexity
[23].

(ii) Walking-in distance 𝑠+ obeys a shifted exponential
distribution with main parameter 𝜆+ and shift 𝐵+;
thus CDF S+(𝑥) = 1{𝑥≥𝐵+}[1 − exp(−𝜆+(𝑥 − 𝐵+))] and
PDF Ṡ+(𝑥) = 1{𝑥≥𝐵+}𝜆+exp(−𝜆+(𝑥 − 𝐵+)).

(iii) Walking-out distance 𝑠− is also a shifted exponential
distribution, with main parameter 𝜆− and shift 𝐵−;
thus CDF S−(𝑥) = 1{𝑥≥𝐵−}[1 − exp(−𝜆−(𝑥 − 𝐵−))] and
PDF Ṡ−(𝑥) = 1{𝑥≥𝐵−}𝜆−exp(−𝜆−(𝑥 − 𝐵−)).

3.2. Lemma. Let us establish a property for a normal RV𝑁(𝜇, 𝜎2) combined with a consumption function that is the
product of 𝐾V and an exponential function 𝑒−𝑙V+𝑘. The aim
is to obtain a straightforward formula for integral function
𝐹(𝑥) ≡ ∫𝑥

−∞
𝐾V𝑒−𝑙V+𝑘dΦ((V − 𝜇)/𝜎).

As 𝑒−𝑙V𝑒−(1/2)((V−𝜇)/𝜎)2 = 𝑒−(1/2)((V−𝜇)/𝜎)2𝑒𝑙𝜇−(1/2)𝑙2𝜎2 for 𝜇 =
𝜇 − 𝑙𝜎2, we can put aside the constant factor 𝐾𝑒𝑘+𝑙𝜇−(1/2)𝑙2𝜎2
and focus on

∫𝑥
−∞

VdΦ(V − 𝜇
𝜎 ) = ∫𝑥

−∞

V − 𝜇
√2𝜋𝜎𝑒−(1/2)((V−𝜇)/𝜎)2d𝑥

+ ∫𝑥
−∞

𝜇dΦ(V − 𝜇
𝜎 )

= 𝜎
√2𝜋 [−𝑒−(1/2)((V−𝜇)/𝜎)2]𝑥

−∞

+ 𝜇Φ(𝑥 − 𝜇
𝜎 )

= 𝜇Φ(𝑥 − 𝜇
𝜎 )

− 𝜎
√2𝜋𝑒−(1/2)((𝑥−𝜇)/𝜎)2 .

(20)

So the final result is ∫𝑥
−∞

𝐾V𝑒−𝑙V+𝑘dΦ((V − 𝜇)/𝜎) =
𝐾𝑒𝑘+𝑙𝜇−(1/2)𝑙2𝜎2[𝜇Φ((𝑥 − 𝜇)/𝜎) − (𝜎/√2𝜋)𝑒−(1/2)((𝑥−𝜇)/𝜎)2].
3.3. Core Computation. The PDF formulae (13d), (13b),
and (13c) for a constant speed and (19a) and (19b) for

normal-distributed speed involve basic bricks of the form
𝑥 → �̇�𝑖,ℎ(𝑥, V) and 𝑥 → ̇̃𝜓𝑖,ℎ(𝑥), respectively. These
are obtained by straightforward differentiation of function𝜓𝑖,ℎ(𝑥, V) with respect to 𝑥.

As 𝜓𝑖,ℎ(𝑥, V) ≡ (S+(𝑠ℎ,V𝑖 ) − S+(VΔℎ+𝑢,𝑖−1))S−(V𝑥) +
∫min{𝐿,V(ℎ+

𝑖
−ℎ+
𝑖−1
)}

0
S−(V𝑥−𝐿+𝑠)Ṡ+(VΔℎ+𝑢,𝑖−𝑠)d𝑠, then �̇�𝑖,ℎ(𝑥, V) ≡

(S+(𝑠ℎ,V𝑖 )−S+(VΔℎ+𝑢,𝑖−1))VṠ−(V𝑥)+V ∫min{𝐿,V(ℎ+
𝑖
−ℎ+
𝑖−1
)}

0
Ṡ−(V𝑥−𝐿+

𝑠)Ṡ+(VΔℎ+𝑢,𝑖−𝑠)d𝑠.This function is in two parts, left and right,
respectively.

The left part is computed firstly and produces the two
terms: (S+(𝑠ℎ,V𝑖 )−S+(VΔℎ+𝑢,𝑖−1)) = 𝑒−𝜆+(VΔℎ+𝑢,𝑖−1−𝐵+)+1{VΔℎ+

𝑢,𝑖−1
≥𝐵+}−

𝑒−𝜆+(max{VΔℎ+
𝑢,𝑖−1
,VΔℎ+
𝑢,𝑖
−𝐿}−𝐵+)+1{max≥𝐵+} and VṠ−(V𝑥) =

V𝜆−𝑒−𝜆−(V𝑥−𝐵−)1{V𝑥≥𝐵−}.
So the product of the two terms is ready to compute the

left part in �̇�𝑖,ℎ(𝑥, V).
To obtain 𝑥 → ̇̃𝜓𝑖,ℎ(𝑥), it is necessary to integrate the

product over V. The product is nonzero only if V𝑥 ≥ 𝐵−; i.e.,
V ≥ 𝐵−/𝑥. Then, it gives rise to two terms with respective
formula as follows:

(L-a) V𝜆−𝑒−𝜆−(V𝑥−𝐵−)−𝜆+(VΔℎ+𝑢,𝑖−1−𝐵+)+1{VΔℎ+
𝑢,𝑖−1
≥𝐵+} and

(L-b) V𝜆−𝑒−𝜆−(V𝑥−𝐵−)−𝜆+(max{VΔℎ+
𝑢,𝑖−1
,Δℎ+
𝑢,𝑖
−𝐿}−𝐵+)+

1{max{VΔℎ+
𝑢,𝑖−1
,Δℎ+
𝑢,𝑖
−𝐿}≥𝐵+}.

The first one (L-a) must be integrated for
V ≥ 𝐵+/Δℎ+𝑢,𝑖−1 only. Denoting = max{𝐵−/𝑥, 𝐵−/Δℎ+𝑢,𝑖−1},
there is ∫+∞

𝑧
V𝜆−𝑒−𝜆−(V𝑥−𝐵−)−𝜆+(VΔℎ+𝑢,𝑖−1−𝐵+)dV(V) =

𝜆−𝑒𝜆+𝐵++𝜆−𝐵− ∫+∞
𝑧

V𝑒−(𝜆−𝑥+𝜆+Δℎ+𝑢,𝑖−1)VdV(V).
The second term (L-b) is dealt with similarly, yet with

distinction between two subdomains depending on which
function is greater between V → VΔℎ+𝑢,𝑖−1 and V → VΔℎ+𝑢,𝑖 −𝐿.

If VΔℎ+𝑢,𝑖−1 ≤ VΔℎ+𝑢,𝑖 − 𝐿, i.e., 𝐿/(ℎ+𝑖 − ℎ+𝑖−1) ≤ V,
then, denoting 𝑦 = max{𝐵−/𝑥, 𝐿/(ℎ+𝑖 − ℎ+𝑖−1)}, the second
term reduces to ∫+∞

𝑦
V𝜆−𝑒−𝜆−(V𝑥−𝐵−)−𝜆+(VΔℎ+𝑢,𝑖−1−𝐿−𝐵+)dV(V) =

𝜆−𝑒𝜆+(𝐿+𝐵+)+𝜆−B− ∫+∞
𝑦

V𝑒−(𝜆−𝑥+𝜆+Δℎ+𝑢,𝑖−1)VdV(V).
In the other case where V < 𝐿/(ℎ+𝑖 − ℎ+𝑖−1), the subdo-

main of integration is empty if 𝐿/(ℎ+𝑖 − ℎ+𝑖−1) < 𝐵−/𝑥 or[𝐵−/𝑥, 𝐿/(ℎ+𝑖 − ℎ+𝑖−1)] otherwise. The formula is the same as
for (L-a).

Concerning the right part, there is

V∫min{𝐿,V(ℎ+
𝑖
−ℎ+
𝑖−1
)}

0
Ṡ− (V𝑥 − 𝐿 + 𝑠) Ṡ+ (VΔℎ+𝑢,𝑖 − 𝑠) d𝑠 = V𝜆−𝜆+ ∫min{𝐿,V(ℎ+

𝑖
−ℎ+
𝑖−1
)}

0
𝑒−𝜆−(V𝑥−𝐿+𝑠−𝐵−)−𝜆+(VΔℎ+𝑢,𝑖−1−𝑠−𝐵+)1{V𝑥−𝐿+𝑠≥𝐵−}

1{VΔℎ+
𝑢,𝑖−1
−𝑠≥𝐵+}d𝑠 = 𝜎V𝜆−𝜆+ ∫min{𝐿,V(ℎ+

𝑖
−ℎ+
𝑖−1
),VΔℎ+
𝑢,𝑖−1
−𝐵+}

𝐵−+𝐿−V𝑥
𝑒−𝜆−(V𝑥−𝐿+𝑠−𝐵−)−𝜆+(VΔℎ+𝑢,𝑖−1−𝑠−𝐵+)d𝑠

= 𝜎 𝜆−𝜆+
𝜆+ − 𝜆− V𝑒𝜆

+(𝐵+−VΔℎ+
𝑢,𝑖−1
)+𝜆−(𝐿+𝐵+) [𝑒(𝜆+−𝜆−)𝑠]min{𝐿,V(ℎ+

𝑖
−ℎ+
𝑖−1
),VΔℎ+
𝑢,𝑖−1
−𝐵+}

(𝐵−+𝐿−V𝑥)+
,

(21)
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(a) (b)

Figure 2: With respect to tap-out instant: (a) bricks of PDFs and (b) bricks of CDFs.

where 𝜎 ≡ 1min{𝐿,V(ℎ+
𝑖
−ℎ+
𝑖−1
),VΔℎ+
𝑢,𝑖−1
−𝐵+}≥(𝐵−+𝐿−V𝑥)+ . This gives the

right part in �̇�𝑖,ℎ(𝑥, V) as a tractable analytical formula. It is
thus easy to compute function �̇�𝑖,ℎ(𝑥, V).

As for integration over the distribution of walking speeds,
the right part breaks into two bricks to which the lemma
applies.

3.4. Illustration. By taking into account the previous distribu-
tions of V, 𝑠+, 𝑠−, the parameter vector is a six- or seven-fold
vector 𝜃 = {𝜇, 𝜎, 𝐵+, 𝜆+, 𝐵−, 𝜆−, 𝐿} (without 𝜎 for a constant
speed V = 𝜇). During a studied period [𝑡1, 𝑡2] and a given ℎ+𝑢
(black circle), Figure 2(a) depicts the variations of functions
𝑥 → �̇�𝑖,ℎ(𝑥, V) and 𝑥 → ̇̃𝜓𝑖,ℎ(𝑥) with respect to tap-out
instant ℎ−𝑢 starting from that of a given train arrival time ℎ−𝑖
at the egress station (green dashed lines), either conditioning
on constant (blue dashed line) or normal-distributed (red
solid line) walking speed V.The brown dashed lines represent
train departure times in access station. Figure 2(b) provides
the corresponding integral functions 𝑥 → 𝜓𝑖,ℎ(𝑥, V) and𝑥 → �̃�𝑖,ℎ(𝑥). The difference between conditional and
unconditional looks minor though discernible. For a given
tap-in moment ℎ+𝑢 , the functions relate to each train run 𝑖
which the passenger could take.Themost feasible train is the
first arrival train at egress station: the latter the train arrival,
the smaller the probability.

4. Statistical Estimation

Previous analytical formulae constitute the cores of our
stochastic models. They derive analytical closed-form for-
mulae that provide likelihood functions, which are tractable
under a specification of basic statistical distributions. The
stochastic models are theoretical constructs that involve
human behaviors of trip-making in relation to the dynamic
process of train runs. Such a theoretical model can be applied
to particular cases, notably so by estimating the values of
its parameters so as to make its outcomes replicate observed
values well.

As reported by [25, 26], AFC data provide ample infor-
mation on users’ pairs of tap instants in stations, while AVL
data provide both departure and arrival times in stations for
each train run along its route [41].

In this section, we put forward an approach of MLE
(Section 4.1). Its implementation involves a scheme for prac-
tical application (Section 4.1). Then, we build upon model
estimation by proposing an inference method to enrich
the observed data by adding “most likely predictions” of
unobserved items (Section 4.1).

4.1. Maximum Likelihood Estimator. Let us assume here that
TITO (ℎ+𝑢 , ℎ−𝑢) pairs are observed over a journey between
an O-D pair of access and egress stations. The model
parameters consist in a six- or seven-fold vector 𝜃 ={𝜇, 𝜎, 𝐵+, 𝜆+, 𝐵−, 𝜆−, 𝐿} (without𝜎 for a constant speed V = 𝜇).
Knowing 𝜃, ℎ = ℎ+𝑢 , and train departure and arrival time
pairs {(ℎ+𝑖 , ℎ−𝑖 ) : 𝑖 ∈ 𝐼}, the PDF 𝑥 → Ḣ−ℎ+

𝑢

(𝑥 = ℎ−𝑢) is a
function of tap-out instant ℎ−𝑢 . Conversely, given (ℎ+𝑢 , ℎ−𝑢) and{(ℎ+𝑖 , ℎ−𝑖 ) : 𝑖 ∈ 𝐼}, the same formula can be interpreted as
a function of 𝜃, called the individual likelihood function for
one trip of a passenger. It is then denoted as

L𝑢 (𝜃) = Ḣ−ℎ+
𝑢
(ℎ+𝑢) . (22)

The joint observation of a sample {(ℎ+𝑢 , ℎ−𝑢) : 𝑢 ∈ 𝑈} of
journeys provides a joint/total likelihood function, denoted
L𝑈(𝜃). If the observations are independent, then

L𝑈 (𝜃) = ∏
𝑢∈𝑈

L𝑢 (𝜃) . (23)

The MLE consists to set up the value of parameter vector
𝜃 so as to maximize the likelihood function of the observed
sample, or equivalently to maximize the log-likelihood func-
tion as follows:

Λ𝑈 (𝜃) ≡ ln L𝑈 (𝜃) = ∑
𝑢∈𝑈

Λ 𝑢 (𝜃) and Λ 𝑢 (𝜃)
= ln L𝑢 (𝜃) .

(24)

That simplifies the computation of MLE.
The estimator of MLE can be applied to our stochastic

models for either an individual passenger observed on sev-
eral journeys or a set of passengers to differentiate ‘intra-’
versus ‘inter-’ individual cases. In the former case [24],
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Figure 3: Modeling and optimization schema based on MLE.

the underlying statistical distributions are related to the
particular passenger: his walking speed as either a constant or
a distribution to allow for fluctuations and his own conditions
for in-station walking distances and repositioning target 𝐿. In
the latter case [21–24, 42], the condition is aimed to ensure
statistical independence within the sample. The O-D stations
must be shared by the passengers so as to give consistency
to the 𝐿, S+, and S− notions. The former will be further
investigated in this paper.

The estimator of MLE is endowed with powerful statis-
tical properties that are well known in econometrics [43].
Although it has often some bias, this bias vanishes when
the sample size tends to infinity; and the estimator variance
is minimal. An especially valuable property is that the
Hessianmatrix of the log-likelihood function evaluated at the
global optimum, up to a minus sign, contains the estimated
covariance by pair of scalar parameters Λ𝑈(𝜃) ≡ ln L𝑈(𝜃) =∑𝑢∈𝑈Λ 𝑢(𝜃). As these properties pertain to points of global
maximization, a suitable optimization algorithm must be
used. Furthermore, the properties rely upon a requirement
of parameter-free domain for the RVs in the model. The
requirement is satisfied by the normal distribution of speeds,
but not by the shift in a shifted exponential distribution. So
the application of MLE to our model is somewhat heuristic.
However, under given 𝐵+ and 𝐵−, the estimation of the
remaining parameters meets the domain condition.

4.2. Optimization. In practice, the estimator searches for the
estimate �̂� within an admissible space Θ with bounds of
vector components. To improve the optimization approach,
a global pre-estimation of the space is proposed to find
the optimal initial point. The pseudocode by nonlinear
constrained optimization is shown in Figure 3.

The available AFC dataset was exploited by a specific
dynamicO-Dmatrix inference schemedevised in [44], which
extended previous works of [45, 46]. The scheme involves
three principal steps as in [22]: (i) extracting the data of
a given line from the dataset of the transit network, (ii)
data filtering to exclude one-tap individual records and data
inferring process for other oddities, and (iii) generating O-D

pairs by scanning individual records to select appropriate
trips.

4.3. Guidelines for Posterior Analysis. Based on parameter
estimates, we canmodel each journey in the observed sample.
The outcomes fall into three categories: (i) user’s attributes
of walking speed V and maximum longitudinal repositioning
distance 𝐿; (ii) matching probabilities between train runs and
passengers; and (iii) the level of probability associated with a
pair of TITO times (ℎ+𝑢 , ℎ−𝑢).

Matching probabilities associated with a given journey
may be analyzed in three steps: (i) to identify the number 𝑛𝑢
of feasible train runs 𝐼𝑢 per trip by the model below from the
number 𝑛0𝑢 of hypothetical train runs compatible with ℎ+𝑢 <ℎ+𝑖 < ℎ−𝑖 < ℎ−𝑢 ; (ii) among the feasible train run probabilities,
to identify the biggest one; (iii) to evaluate the “dominance
ratio” of the most likely run, the ratio between the second
biggest and the biggest probabilities when the feasible train
runs is more than 1.

Furthermore, based on the parameter estimates, we can
make inference about some journey items that are not
observed per se. Such ex-post analysis in a given journey of a
passenger can be performed along the passenger’s trajectory
in the following way. In this model, assume that in each trip𝑘 of passenger, the train run with the biggest probability
is taken, but conditioning on estimated average speed E(V).
Main terms of passenger trajectory are derived directly by the
following calculations:

(i) mean of truncated exponential distribution, E(𝑠+(𝑘)),
between 𝐵+ and 𝐵+ plus maximum value compatible
with times and speed 𝑠+max = (ℎ+𝑖 − ℎ+𝑢)E(V)

(ii) repositioning distance, 𝑠(𝑘) = min(𝑠1,E(𝐿)), where𝑠1 = 𝑠+max − E(𝑠+(𝑘)), based on estimated 𝐿
(iii) residual waiting time, the waiting time in excess of

repositioning time, 𝑤 = max(0, 𝑠1 − E(𝐿))/E(V)
(iv) mean of truncated exponential distribution, E(𝑠−(𝑘)),

between 𝐵− and 𝐵− plus maximum value compatible
with times and speed 𝑠−max = (ℎ−𝑖 − ℎ−𝑢)E(V).
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Hence, tap-out time ℎ−𝑢 is equal to ℎ+𝑢 + 𝑡+ + 𝑤𝑖𝑢 + 𝐿/E(V) +(ℎ+𝑖 − ℎ+𝑢) + 𝑡−, where 𝑡+ = E(𝑠+(𝑘))/E(V) and 𝑡− =
E(𝑠−(𝑘))/E(V). Once the tap-in times are given, the tap-out
times are calculated.

5. Case Study of a Commuter Rail Line in
Paris Area

Themodels are applied to a real case study, the busiest urban
rail transit line RER A in Paris area, France, on the basis of
AFCdata provided by IdFM(ex STIF) andAVLdata provided
by RATP.

After introducing the case, observations of trip-making,
and train traffic (Section 5.1), we estimate the model param-
eters with distributed walking speed for two samples of
journeys (Section 5.2). Then, building upon the data and
the estimated parameters, we infer the distance and time
components for every sampled journey (Section 5.3).

5.1. Case Presentation: Navigo System, Line RERA, andRelated
Datasets. There are two main systems of urban rail transit
in Paris area [47]: (i) the semiclosed metro system including
14 lines, equipped only tap-in gates, (ii) the heavier train
system, including the “Transilien” and RER (Réseau Express
Regional, the Regional Express Network) systems, and the
closed RER system including 5 lines equipped both TITO
gates, except for connected transfer stations between RER
lines. The Paris transit system is integrated as concerns fares,
and there is a unique smartcard called Navigo.Thus, the AFC
system of transit in Paris area is called Navigo system. The
Navigo system records anonymous passenger information
including the smartcard number which is anonymized (with
anonymous number that is maintained for only 3 months),
the date, the validation instant at tap-in or tap-out gate, the
gate ID, and the access or egress station name. During the
PHs on workdays, more than 90% of the trips taken PT were
home-work or home-study trips using network subscription
hence the smartcard.

The line RER A is the busiest urban rail transit line in
Paris area andmaybe Europe, carryingmore than onemillion
passengers every workday [44]. It contains 46 stations in
total 109 km and is structured around a central trunk into
which are grafted five branches [48]: two eastward branches,
northeast terminal Chessy and southeast terminal Boissy;
and three westward branches, northwest terminal Cergy,
central-west terminal Poissy, and southwest terminal Saint-
Germain. The central trunk between stations Vincennes
and La Défense passes through the largest underground
mass transit hub, Châtelet-Les Halles, and serves the major
business district La Défense in France.

The train time headways on the central trunk range from
2 min at peak to 10 min off peak. Our study focused on the
O-D pair between Vincennes and La Défense on the central
trunk. Each station has a number of entrances in relation
to its importance, from 2 at Vincennes to 6 at La Défense.
The topological structures of O-D pair Vincennes and La
Défense are detailed in Figure 4, in which depicts the line
platform at either station and indicates some of the passenger
walking paths (green arrows) between tap gates and train

doors. The ‘Copy’ nodes connect to the same destination
nodes as the ‘Copied’ one to form in-station itineraries.There
are more route choices in egress station. The complexity
of rout choice in egress station comes from the choices
between alighting doors and the platform exit points. There
is another source of route choice in egress station, the choices
between tap gates and station exits, which could not be
considered only by the AFC data. The diversity of passenger
paths is a source about the variability of in-station walking
distance.

AVL and AFC datasets were made available to us by
the line operator RATP and the mobility authority IdFM,
respectively, for a period in March 2015 from the 16th to the
29th, excluding the 21st, 22nd, and 23rd. AVL data of RATP
includes trains’ arrival and departure times in stations. Out
of the AFC data pertaining to the O-D pair Vincennes and
La Défense in either direction, we selected one sample per
direction, both for a given passenger with maximum number
of such journeys during the period. As it turns out, the two
busiest cards are identical, with 15 trips in Case 1 from La
Défense to Vincennes and 16 trips in Case 2 from Vincennes
to La Défense. Figure 5(a) exhibits the TITO times of the 31
trips (5 trips in 1 day, 4 trips in 4 days, 3 trips in 3 days, 2
trips in 0 day, 1 trip in 1 day, and 0 trips in 2 days). All trips
are during workdays, except one trip on Sunday March 29th
2015. Indeed, the trip pattern is peculiar since every trip from
Vincennes to La Défense is followed by a return trip after
a short period of about two hours in the morning or one
hour in the evening; those trips would be home-work trips.
Figure 5(b) evaluates the related journey times: on average,
the journey takes more time from Vincennes to LaDéfense
during PHs than that from La Défense to Vincennes during
OPHs.

5.2. Estimations. The admissible spaces of scalar parameters
were specified on the basis of field measurement or literature
on urban mobility. As for in-station walking distances, a
range of [4, 325] m applies to 𝑠+ in Vincennes, and a range
of [4, 525] m applies to 𝑠− in La Défense. Platform lengths
amount to 225 m in each station: yet we allowed a feasible
space of [0, 600] m for 𝐿, as it may be bigger than the sum of
access and egress station platform lengths 450 m. A feasible
range of (0, 4] m/s is imposed on average walking speed V or𝜇, based on the last household travel survey in Paris area [49].
Thiswalking speed V includes the relative speed of escalator or
lift. Based on previous given bounds of variables, reasonable
ranges for all estimated parameters are defined, as reported
in Table 2.

While the log-likelihood function of the model gets its
maximum value, parameters’ estimates and their Standard
Deviations (SDs, approximations) are obtained in Table 2.
The results show averaged day-to-day dynamic variation of
this passenger. It appears that the estimates of the target
repositioning distances, �̂�1 and �̂�2, are relatively consistent
and fairly precise. The same applies to the distance shifts 𝐵+1 ,𝐵+2 , and 𝐵−1 , but 𝐵−2 is less precise. About the main parameters
of in-station distances, the estimated values are small for �̂�+1 ,�̂�−1 , �̂�+2 , and �̂�−2 : the first of them is not significantly different
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Figure 5: Trips made by the busiest passenger during nine days in March 2015.

from zero. As for speed estimates, the average values are fair
in Case 2 and tolerable in Case 1. However, the discrepancy
between the two cases calls for further investigation, since the
data pertain to the same user for whom an identical walking
speed is expected in both directions. The parameter of speed
dispersion, 𝜎, has a low estimate in Case 2 but a bigger one in
Case 1.

In all, the consideration of an individual passenger
enabled us to recover meaningful information about his or
her trip-making behavior. The target repositioning distances

are significant, at about 101 or 76 m depending on the
direction. Combined to the respective estimates of average
speeds, these distances correspond to repositioning time of
about 60 s in both cases. This value is close to half of a time
headway at peak hours. The in-station distances exhibit a
mirror effect at Vincennes station (similarity between 𝑠+2 and𝑠−1 ), but there is a discrepancy at La Défense station between𝑠+1 and 𝑠−2 . A potential reason may pertain to high passenger
crowding that occurs at La Défense during PHs, whichmakes
individual walking more dependent on crowd dynamics,
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Table 2: Parameter estimation for a single passenger by MLE.

Indicator (Unit) Parameter (Unit) Range Case 1 Range Case 2
Estimated value Standard deviation Estimated value Standard deviation

] (m/s) 𝜇 (m/s) (0, 4] 1.70 0.054 (0, 4] 1.19 0.21
𝜎 (0, 4] 0.33 0.059 (0, 4] 0.07 0.01

𝑠+ (m) 𝜆+ (1/m) (0, 2] 0.017 0.015 (0, 2] 0.73 0.03
𝐵+ (m) (0, 550] 126.86 14.72 (0, 150] 106.29 10.14

𝑠− (m) 𝜆− (1/m) (0, 2] 0.91 0.042 (0, 2] 0.10 0.01
𝐵− (m) (0, 150] 93.49 2.78 (0, 550] 70.52 28.33

𝐿 (m) 𝐿 (m) (0, 600] 101.46 8.28 (0, 600] 76.14 6.35
Log-likelihood function -47.48 -49.01

Table 3: Indicators’ mean values.

Mean value (Unit) Range Case 1 Range Case 2
Estimated mean value Standard deviation Estimated mean value Standard deviation

E(]) (m/s) (0, 4] 1.70 0.33 (0, 4] 1.19 0.07
E(𝑠+) (m) [4, 525] 186.75 59.89 [4, 325] 107.66 1.37
E(𝑠−) (m) [4, 325] 94.59 1.10 [4, 525] 80.52 10.00
E(𝐿) (m) [3, 600] 101.46 8.28 [3, 600] 76.14 6.35
E(𝑡+) (min) NA 1.83 NA NA 1.51 NA
E(𝑡−) (min) NA 0.93 NA NA 1.28 NA
∗NA: not available.

especially so at station egress. The difference between the
parameter values in the same station indicates the difference
ofwalking-in andwalking-out routes.Thedifference of values
between different stations depicts the station topological
structures.

Mean walking speed and mean walking distances are
calculated based on parameter estimates and illustrated
in Table 3. Passenger’s mean walking speed with normal
distribution is equal to 𝜇 with SD �̂�. As regards the walking
distances with shifted distributions, the mean values are
recovered as 𝐵 + 1/�̂� with SD 1/�̂�. The mean value of
longitudinal walking distance is estimated directly by the
model. Table 3 provides also somemore indications about in-
station mean walking times, derived directly by E(𝑠+)/E(V)
and E(𝑠−)/E(V). The results are consistence with the above
comments. It suggests that, for a given passenger, walking
timesmay bemore reliably estimated than the pair of walking
distances and walking speed.

In the Appendix, estimation results for a former model
neglecting the repositioning behavior are recalled, for the
same O-D pair but a single day of observation and a
population set of passengers. The journey is from Vincennes
to La Défense, which corresponds to Case 2 here. There
is much agreement between the intraindividual estimates
of Case 2 and the interindividual estimates of model M1
(normal-distributed walking speed) in the Appendix, except
for the shift parameter of in-station distances on the egress
side. In fact, �̂�2 +𝐵−2 ≈ 140 m are closer to 𝐵−𝐴 ≈ 204 m, which
seems to confirm that repositioning strategy on the boarding
platform constitutes a distance investment by the users for the
rest of the journey.

5.3. Posterior Analysis to Infer Journey Details. Similar to
Bayesian analysis, parameter estimates are used for reanalyz-
ing train run occurrences and passenger trip attributes. It will
check the rationality of previous results.

Based on the sampled data and parameter estimates, the
journey elements are inferred following the lines given in
Section 4.3. About the matching probabilities, Figures 6(a)
and 6(b) depict the numbers of hypothetical 𝑛0𝑢 and feasible𝑛𝑢 train runs per trip, respectively. Figure 6(b) confirms
that the postulate in the Bayesian analysis will be a good
approximation. Figure 6(c) shows the maximum probability
to take a train run among all 𝑛𝑢 feasible train runs. The
maximum probability for a tip to take a train is equal to
1 when there are only one feasible train. For the rest, the
results show that most of the maximum probabilities to take
a train are bigger than 70.66%, but one is 1× 10−16. on March
17th. This exception can be caused by the bias of AVL data
measurement. Figure 6(d) calculates the dominance ratios
among 𝑛𝑢 while 𝑛𝑢 > 1. Since the ratios are so small, smaller
than 1 × 10−3, it shows that there is only one train that is
feasible while 𝑛𝑢 > 1 as well.

A disaggregate analysis of passenger individual trip
attributes is proposed by using the passenger trip model pro-
posed in Section 4.3. Passenger trajectories are reproduced
by the simple inference model based on previous estimated
values. Figure 7 gives each observed trip and its referred
result, Case 1 in the left column and Case 2 in the right
column. To confront the real tap-out times, Figures 7(a1) and
7(a2) compare the inferred tap-out times (red circle) to the
observed ones (blue asterisk). Since the differences (black
cross) between them are very small, the agreement is very
good, which indicates that the stochastic model has good
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Figure 6: Run number and run probabilities per trip.

predictive ability. Figures 7(b1) and 7(b2) about positioning
distances show that the total repositioning could be achieved
in all but one occurrence. Lastly, Figures 7(c1) and 7(c2)
illustrate the residual waiting times obtained by inference:
the values are higher at La Défense (Case 1) than those at
Vincennes (Case 2), certainly because Case 1 occurs mostly
off peak while Case 2 occurs mainly at peak.

6. Conclusions and Perspectives

This section assesses the outreach and limitations of our
model and points to directions for further research.

6.1. Summary andOutreach. This paper provided a stochastic
model of passenger trip-making along a transit journey by
urban rail line, with explicit representation of individual
positioning along the boarding platform and the optimizing
behavior to save on travel time for the rest of the trip.

The behavioral postulate was appropriate for passengers
well aware of the trip conditions at their egress station. This
fits well commuters—hence the vast majority of transit users
at peak periods—and also customers availing themselves of
“travel assistant” applications on their smartphones.

The stochastic model was easy to use in the perspective of
simulation, as it followed the physical sequence of phases in a
journey path (walking in, platform positioning and waiting,
train riding, and walking out). It could readily be applied as
a submodel in the frame of a traffic assignment model to a
transit network.

While the simulation ability was demonstrated in the case
study, the paper was primarily oriented to the estimation
perspective: analytical formulae were given to characterize
the statistical distributions of egress times and exit instants
that stem from the set of modeling assumptions. The CDF
and PDF formulae conveyed the influences of individual
attributes and behavior (speed and target relocation dis-
tance), along with those of local conditions, i.e., in-station
distances for the walking phases.

In the estimation perspective, we used the PDF formulae
as likelihood functions for the model parameters. We put
forward particular yet realistic enough specifications for the
statistical distributions, so as tomake numerical computation
more tractable.

An application was carried out to an O-D pair of stations
along a busy rail line in Paris. AFC and AVL data were
extracted for the trips of an individual user over a two-week
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Figure 7: Inferred results about: (a) tap-out time; (b) repositioning distance; and (c) residual waiting time.

period. Valuable information was recovered from statistical
estimation and posterior inference, notably a time saving of
about 1 min owing to platform repositioning along 70 or 100
m, depending on the journey direction. This indicated that
the estimation scheme was able to capture fine phenomena
and also that the repositioning phenomenon had a limited
importance on the journey travel time of this individual user.

This also demonstrated once again the positioning behav-
ior of train users along boarding platforms, which was of
interest to railway operators for passenger trafficmanagement
under severe crowding. The consequences for station layout
and flow orientation ware traced out in related work [19].

6.2. Potential Applications and Limitations. Where AFC and
AVL datasets are available, our model can easily be applied to

estimate the distance and time components of users’ journeys
in a gate-to-gate setting which represents quality of service
better than just the service quality of the train runs. The
identification of positioning will make the estimation of the
remaining time components more realistic and reliable. The
individual behavior, as postulated and estimated on the basis
of empirical data, can easily be simulated for users’ journeys
whatever the availability status of observations is, because the
behavioral structure is endowed with replicability.

Despite its finesse, the stochastic model in its current
version does not capture congestion phenomena: neither
in-vehicle crowding or the potential restrictions (i.e., the
probability of fail-to-board and the related issue of passengers
“left behind” by trains), the crowding of platforms and
its potential influence on individual positioning, nor the
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Table 4: Estimated parameters’ values by MLE in M1 and M2.

Parameter (Unit) Range M1 M2
Estimated value Standard deviation Estimated value Standard deviation

M1: 𝜇 (m/s); M2: 𝑎 (m/s) (0, 4] and 𝑎 < 𝑏 0.90 0.0023 0.58 0.07
M1: 𝜎; M2: 𝑏 (m/s) (0, 4] 0.20 0.0007 1.24 0.13
𝜆+ (1/m) (0, 2] 0.78 0.0048 0.32 0.18
𝐵+ (m) (0, 150] 83.49 0.7314 72.32 6.81
𝜆− (1/m) (0, 2] 0.13 0.0002 0.18 0.02
𝐵− (m) (0, 550] 204.30 0.7998 264.46 26.66
Log-likelihood function -109.85 -138.18

Table 5: Indicators’ mean values in M1 and M2.

Parameter (Unit) Range M1 M2
Estimated mean value Standard deviation Estimated mean value Standard deviation

E(]) (m/s) (0, 4] 0.90 0.04 0.91 0.19
E(𝑑+) (m) [4, 325] 84.77 1.29 75.41 3.09
E(𝑑−) (m) [4, 525] 212.22 7.93 270.32 5.66

crowding of platform access points and especially egress
points, which may entail queuing and delay among exiting
passengers.

6.3. Further Developments. So the consideration of crowding
phenomenamakes up a first direction for further research on
passenger behavior along a rail journey.

A second direction is to devote more attention to the in-
station phases, especially so for vertical pedestrian elements
that influence individual speed under congestion as well as
free-flow conditions. While these issues are well known in
the micro-simulation of pedestrian traffic (cf. the Legion and
Viswalk modeling software, among others), their estimation
on the basis of AFC and AVL data is an open issue.

A third direction for research is to extend the stochas-
tic model with platform repositioning to more com-
plex trip patterns that involve transfers: this is our next
objective.

Lastly, more detailed data of users’ trajectories are avail-
able from smartphones owing to applications that monitor
geolocation data from one or several sources–GPS, GSM, or
beacons Wifi or Bluetooth. Indeed, location data collected
every second say and with fine GPS or Galileo accuracy
constitute ideal material for the refined analysis of passenger
trip-making. Such research remains to be done for large
underground transit stations, where satellite or beacon sig-
nals are impeded or modified by local layout—corridors,
walls, floors, and ceilings.

Appendix

The results of previous models without passenger longitudi-
nal walking distance in [23] are presented.The two stochastic
models M1 and M2 are normal-distributed and uniform-
distributed walking speeds models. The tested datasets are
all passengers’ trips from Vincennes to La Défense on March
16th 2015. Table 4 shows the parameters’ values and Table 5
introduces the indicators’ mean values.
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Rail transport authorities around theworld have been facing a significant challengewhen predicting rail infrastructuremaintenance
work. With the restrictions on financial support, the rail transport authorities are in pursuit of improved modern methods,
which can provide a precise prediction of rail maintenance timeframe. The expectation from such a method is to develop models
to minimise the human error that is strongly related to manual prediction. Such models will help rail transport authorities in
understanding how the track degradation occurs at different conditions (e.g., rail type, rail profile) over time. They need a well-
structured technique to identify the precise time when rail tracks fail to minimise the maintenance cost/time. The rail track
characteristics that have been collected over the years will be used in developing a degradation prediction model for rail tracks.
Since these data have been collected in large volumes and the data collection is done both electronically and manually, it is possible
to have some errors. Sometimes these errors make it impossible to use the data in prediction model development. An accurate
model can play a key role in the estimation of the long-term behaviour of rail tracks. Accurate models can increase the efficiency of
maintenance activities and decrease the cost of maintenance in long-term. In this research, a short review of rail track degradation
prediction models has been discussed before estimating rail track degradation for the curves and straight sections of Melbourne
tram track system using Adaptive Network-based Fuzzy Inference System (ANFIS) model. The results from the developed model
show that it is capable of predicting the gauge values with 𝑅2 of 0.6 and 0.78 for curves and straights, respectively.

1. Introduction

Modern transport organizations have shifted their focus from
construction and expansion of the transport infrastructure
towards how to intelligently maintaining them. This has
taken place due to many reasons such as budget restrictions
and running out of land space. Transport organizations
currently focus on exploring the solutions for developing
a maintenance management system that will help them
accurately predict the time and location where maintenance
should be carried out.This will assist transport infrastructure
authorities in optimizing the cost and time of maintenance.

Different types of degradation prediction models have
been presented in the literature, and these models have been
mainly developed for the heavy rail system. Since there are
differences in the structure and performance of heavy and
light rail systems, it is impossible to use such degradation

prediction models to predict the degradation of the light
rail system. Consequently, it is needed to develop models
which are capable of predicting the degradation of light rail
tracks. This particular research will focus on developing a
degradation prediction model for light rail network with the
focus on tram network of Melbourne, Australia. The map of
the current Melbourne tram network is shown in Figure 1.

The maintenance data of the Melbourne tram network
has been collected through on-sight inspection and stocked
in a nondigitized way for a long time. Traditionally, the rail
maintenance used to be planned based on the experience
of experts in the field. This procedure has changed since
the introduction of new rail track inspection vehicles. These
vehicles run through rail tracks and detect a large amount
of data related to gauge and twist values from infras-
tructure condition. Based on this data, prediction models
will be developed to predict the degradation of rail tracks
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Figure 1: Melbourne tram network.

and estimate the maintenance procedures needed in the
future.

In this paper, a review of the previous models on rail
degradation prediction is presented. Afterwards, an ANFIS
model is proposed to predict the Melbourne tram track
degradation. Results from the models for both curves and
straight sections are presented then. Finally, conclusions of
this research and directions for further work on this topic are
presented.

2. Literature Review

According to the literature, the models which have been
used to predict rail track degradation could be categorized
into three main categories including mechanistic, statistical,
and artificial intelligence (AI) models. Out of these three
main types, some of them are further categorized into
subcategories as in Figure 2.

Previous studies on rail track degradation have repre-
sented some models that are capable of predicting degrada-
tion using a common set of parameters such as the age of the
rail, axle load inMillion Gross Tone (MGT), speed, and track
curvature.

The mechanistic approach is the oldest model type in
predicting the rail track degradation. Mechanistic models are
based on the knowledge and understanding of the behaviour
of the mechanical components. Mechanistic models involve
establishing the mechanical properties either by theory or by
testing. These types of models could mainly develop based
on laboratory experiment data or collecting data from the

field by observing the sections that will be used for modeling
for a long period of time. Since such type of models has the
capability of predicting rail track settlement and degradation
with greater accuracy, according to the literature that is
one of the key strengths of this type of models. So this is
a type of model more suitable for utilizing in a situation
where just one particular section of the track needed to be
repaired.However, with this positive, there are fewdrawbacks
that limit the possibility of using this type of models for
predicting the future degradation and settlement values. The
main drawback of this type ofmodels is that it will not provide
predictions with greater accuracy when you try to apply the
model to the different sections of the rail network.The reason
behind this is because the mechanical properties of the track
and external factors they face may vary from place to place.
Since it requires an extensive amount of data to develop a
model small section of the rail track, developing a model for
different sections of the network could be challenging and
very time-consuming. Some of the models developed by the
Japanese researchers [1–3] and German researchers [4] are
among themost famousmechanisticmodels which have been
pioneered, developing degradation prediction models based
on mechanistic models around the globe.

The statistical models are based on the data collected
from monitoring the track performances and the variables
affecting such performances (e.g., traffic, rail type, and main-
tenance data). Those variables are used as inputs to develop
a model which predicts track degradation. Statistical models
provide the ability to deal with the considerably large amount
of datasets when developing degradation models and they
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Figure 2: Rail track degradation prediction models.

provide more accurate results when applied to an entire rail
network compared to a mechanistic model. However, it also
has some downsides such as being able to create a large
database which these types of models require due to the lack
of availability of historical track data. Some of these statistical
models could be further categorized into deterministic [5],
probabilistic [6], and stochastic models [7].

The artificial intelligence models are a group of machine
learning models which primarily could be categories into
two groups’ including artificial neural networks (ANNs)
and neurofuzzy models. Artificial neural networks were
originally inspired by the biological neural networks which
are present in the human brain.Thesemodels are both simple
computational devices which are highly interconnected, and
in both models the connections between neurons determine
the function of the network. Although ANNs are quite
new to tram track degradation predictions, they have been
extensively used in other fields of engineering [8]. ANNs are
currently on the verge of becoming popular in predicting the
degradation of railways due to their capability of providing
prediction results with high accuracy [9, 10]. They have also
been utilized to evaluate the rail track condition [9]. The
work of [9] proposed an ANN Model for track degradation
prediction and used parameters such as Track Record Index
(TRI) which defines the track quality. Moreover, traffic
volume (i.e., light, heavy), speed, geographic location curves
radius, and gradient are other factors used to predict the rail
degradation [11]. Another study presented an artificial neural
network model to predict the degradation of tram tracks
using maintenance data in Melbourne railway system. Data
was collected from Melbourne tram network from 2009 to
2013, covering different types of segments of four routes such
as straights, curves, H-crossings, and crossovers [12]. Out of
these segments, curveswere the focus since they have a higher
failure rate than some other segments [13, 14]; this section’s
data was utilized in case of light rail degradation modeling
using a nonlinearmethod [15].However, the results presented
in previous researchs were far less accurate than what this
paper has gained due to the higher nonlinear capability of
ANFIS model.

In this research, at first the data are preprocessed, and
all the outliers are eliminated. Following that, a fuzzy model
is proposed due to the nonlinear and noisy nature of the

data according to the data which were available on the
Melbourne tram network. In the next stage, the model is
validated on the test samples.The final year gauge values have
been considered as the measured value for both training and
testing experiments. Model validation/testing was done by
comparing the final year gauge values as observed values and
the gauge values for the final year estimated by the model.

Since gauge value represents the physical shape of rail-
ways, it can be considered as a factor which comprises various
important features of rail degradation in its nature. Thus,
rail degradation maintenance scheduling could be done by
considering gauge degradation as a paramount factor. In this
paper, gauge value degradation prediction modeling is done
which could be a breakthrough into degradation hotspot
detection which leads to lower amount of investment in both
rail monitoring and preventive maintenance.

3. Dataset

Melbourne tram network is the world’s largest urban operat-
ing tram network and covers 250 km of double tracks which
includes 25 routes. There are 1700 stops across the network
spread out with more than 400 level access stops. Seventy-
five percent of the Melbourne’s tram network operates on
shared roads with other vehicles and manages to provide
a service with a punctuality percentage around the high
seventies to mid-eighties. To meet the current demands of
the rapid growth of Melbourne city, its iconic tram network
also needs to evolve accordingly. Along with the increase
in Melbourne tram patronage, it has been understood that
the expenses related to rail infrastructure maintenance have
grown gradually and constantly.

Rail track degradation occurs due to many reasons. Rail
vehicles travel at various speeds while carrying various loads.
This will cause a wide range of stresses on the rail structure
resulting in its decay. When it comes to the light rail tracks,
the degradation of the track occurs due to few more other
reasons such as the damage occurring by road sharing and
weathering due to climate change. Since all these changes
influence the decay and are embedded in gauge value, it is
considered as the key value for the degradation. Gauge value
is defined as the distance between the inner sides of two rails
on a railway system.
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Figure 3: Simple adaptive network.

In this particular study, data are provided by Yarra Trams
(which is the operator of the Melbourne tram network and
is responsible authority for its maintenance). This data is
utilized to develop a degradation model which will provide
the ability to predict the future gauge values. The dataset
which was provided by them for this research comprises
different section types including curves, straight sections,
H-crossing, and crossovers. The gauge values have been
collected by Yarra Trams for the whole tram network at
different years. In addition, curve radius, annual tonnage
in Million Gross Tone (MGT), track surface (asphalt and
concrete surfaces), rail profile (the cross-sectional shape of
a rail which is represented by kilogram per metre), rail type
(grooved and T-shapes), rail support (or rail ties categorized
into concrete and steel sleepers), location of routes, and track
installation date have also been provided by Yarra Trams.
These datawere gathered over a period of 6 years from2009 to
2015. Curve and straight sections where the twomajor groups
of the track sections used in this study to analyze and develop
the degradation prediction model since they represent the
majority of the tram network.

4. Model Development

In this paper, ANFIS is used to estimate the gauge value for
𝑡 + 1 if the data for the past are available. The dataset is
consisting of 3,860 different samples of gauge values between
2010 and 2015.Numerous sections of the railway hadminor or
major maintenance through these years. Thus, linear models
are not able to consider the influence of differentmaintenance
types over the years.Therefore, in this paper, anANFISmodel
is proposed, and the results show the superiority of nonlinear
models in the maintenance modeling. The ANFIS model
presented in this paper consists of three important inputs
including the two previous values of gauge (the previous two
readings of the gauge from the past two years) and the MGT
value.The dataset is divided into training and test set. 70% of
the data is used for training purpose while the rest is used for
testing.

An adaptive network can be considered as Figure 3 and is
a feedforward multilayer network in which each node plays a
particular role in the input with a set of parameters relating
to the node [16]. Circle nodes have no parameter while the
square nodes which are adaptive have different parameters
that need to be estimated. If the network has L layers and the
𝑗th layer has #(𝑗) nodes, the node in the 𝑖th position of 𝑗th
layer can be written as

𝑂𝑗𝑖 = 𝑂𝑗𝑖 (𝑂𝑗−11 , . . . , 𝑂𝑗−1#(𝑗−1), 𝑚, 𝑛, . . .) , (1)

where m, n, etc. are the parameters related to this node. 𝑂𝑗𝑖
represents the node output and the function. Considering a
set of training data has 𝑞 entries the sum squared error could
be measured as

𝐸𝑞 =
#𝐿
∑
𝑚=1

(𝑇𝑚,𝑞 − 𝑂𝐿𝑚,𝑞)
2 , (2)

where 𝑇𝑚,𝑞 is the 𝑚th component of 𝑞th target. The rate of
error from the output node at 𝐿, 𝑖, can be derived from

𝜕𝐸𝑞
𝜕𝑂𝑗𝑖,𝑞
=

#(𝑗+1)

∑
𝑚=1

𝜕𝐸𝑞
𝜕𝑂𝑗+1𝑚,𝑞
𝜕𝑂𝑗+1𝑚,𝑞
𝜕𝑂𝑗𝑖,𝑞
. (3)

If 𝜃 is a parameter of the network 𝜕𝐸𝑞/𝜕𝜃 can be written as

𝜕𝐸𝑞
𝜕𝜃 = ∑

𝑂∗∈𝑆

𝜕𝐸𝑞
𝜕𝑂∗
𝜕𝑂∗
𝜕𝜃 (4)

𝑆 is the node whose output depends on 𝜃. 𝜕𝐸/𝜕𝜃 can be
written as

𝜕𝐸
𝜕𝜃 =

𝑞

∑
𝑞=1

𝜕𝐸𝑞
𝜕𝜃 (5)

The update formula for 𝜃 can be written as

Δ𝜃 = −𝛾𝜕𝐸𝜕𝜃 (6)

in which 𝛾 is the learning rate which can be defined as

𝛾 = 𝑗
√∑𝜃 (𝜕𝐸/𝜕𝜃)2

(7)

in which 𝑗 is the step size. The change in 𝑗 results in the
convergence speed.

5. Modeling and Results

In this paper, 2,700 gauge observations were used to train the
system. The input data are gauge values for year𝑠−2, year𝑠−1,
and MGT which are the most important factors in the one
step ahead prediction for gauge values, and the output of
the system is the gauge values for year𝑠. The trained system
antecedent membership functions are presented in Figure 4.

In this article firstly the datasets are randomly divided
into training and testing datasets; following that ANFIS
model is utilized using 5 membership functions for trio
inputs.The number ofmembership functions and their shape
are selected to have the Least Mean Squared Error (MSE)
and higher𝑅2 in training datasets.These training datasets are
then trained using ANFIS algorithm. Ultimately, the trained
system is then tested on the test data and the observed gauge
values and the predicted ones are compared as shown in
Figure 5.

As shown in Figure 5, straight sections are responsible
for more frequent and violent fluctuations in comparison to
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Figure 4: Membership function of the antecedents, i.e., the gauge values for year𝑠−2 and year𝑠−1 and MGT for curves and straight sections
shown from left to right, respectively.
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Figure 5: The observed and predicted age values for the test data (30% of the data).

curves. To unveil the key reason, it should be considered that
switches and bridgeswhich aremore in danger of degradation
are mostly quantified as straight sections. The spikes in
both graphs reach a height of 14mm in some samples. This
occurrence of less frequent spikes could be justified by stating
that it could be the result of noisy data in the curve sections.
However, it would not be a valid argument when it comes to
explaining the data of the straight section since the spikes in
that graph are more frequent. This high decay in the gauge
of the straight sections could be due to few reasons. It could
be due to the subclasses of the straight sections eventually
categorized as the straight sections. These sections tend to
suffer greater deterioration in gauge than the other sections
of the track. As a result, it will increase the overall gauge
deterioration in the straight sections. To get more insight into
the nature of the data in different sections Table 1 is presented.

Table 1: Mean and standard deviation for curves and straights. Real
data is abbreviated as rd and estimated data is abbreviated as ed.

Curves Straights
𝜎rd 1.3579 2.8207
𝜎ed 0.9766 2.4594
𝜇rd 3.5320 3.9185
𝜇ed 3.6160 4.0932

Table 1 shows the mean and standard deviation of the two
different sections.

Table 1 indicates the mean and the standard deviation
for the observed and predicted gauge values at curves and
straights, and it shows a massive difference in standard
deviations between curve data and straight data in both
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Figure 6: The observed versus predicted gauge values.

observed and predicted values. The numbers demonstrate
the nature of curves and straight sections. For instance, the
values for the standard deviation in curves and straights
which are 1.36 and 2.82, respectively, demonstrate that the
deviation in the values of gauge value is higher in the straight
section. Also, their mean values which are 3.53 and 3.92 for
curves and straights demonstrate that the straight sections
face higher gauge values. From both mean and standard
deviation, it could be understood that higher gauge values
are more common in the straight section which means this
section type needs more common inspections due to the
fact that straight section covers most frequent stop-starts and
some other factors such as bridges which are enclosed by a
straight section.

To show the accuracy of themodel, observed gauge values
versus the predicted gauge values are plotted in Figure 6. As
demonstrated in this figure, the curve data may contain few
outliers which could be seen in the top right corner of the
curve graph. Through the graphical presentation provided
in Figure 6, it is visible that the model has predicted those
outliers accurately, given that they appear quite close to the
regression line.

Moreover, Figure 6 depicts that the concentration of the
gauge values lies within 0 to 5 in both graphs while on the
straight sections there is a considerable spread in gauge values
from5 to 10.This indicates a higher probability of degradation
on the straight sections over curves.
𝑅2 which indicates the proportionate amount of variation

in the response variable 𝑦 explained by the independent
variables𝑋 in the linear regression model is presented in (8).
𝑅2 of the curve degradation prediction model is 0.60 while
that of the straight model is around 0.78. By considering the
above figures and the values of 𝑅2, it is clear that the system
can predict the gauge values with high accuracy considering
the noisy nature of the data.

𝑅2 = SSR
SST
= 1 − SSE

SST
, (8)

Table 2: Statistical parameters of model.

Criteria Curves Straights
𝑅 square (𝑅2) 0.6001 0.7808
MSE 0.7350 1.7335
Total Samples 3860 3860
Training Samples 2700 2700
Testing Samples 1160 1160
Number of inputs 3 3

where SSE is the sum of squared errors; SSR is the sum of
squared regressions; SST is the squared total sum.

As Table 2 indicates, 3,860 observations have been used to
train and test ANFIS models for predicting the gauge values
for curve and straight sections. Despite the fact that themodel
for straight sections shows a better𝑅2 value, theMSE also has
gone up from curve sections to straight sections. This could
be because straight section data is spreadmore than the curve
data as shown in Figure 6.

6. Conclusions

Predicting rail track degradation on time and carrying out
maintenance accordingly are a plan that all the major author-
ities that are responsible for maintaining and managing the
rail networks try to implement right across the world. The
intention behind this exercise is to improve the cost efficiency
by reducing the unnecessary costs related to carrying out
maintenance work too early or too late.There are many types
of research that have been done on developing such models
for heavy rail tracks. However, there is a need for a proper
model which can predict the degradation in light rail tracks.
In this paper, firstly the raw data was captured by connecting
theMATLAB to the database, then it is preprocessed, and the
outliers are eliminated due to the messy structure of the data
environment. Following that to cover all noisy environment
ANFIS model was utilized; the model has five membership
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functions in the antecedent for all three inputs and is put
forward to model rail track degrading using the data for
Melbourne tram network between 2010 and 2015. The data
is consisting of gauge values for two previous years and the
MGT value. For modeling the system 70% of the data is used
for the training purpose, and the remaining was used for
testing the system. Results show that the model can predict
the gauge values for the coming year by the 𝑅2 value of 0.60
and 0.78 for the curves and straight sections, respectively,
and the MSE error for the section are 0.7350 and 1.7335,
respectively. These models could be utilized to predict the
degradation for the year 2016 onwards, and maintenance
work could be scheduled according to the results from
degradation prediction models.
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Transit-Oriented Development (TOD) is an urban planning approach that encourages a modal shift from private to public
transportation. This shift can generate additional benefits from a sustainability perspective. This study aims to assess the efficiency
of TOD by applying the data envelopment analysis (DEA)method.The ridership of public transportation is considered as the direct
output characteristic of TOD efficiency, and nine indicators of ridership are selected as inputs on the basis of the core concepts of
TOD. These concepts include density, diversity, and design (3Ds). The Tokyu Den-en Toshi Line in Japan is presented as a typical
case of TODbecause this line includes TODandnon-TODstations. Assessing and comparing the results of all railway stations reveal
that almost all indicator values of non-TOD stations are higher than those of TOD stations. The results suggest that TOD planning
and programs are inefficient in terms of ridership generation. This implication, however, may be attributed to the inadequacy of
the selected indicators for TOD assessment. The results obtained after adding operation year as input indicators and removing
transfer station show that TOD stations perform efficiently and in accordance with expectations. This response indicates that the
inclusion of influential factors is necessary for equitable TOD assessment. Therefore, other influential factors must be considered
when evaluating the efficiency of TOD-based stations with different inherent attributes. In addition, the design input with the
largest impact on all inefficient units was identified, suggesting that management of bus service and railway system should be well
enhanced.

1. Introduction

Transportation infrastructure is one of the most important
components of urban development. The efficient develop-
ment and implementation of a transportation infrastructure
plan are necessary to solve traffic congestion, greenhouse
gas emissions, and other environmental consequences that
accompany rapid urbanization and motorization [1]. From
the perspective of sustainable and integrated urban devel-
opment, the imbalance between land use and transportation
systems is the most critical factor that affects the efficiency
of transportation infrastructure. Transit-Oriented Develop-
ment (TOD) strategy has been proposed as an efficient
approach to solve this imbalance [2, 3].

TOD aims to encourage the use of public transportation
[4] by increasing population density and mixed land use
in areas surrounding transportation hubs and by promoting
connectivity between stations and trip origins/destinations.
Although the formal term of TOD was not introduced
until 1993 [5], its underlying principle has been applied
and implemented as a solution to urban growth challenges
since the late 19th and early 20th centuries, mainly in the
United States and Europe [6]. Later, in 1997, the density,
diversity, and design (3D) framework of TOD was proposed
and explained [7]. In several American cities, the 3D-based
TOD plan has increased the ridership and modal shares
of public transport and has decreased vehicle mileage by
3%–5% [8, 9]. Accordingly, the TOD concept has been
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applied with an emphasis on the 3D framework in urban
and transport planning worldwide. However, its efficiency in
practical applications may sometimes not meet expectations
[10]. The low utilization of public transport cannot achieve
the sustainable cycle of land–people–transport [11]. In other
words, whether or not the TOD strategy can play its due
role in urban planning and management is inconclusive.
Therefore, evaluating the efficiency of TOD is a necessary
challenge faced by urban administrators and policy makers
who aim to successfully implement, enhance, and improve
TOD.

To respond to such a demand, this study selects the
appropriate indicators that reflect the 3D concept of TOD
in practice. This study assesses the efficiency of a railway
system that was developed on the basis of the 3D framework
of TOD. Furthermore, it provides advice to improve the
factors that most significantly influence the efficiency of
TOD. In this study, data envelopment analysis (DEA), which
was first proposed by Charnes et al. in 1978, is applied
[12, 13]. Since its introduction, DEA has been widely used
to measure the relative efficiency of various organizations,
referred to as decision-making units (DMU), with multiple
inputs and outputs [14–17]. DEA can identify the input
with the largest impact on an inefficient unit. Such input
can provide guidelines to policy makers. One line of the
Japanese railway system is presented as a case study. In Japan,
the integration of the transport system and land use has
been practiced since the 1910s. This practice is consistent
with the concept of TOD. After more than a century, the
country has recognized advancements in railway operation
and management. The efficiency evaluation of TOD cases in
Japan can provide essential guidance or experiences for future
transport and urban planning in other countries, especially in
developing countries experiencing rapid urbanization.

2. Literature Review

The integration of transportation and land use dates back to
the post-World War II era, when planners in Europe, most
notably in Stockholm [18] and Copenhagen [19], led subur-
ban development into satellite areas along transit corridors.
Since the 1990s, a series of new concepts and approaches, such
as the Smart Growth concept [20, 21] and New Urbanism
approach [22], for the integration of transportation and land
use have emerged to combat uncontrolled urban sprawl [6].
TOD is also gaining popularity as an approach to promote
smart growth and sustainable development in the metropoli-
tan areas of many developed and developing countries [23–
26] where mass transit systems have been implemented to
relieve traffic congestion.

A common definition or criterion remains to be estab-
lished for TOD despite the substantial body of research
that has discussed the concept. For example, Cervero et al.
stressed the contributions of the 3Ds to the TOD concept;
furthermore, they explained the 3D concept as density in the
form of residence and jobs, diversity in the form of mixed
land-use development, and design in the form of good street
connectivity for pedestrians [25]. Other scholars interpreted
TOD by borrowing words from its original explanation and

providing new empirical additions. The various definitions
for TOD generally state that TOD should promote compact
and highly mixed-use development around transit hubs and
should include accessible and walkable neighborhoods [18,
19].

Existing studies have demonstrated that TOD provides
numerous advantages, such as facilitating polycentric cities
and regions, mitigating urban sprawl, boosting public trans-
port ridership, increasing bike usage and walkability, accom-
modating economic growth, and creating sustainable neigh-
borhoods [6]. The most important function of TOD is to
reduce traffic congestion and increase public transit use in
areas experiencing accelerated urban development [25, 27,
28]. TOD has attracted increasing attention as a solution to
the challenges of urban growth given its widely recognized
benefits. TOD implementation, however, is not always suc-
cessful. Thus, several studies have evaluated the efficiency of
TOD (e.g., [9, 21]). Most existing research applied single and
several indicators to measure the outcomes or benefits that
TOD provides in terms of travel behavior, economics, and
environment [28, 29]. Ridership is one of most representative
indicators of TOD outcome [25]. Renne andWells monitored
the success of TOD through a survey that included and
summarized the various indicators of the influences and
the most useful indicators of TOD [3]. However, this study
quantifiedTOD in the formof a single indicator and provided
a limited explanation for the ridership efficiency of TOD.
In addition, it lost meaningful information for the aspects
that contribute to the success or failure of TOD. The multi-
indicator evaluation method involves weight setting for each
indicator. However, weight setting in existing studies is often
empirical or less objective and could provide biased results.

In the past decade, DEA has been widely used to measure
the efficiency of different models of transportation system
operations or management [30]. The most significant advan-
tage of DEA over traditional weight-based methods is that
DEA does not require weight parameters to measure effi-
ciency. Researchers have employed DEA to address twomain
research topics. One topic is the analysis and comparison of
the efficiency of firms, networks, or nations in the field of
economics and management science [31–33]. Only a small
part of related works has focused on the evaluation of the
operational performance and management of railways [30].
The other topic is the selection of the optimal solution for
actual operations in vehicle dispatching and route planning
[34, 35]. Up to now, DEA has not been applied in the
assessment of transportation strategy, at least in terms of
TOD.

2.1. DEA. As mentioned above, DEA identifies the frontier
(envelopment surface), which is determined directly from
data, and quantifies the relative efficiency of a set of compa-
rable DMUs with several inputs and outputs. It solves a linear
programmingmodel to detect the efficient inputs and outputs
that form the frontier and the inefficient inputs and outputs
that form nonfrontier units. In addition to providing the
efficiency level, DEA can identify the sources of inefficiency
and the projection path to the frontier. The projection path
to the envelope surface is determined by whether the model
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Table 1: Indicators for DEA method.

Indicators Unit Explanation
Density x1 Population density Person/km2 Population per square kilometer

Diversity
x2 Land-use diversity - Shannon–Wiener Index
x3 Functional land area km2 Total residential, commercial, official, public service land area per catchment
x4 High-building area km2 Area with high buildings (over 4 floors) per catchment

Design

x5 Bus stops - Bus stops per unit catchment area
x6 Daily bus operation length km Bus operation length per day in each catchment
x7 Bus routes - Number of routes to and from railway station
x8 Road length km Road length per catchment
x9 Number of station exits - Number of exits per railway station
y Ridership Person Average daily commuters per station

is output-oriented or input-oriented, the choice of which
depends on the production process that characterizes the
units (i.e., the process minimizes the use of inputs to produce
a given output level or maximizes output level given an
input level). A large output (i.e., ridership) is preferred in
the evaluation of TOD efficiency given several certain inputs.
Therefore, output-oriented DEA was selected in this study.

The CCR model, which was first proposed by Charnes et
al. in 1978, is the basic DEA model. It functions under the
assumption of constant returns to scale and reflects the fact
that outputs change proportionally with inputs [12]. Assume
that n DMUs (𝑗 = 1, . . . , 𝑛), m inputs 𝑥𝑖𝑗 (𝑖 = 1, . . . , 𝑚), and𝑠 outputs 𝑦𝑟𝑗 (𝑟 = 1, . . . , 𝑠) exist for each DMUj. The output-
oriented CCR model can be formulated as follows:

max 𝜃 + 𝜀( 𝑚∑
𝑖=1

𝑠−𝑖 +
𝑠∑
𝑟=1

𝑠+𝑟)

s.t.
𝑛∑
𝑗=1

𝜆𝑗𝑥𝑖𝑗 + 𝑠−𝑖 = 𝑥𝑖0
𝑛∑
𝑗=1

𝜆𝑗𝑦𝑟𝑗 − 𝑠+𝑖 = 𝜃𝑦𝑟0
𝑠−𝑖 , 𝑠+𝑟 ≥ 0
𝜆𝑗 ≥ 0,

(1)

where 𝜃 is the efficiency score limited to less than 1, 𝜀 is the
non-Archimedean infinitesimal, and 𝑥𝑖0 and 𝑦𝑟0 refer to the
input and output of one certain unit DMU0. 𝑠−𝑖 and 𝑠+𝑟 are the
input and output slack, which refers to the excess input or
missing output that exists after the proportional change in
the input or the output has reached the efficiency frontier.𝜆𝑗 is the weight given to the DMUj to achieve its optimal
performance. It is calculated automatically during themodel-
solving process.

The improvement target (projection) of each inefficient
unit is the result of respective slack values added to pro-
portional reduction amounts (formula (2) and (3) for the
output-oriented DEA model). The improvement target pro-
vides alternative ways to improve the performance of each

inefficient unit. The difference between 𝑥𝑖0 and 𝑥𝑖0, 𝑦𝑟0 and𝑦𝑟0 should receive focus when changing the input and output.
𝑥𝑖0 = 𝑥𝑖0 − 𝑠−𝑖 (2)

𝑦𝑟0 = 𝜃𝑦𝑟0 + 𝑠+𝑟 . (3)

2.2. Indicator Selection. As the output variable, ridership (𝑦)
is the number of passengers who ride a public transport
system and directly reflects the efficiency of transporta-
tion policy and urban planning, such as TOD strategy.
Populations living around transport hubs provide the trip
demand and have the potential to use the transportation
infrastructure; mixed land use in the catchment area helps
generate trips by providing different services; and convenient
design encourages high numbers of people to use public
transportation. All of these effects promote modal shift and
increase ridership. Therefore, from the core concept of TOD,
that is, density, diversity, and design, nine indicators were
selected as the input variables of ridership output (Table 1).

First, density is defined as the number of buildings or
population per area. Here, population density (x1) in a
catchment, that is, population per unit area, is the primary
indicator that directly determines trip demand and economic
activity. The residential population tends to generate the
boarding ridership, whereas the commercial and office pop-
ulation is related to the alighting ridership via commercial or
employment attractiveness.

Second, diversity is reflected by land use and primarily
represents the level of mixed land-use development. This
indicator is obtained through the Shannon–Wiener index,
which is widely applied to calculate species diversity in the
field of ecology. It has been successfully applied in land-
use research to estimate the number of land-use types and
evenness [16]. Given that residential land, commercial land,
official land, and public service land are the primary types
of urban functional land areas, the functional land area
will affect ridership by providing for the different needs or
demands of passengers and other interested people. Further-
more, areas with high buildings (over 4 floors) surrounding
transportation hubs affect trip demand generation and rep-
resent the basic characteristic of regional development level.
Therefore, land-use diversity (x2), functional land-use area
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Figure 1: Tokyu Den-en Toshi Line.

(x3), and high-building area (x4) were selected as the three
indicators of diversity input.

Third, design schemes can influence travel demand by
increasing the accessibility of destinations by foot or by
other public transportation systems [6]. It contains different
implications from the micro to macro level, including the
presence of shade trees and overhead lighting, design of
on-site stores and services, and connections between work
sites and worker residences. In this study, the design points
to a basic transit infrastructure around rail stations that
shortens the distance or time required to reach a destination.
A highly advanced design would have the potential to
facilitate public transit use and walking, as well as promote
efficient energy use. Therefore, the number of bus stops (x5),
daily bus operation length (x6), and bus routes (x7) were
selected to represent the connectivity between the rail station
and passenger destinations. Connectivity eventually affects
ridership choice andmode split.With respect to the total road
length (x8), we hypothesized that long roads in a certain area
would increase road density and facilitate passenger access
to railway stations. Finally, the number of railway station
exits (x9) also provides passengers with convenient access
to aboveground roads or buses and underground stores or
supermarkets.

3. Case Study

3.1. Tokyu Den-en Toshi Line. Japan’s urban transportation
system is famous for its excellent accessibility, efficiency,
and punctuality.These characteristics resulted fromadvanced
and reasonable transportation/urban planning. Moreover,
in Japan, cities are commonly planned on the basis of

TOD because the country has centered its land and city
development along railroad construction for more than a
century. Ensenkaihatsu (or “railway corridor development”)
was proposed by as early as 1910 and has a longer history than
TOD.This urban development concept focused on residential
district development along railways.

The Tokyu Den-en Toshi (DT) Line is a major com-
muter line that connects Shibuya in Tokyo and the Chuo-
Rinkanin terminal in the neighboring Kanagawa Prefecture
(Figure 1). The earliest interval, which is known as the
Mizonokuchi Line, was opened in 1927 and connects the
Futako-Tamagawa and Mizonokuchi Stations. In the mid-
20th century, economic activity and employment rapidly
concentrated in the central area of Tokyo, thus drastically
increasing land and real estate prices and promoting ex-
urban settlement. In response to this situation, the Japanese
government adopted a new TODplan.TheDT Line was born
at the right moment, and Tama New Town was subsequently
developed. In 1966, the DT Line began operating from the
Mizonokuchi Station to the Nagatsuta Station. An expansion
was built as an access route to Tama Garden City [36]. The
DT Line, which spans Shibuya Station to Futako-Tamagawa
Station, was completed in 1977. In 1984, the line was extended
from Nagatsuta Station to Chuo-Rinkan Station. Stations
between theMizonokuchi and Chuo-Rinkan Stations, except
for Nagatsuta Station (Figure 1), were developed on the basis
of TOD. To enable comparison in this study, the earlier/older
stations are identified as non-TODs (12 stations), and the
latter/newer stations are considered as TODs (15 stations).

The DT Line was selected as a case study in this work
for two reasons. First, the DT Line and the Tama New Town
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that it traverses provide examples of transportation and land-
use integration that are intended to stimulate population
concentration and ridership growth. Second, this line has a
relatively long history and was constructed under previous
and new urban development policies (i.e., some of its stations
were originally built with the birth of the line, whereas others
are relatively new and were constructed through the TOD
project). Therefore, earlier and later/newer stations can be
compared to identify the factors that affect ridership.

3.2. Catchment Definition andData Collection. Station catch-
ment areas, which influence indicator values, need to be
determined. In the transportation research field, the catch-
ment area where local residents potentially use the railway
is identified through (1) placing a buffer circle around a
station (e.g., buffers with a radius of 400, 800, or 1200m to
define walkability to the public transportation facility) [37];(2) network analysis [38] based on path networks, wherein a
catchment area can be an area with a fixed walking or driving
distance or travel time; (3) the boundary method, which is
based on geo-code trip survey data (in this method, however,
only 90% of the trip data are used within the study to remove
the outliers) [39]; and (4) statisticalmodeling based on spatial
theory, such as location and allocation method [40]. Among
these methods, the boundary method is the most objective
method that does not require intensive expert experience.

In this study, the Japanese Nationwide Person Trip Sur-
vey was used to identify station catchments through the
boundary method. This survey is the most fundamental
transportation questionnaire survey and is conducted every
10 years by the Ministry of Land, Infrastructure, Transport,
and Tourism to investigate the actual travel behaviors of
people in certain regions in Japan. In the TokyoMetropolitan
Area, approximately 730,000 individual questionnaires are
collected. Survey items include individual trips, personal
attributes, and travel behaviors. The origin collected for the
survey was recorded by a small zone geo-code, and the survey
results showed the station choices in each zone.

An origin–destination matrix from the zones of pas-
senger residence (origin) to rail stations (destination) was
constructed in accordance with the survey results and is
shown in the flow map in Figure 2(a). Then, zones that
generated few demands were removed on the basis of the
rule that a catchment area should cover at least 90% of the
ridership around the station (Figure 2(b)). A single catchment
area nearly covers the buffer area with a 1,500m radius
around the railway. Given that individuals from the same
small zone may select different rail stations, the catchment
areas of two or more adjacent rail stations may overlap.
Overlapped zones were divided into different stations by the
number of station choices and distances to different stations
(Figure 2(c)). Finally, the catchment area for each rail station
was identified. Following the identification of catchment
boundaries, all data for selected indicators (e.g., bus stop data,
as an example shown in Figure 2(d)) were collected from
the website of the Official Statistics of Japan and National
Land Numerical Information. The collected data were then
masked, reorganized, and standardized.

4. Results

4.1. Basic Statistical Characteristics. The initial analysis pro-
vided the basic statistical characteristics of all selected indi-
cators for the 27 stations. All of the indicator values of non-
TODs are higher than those of TOD stations.Therefore, TOD
stations do not provide any obvious advantages. In detail,
the mean population density of TOD stations is considerably
lower than that of older stations.This result may be attributed
to the different development histories of non-TOD and TOD
stations.The higher land-use diversity of non-TODs than that
of TOD stations can be attributed to the main function of the
Tama New Town Station along the DT Line. The catchment
of the Tama New Town Station mainly functions to relieve
housing problems in Tokyo. Thus, this area contains vast
tracts of residential land. By contrast, the catchment areas of
older stations contain relatively more commercial and office
areas than those of the Tama New Town Station. Non-TOD
stations have higher functional land areas and numbers of
high buildings per unit area than TOD stations, indicating
that land use around old stations is better developed than that
around new stations. TOD stations consistently have lower
values for the five design indicators than non-TOD stations.
This result suggested that infrastructure with less accessibility
may not serve a high proportion of riders. Compared with
non-TOD stations, TOD stations have lower average daily
ridership, which is the direct output of transportation opera-
tion and management and land use. However, low ridership
and indicator values do not necessarily indicate low efficiency
and vice versa. Thus, an in-depth assessment is necessary to
identify the efficiency of TOD stations.

4.2. TODEfficiency. To explain whether different 3D patterns
can generate correspondingly different ridership patterns,
the DEA method was applied to calculate the efficiency of
each station pattern. The results are shown in Table 3. Nine
stations with E equal to 1 are considered as relatively efficient.
However, seven of these stations are non-TOD stations, and
only two are TOD stations.Themean efficiency score of TOD
stations is lower than that of non-TOD stations, indicating
that the 3D-based TOD strategy does not generate sufficient
ridership as initially expected.

This finding can be partly explained by the individual
attributes of each station. Station attributes include desig-
nation as a transfer station, opening date, and operating
history. For example, the Shibuya Station is a transfer station
with a long operating history in a catchment area with high
population density. Accordingly, its corresponding land use
is well developed, and its accessibility attracts high numbers
of riders. Furthermore, non-TOD stations may achieve TOD
goals given their specific attributes. For example, among
non-TOD stations, the Azamino Station is highly efficient
despite its lack of a long operating history because of its
transfer function. The above result suggests that considering
only 3D-related indicators cannot provide an adequately
comprehensive assessment of TOD efficiency. The inherent
attributes of each station cannot be ignored because they
constrain the comparability of stations.



6 Journal of Advanced Transportation

(km)

Tokyo

Kanagawa

N

864210

TODs
Non-TODs
DT Line
Small zone

Number of choices
1

2–10

11–50

51–150

151–250

251–789

(a)

(km)

Tokyo

Kanagawa

N

864210

TODs
Non-TODs
DT Line
Small zone

1500 Bufferm
Population mesh

Number of choices
1–50

50–100

100–200

200–400

400–800

(b)

(km)

Tokyo

Kanagawa

N

864210

TODs
Non-TODs
DT Line
Catchment

Population
0–300

300–700

700–1000

1000–1400

1400–2800

(c)

(km)

Tokyo

Kanagawa

N

864210

TODs
Non-TODs
DT Line
Catchment

Bus stops
0–4

4–6

6–8

8–10

10–15

(d)

Figure 2: Generation of catchment area and distribution of a selected indicator for each catchment. (a) Original flow map; (b) deletion of
extra zones and magnification; (c) finished catchment area; (d) bus stops for each catchment. Note. In (a) and (b), the flow color is used to
distinguish the populations of different stations. The width of gray bar in legend represents the number of choices of separate stations.

4.3. TOD Efficiency considering Inherent Station Attributes.
The inherent attributes of each stationmay affect its ridership
proportion and efficiency. Inherent station attributes include
the number of operation years, designation as a transfer
station, number of trains running per day, and duration
between trips.The former two attributes have been discussed
above to account for the relatively inefficient performance of
TOD stations. To avoid the biases resulting from operating
history and transfer function, operation yearwas added to the
DEA model. At the same time, seven transfer stations were
removed from the DMU list to improve the comparability
of stations. Hence, the DEA model was recalculated with 20
stations (6 non-TOD and 14 TOD stations) with 10 input
indicators, including operation year.

After removing transfer station as an input (Table 4), the
differences between the input indicator values of TOD and
non-TOD stations have drastically decreased compared with
those shown in Table 2. As shown in Table 2, the average
ridership of non-TOD stations is almost three times larger
than that of TOD stations. However, the average ridership
of non-TODs is approximately 20% higher than that of TOD
stationswhen only nontransfer stations are considered. Given
that ridership is the output indicator of the DEA model,
changes in ridership will inevitably lead to the different
efficiency results shown in Table 5. Most TOD stations are
relatively efficient, and the mean values of efficiency E for
TODs and non-TODs are not considerably different. Yoga
Station, a non-TOD station, performed relatively inefficiently
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Table 2: Means of the indicators of non-TOD and TOD stations.

Indicators Non-TODs TODs Difference
Density Population density 14.21 10.39 3.82

Diversity
Land-use diversity 0.97 0.64 0.33
Functional land area 0.87 0.86 0.01
High-building area 0.06 0.03 0.03

Design

Number of bus stops 7.37 6.05 1.32
Daily bus operation length 575.44 423.51 151.93
Bus routes 4.50 1.73 2.77
Road length 19.36 21.37 −2.01
Number of station exits 12.08 7.87 4.21

Daily ridership 130459 46747 83712

Table 3: Efficiency of each station.

Non-TOD stations TOD stations
Station 𝐸 Operation years Station 𝐸 Operation years

Kajigaya 0.824 51
Shibuya∗ 1 132 Miyazakidai 0.536 51
Ikejiri-Ohashi 0.364 40 Miyamaedaira 0.496 51
Sangen-Jaya∗ 0.739 110 Saginuma 1 51
Komazawa-Daigaku 0.760 40 Tama-Plaza 0.644 51
Sakura-Shimmachi 0.730 110 Azamino∗ 1 40
Yoga 0.487 110 Eda 0.895 51
Futako-Tamagawa∗ 1 110 Ichigao 0.507 51
Futako-Shinchi 1 90 Fujigaoka 0.513 51
Takatsu 1 90 Aobadai 0.905 51
Mizonokuchi∗ 1 90 Tana 0.809 51
Nagatsuta∗ 1 109 Tsukushino 0.286 49
Chuo-Rinkan∗ 1 88 Suzukakedai 0.274 45

Minami-Machida 0.573 41
Tsukimino 0.257 41

Mean 0.840 93.25 Mean 0.635 48.4
Note. ∗ denotes a transfer station.

Table 4: Means of indicators of nontransfer stations.

Indicators Non-TODs TODs Difference
Density Population density 15.74 10.48 5.26

Diversity
Land-use diversity 0.93 0.64 0.29
Functional land area 0.87 0.86 0.01
High-building area 0.03 0.02 0.01

Design

Number of bus stops 7.02 6.01 1.01
Daily bus operation length 542.05 430.90 111.15
Bus routes 2.83 1.71 1.12
Road length 22.99 21.71 1.28
Number of station exits 10.67 7.29 3.38

Operation year 80 49 31
Daily ridership 52478 40566 11912

given its 110-year operation history. The efficiency values of
12 TOD stations with 40–50 years of operation history, except
for Ichigao andTana Stations, are all higher than those of Yoga
Station.This result suggested that TOD stations tend to reach
their current efficiency more rapidly than non-TOD stations.

4.4. Potential for Improving Efficiency. The frontier project
reflects the improvement target that the inputs and outputs
of each inefficient station should reach. The distance (dif-
ference) between the real point and its projection indicates
the volume required for improvement. Then, the percentage
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Table 5: Efficiencies of nontransfer stations considering operation
year.

Non-TOD stations TOD stations
Station 𝐸 Station 𝐸

Kajigaya 1
Miyazakidai 1
Miyamaedaira 1
Saginuma 1

Ikejiri-Ohashi 0.702 Tama-Plaza 1
Komazawa-Daigaku 1 Eda 1
Sakura-Shimmachi 1 Ichigao 0.708
Yoga 0.881 Fujigaoka 0.958
Futako-Shinchi 1 Aobadai 1
Takatsu 1 Tana 0.809

Tsukushino 1
Suzukakedai 0.894

Minami-Machida 0.928
Tsukimino 0.999

Mean 0.981 Mean 0.955

Table 6: Difference between the average projected and real values
of inefficient stations (%).

Indicators Non-TODs TODs
Density Population density 6.33 17.89

Diversity
Land-use diversity 20.39 20.14
Functional land area 6.04 8.67
High building area 9.46 27.89

Design

Number of bus stops 28.68 26.32
Daily bus operation length 38.31 46.32
Bus routes 36.38 28.08
Road length 19.27 23.17
Number of station exits 6.34 0.62

Operation year 27.03 13.84

of difference relative to the original input can be calculated
to discover the excess input indicator that contributes most
significantly to inefficiency.The average difference percentage
of each input for non-TOD stations and TOD stations (only
including inefficient stations) is listed in Table 6.

All inefficient railway stations have higher numbers of
redundant design indicators than the other two types of
stations. The results indicated that bus location and services
do not increase the corresponding ridership proportion of
the railway. One possible reason is that passengers’ daily
transportation needs cannot be satisfied by the mutual
independence of the railway and bus systems. Therefore, bus
services and their feeder roles should be enhanced to improve
the efficiency of the railway system. Moreover, diversity in
the land use of areas surrounding inefficient stations does
not generate adequate ridership, suggesting that the mixture
of land-use types should be promoted despite requiring
long-term effort. Population density is more redundant for
inefficient TOD stations than for non-TOD stations. This
result can be attributed to the number of serviced people

and to age category (i.e., percentage of the elderly, adults,
and children) and social level (i.e., percentage of unem-
ployed, professionals, and managers) of the residents of a
certain catchment area. For example, high-class workers and
the elderly tend to use private transportation. Accordingly,
increasing the density and optimizing the age and social
category of the target population may help improve TOD
efficiency. All aspects listed above should receive additional
attention when planning future TOD stations.

5. Discussion and Conclusions

This study focused on measuring the efficiency of the TOD
strategy implemented in the DT Line. TOD is a powerful
urban planning approach and concept that is applied to
resolve various urban problems. This study expounded on
TOD assessment on the basis of the 3D framework. In this
study, the assessment procedure included the identification
of catchment areas and the selection of suitable indicators
as input variables and ridership as output variables. The
input variables are then subjected to the DEA method to
validate the successful performance of the TOD strategy or
programand to identify possible solutions to strengthenTOD
implementation.

Existing TOD evaluations have failed to provide reliable
conclusions regarding TOD performance. For example, a
single-indicator assessment cannot adequately characterize
the comprehensive efficiency level of a TOD strategy from
the perspective of the 3D framework. Meanwhile, a simple
weight-based method following the 3D concept is likely to
be affected by weights with low objective values and may
thus produce a biased result thatmay contradict reality.These
situations suggest the necessity of designing a procedure for
the comprehensive assessment of TOD strategies. By consid-
ering that density and diversity may generate transportation
demand and that design must provide convenient service to
satisfy such needs, we employed DEA to reflect the relative
efficiency of TOD in accordance with 3D-based inputs and
ridership output. Our DEA-derived results reflect the core
principle of the TOD concept, which coordinates density,
diversity, and design with ridership output.

Many TOD applications have demonstrated that TOD
has a significant role in regional development. However, the
present results suggested that TOD strategies cannot provide
more positive effects than non-TOD strategies because, on
the one hand, market power enables non-TOD strategies to
achieve effects similar to those achieved by TOD strategies.
More importantly, the current indicators selected for TOD
assessment do not adequately reflect the 3D concept. In fact,
the current indicators for TOD assessment only highlight
aspects related to 3D, and some important factors that affect
output are excluded from conventional TOD assessment.
For example, operating history can also affect the output of
TOD stations along the DT Line. Although TOD stations are
comparable with non-TOD stations in general, development
history results in the incomparable efficiency of new and old
stations. Moreover, other factors, such as the age and social
class of the catchment population, designation as transfer
station, number of trains running per day, and duration
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between trips, have been overlooked. Adding operation year
as an input indicator and removing transfer station revealed
that the performance of TOD stations is relatively efficient
and approaches expectations. This result indicated that the
inclusion of other influential factors is necessary for equitable
TOD assessment. Consequently, taking such factors into
account is indispensable when evaluating the efficiency of
TOD stations with different inherent attributes. In addition,
the design input with the largest impact on all inefficient
units was identified. Management of bus service and railway
system should be well enhanced and encouragement for
public transportation usage should be emphasized.

The applicability of the DEA-based TOD assessment
approach is mainly dependent on indicator selection. The
framework of the approach includes indicator selection
from the perspective of 3Ds, catchment divisions, and the
DEA model and is applicable to other public transportation
systems (e.g., light rail, metro, bus, and bus rapid transit)
and to other regions or countries. Nevertheless, the selected
indicatorsmay vary across different applications. Researchers
and urban planners may have specific local or specialized
priorities and knowledge that differ from those emphasized
in the present case.Thus, other researchers should select indi-
cators that are appropriate for their priorities and knowledge.

Nevertheless, the present study presents several critical
issues that should be considered to improve the evaluation of
TOD approaches. First, additional factors that affect the effi-
ciency of TOD-based systems should be considered during
the assessment and planning of a TOD project. These factors
include the attributes of the target population (age structure,
occupation, and income level) and the transportation system
itself. Second, the design scheme should improve the con-
venience of accessing destinations by foot, bus, or bicycle.
In this study, the selected indicators mainly characterized
connectivity to railway stations by bus. However, such a char-
acterization may be insufficient for design characterization.
Other factors, such as plating strips, overhead lights, and
bicycle path lengths, should be considered in future studies.
Furthermore, the definition of the analytical unit is crucial
for TOD assessment. In this study, the Nationwide Person
Trip Survey in Japan was used to identify station catchment
areas through the boundary method. When such data are
unavailable, the effect of catchment size should be addressed
by specifying a different buffer radius, travel distance, or
travel time.
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The high-speed train operation process is highly nonlinear and hasmultiple constraints and objectives, which lead to a requirement
for the automatic train operation (ATO) system. In this paper, a hybrid model predictive control (MPC) framework is proposed for
the controller design of the ATO system. Firstly, a piecewise linear system with state and input constraints is constructed through
piecewise linearization of the high-speed train’s nonlinear dynamics. Secondly, the piecewise linear system is transformed into a
mixed logical dynamical (MLD) system by introducing the auxiliary binary variables. For the transformed MLD system, a hybrid
MPC controller is designed to realize the precise control under hard constraints. To reduce the online computation complexity, the
explicit control law is computed offline by employing the mixed-integer linear programming (MILP) technique. Simulation results
validate the effectiveness of the proposed method.

1. Introduction

With rapid development of high-speed railway, the operation
safety, punctuality, and energy consumption of train have
received more and more attentions. Nowadays, in China,
the high-speed railway generally adopts distributed trac-
tion power to improve speed and traction efficiency, where
locomotives and wagons are marshalled together to form a
high-speed train [1]. For distributed traction power trains,
there are some critical issues that need to be solved, such as
vehicle traction and brake force allocation, operation safety,
punctuality, and energy consumption [2].

To achieve the safety and multiobjective optimization,
automatic train control system is developed for high-speed
railway, and it is one of the key on-board equipmentwith high
safety assurance [3]. The automatic train operation (ATO)
system is the essential component that plays a key role in
the train operation process [4]. The ATO system controls the
train traction/brake force to follow the reference speed.More-
over, ATO system can reduce the energy consumption and
improve riding comfort. Now, it is still a challenge to develop
an efficientmodeling and controlmethod forATO system [5].

Currently, the researches of automatic train control
are mainly based on single-point model and multipoint

model [6]. For single-point model, the whole high-speed
train is simplified as a single rigid mass point, which
ignores the coupling characteristics among the vehicles and
the allocation of the distributed traction/brake force. The
dynamic properties of single-point model are simple and
easy to design. However, high-speed train adopts distributed
traction power mode; thus the single-point model is obvi-
ously not able to describe the coupling characteristics and
hydrodynamic dispersion characteristics of the train. Thus
multipoint model is favoured to study the automatic train
control strategy.

Yang and Sun [7, 8] analyzed the coupling characteristics
among vehicles of high-speed train and established train
multipoint dynamical model. For both push-pull driving and
distributed driving train types, the hybrid𝐻2/𝐻∞ automatic
train controller was designed and was compared by 𝐻2 con-
troller and𝐻∞ controller, respectively. Lin et al. [9] proposed
a control strategy based on improved sliding mode control
to overcome the effect of the disturbance in the process of
train operation, which had good robustness and effectively
restrained the high frequency chattering phenomenon. Thus
the work reduced the impact of the frequent switching of
control input and increased riding comfort. To simplify the
controller design, Song et al. [10] utilized the geometric
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topology to reduce multiple positions to one position for
multipoint model. In their work, to address the nonlinear
saturation constraints of traction and brake forces, the robust
adaptive controller was designed with low computing load,
which had robustness for train disturbance and uncertainty
of model parameters.

Based on the multipoint model, Zhuan and Xia [11]
have achieved constructive results on the automatic train
control strategy of the heavy-duty train in South Africa.
Specifically, Zhuan and Xia [12] put forward three kinds of
offline open-loop optimal operation strategies, whose goals
are to minimize the workshop bonding force, ensure the
safety of train driving, and reduce the maintenance costs
of the coupler buffer. Then, Chou and Xia [13] proposed a
closed-loop cruising linear quadratic regulator controller to
minimize the running cost of electric air brake system in
heavy-haul train, in which the control objective includes the
speed tracking, coupling force, and energy consumption. In
order to overcome the communication limitation, the vehicle
barrier was introduced and the controller was reconstructed
based on the current orbital slope. In addition, Zhuan and
Xia [14] adopted the output feedback adjustment method
to regulate the speed of the heavy train and verified the
application conditions of their proposed method.

As a summary, Scheepmaker et al. [15] presented an
extensive review on energy-efficient train control and the
related topic of energy-efficient train timetabling, from the
first simplest model of a train running on a level track
to the advanced models and algorithms of the last decade
dealingwith varying gradients and speed limits and including
regenerative braking. And there have appeared various theo-
ries and technologies to realize the efficient and safety train
operation, such as the passivity-based cruise control [16], the
robust adaptive control [17], and the iterative learning and
fault detection approaches [18, 19].

Li et al. [20] considered the optimal guaranteed cost of
cruise control for high-speed train movement. The sufficient
condition for the existence of guaranteed cost cruise control
law is given in terms of linear matrix inequalities. And a
convex optimization problem is formulated to determine the
optimal guaranteed cost that minimizes the performance
upper bound of the cruise control law. Ye and Liu [21] propose
a novel approach to solve the complex optimal train control
problems in closed loop by introducing some simplifications.
The operation sequence consists of maximum traction, speed
holding, coasting, andmaximum braking on each subsection
of the track or a constant force is applied on each subsection.
Zhao et al. [22] proposed a new cluster consensus technique
to design the distributed control law, by which the trains
can track the desired speeds asymptotically and the distance
between the neighboring cars can be kept in the ideal range.

However, with the improvement of the requirement for
ATO control performance, the abovemethods lack the ability
to address the nonlinear, multiconstraint, and multiobjective
problem based on the multipoint model, which leads to their
limitations in practical applications. Especially for online
operation process of high-speed trains, it raises the non-
linear resistance force which makes many classical control
methods based on the linear resistance force model or the

single equilibrium point linearizable model difficult to be
implemented. And it is necessary to consider the safe speed,
the saturation characteristics of traction and braking units,
and the work conditions such as maximization of bonding
forces, operating punctuality, energy-efficiency, and reduc-
tion of coupling wear forces. The model predictive control
has the advantages of fully considering the input and state
constraints of the system and themultiobjective optimization
problems in the design of the controller, which is more
suitable for the design of ATO controller [23, 24].

In this paper, an optimal automatic train control strategy
is proposed for high-speed trains based on model predictive
control.Due to the high computation complexity of nonlinear
trainmodel, the commonmethod is to linearize the nonlinear
system model at the equilibrium points [25]. However, if the
nonlinear system has a wide range of operating condition,
there are many deviations on entire running process for
singular linearized model with one equilibrium point. Thus,
the piecewise linear systems are utilized to approximate
the original system, which can describe complex nonlinear
systems accurately [26]. In this paper, the nonlinear running
resistance is fitted by multiple line segments to construct the
piecewise linear system model of train.

In the traditional controller design based on piecewise
linear model, the linear submodel will be determined accord-
ing to the initial state of receding horizon; then the predicted
control is solved based on the determined sublinear model,
which is fixed in the entire receding horizon [27]. However,
for each actual control step, the system state changes and the
corresponding submodel switch may also occur. The fixed
submodel is difficult to approximate the original nonlinear
model, especially near the model switching point. Therefore,
the traditional model prediction control just according to
current linear submodel can result in a large prediction error.

In order to solve the above problems, the logic variables
are introduced to describe the switch of different linear
submodels in this paper. By using this method, the piecewise
linear system can be transformed into a hybrid logic dynam-
ical system [28, 29]. For the hybrid logic dynamical system,
the model switch can be described by changing the logical
variables. Then the hybrid model predictive control (MPC)
can be utilized to generate the control inputs based on the
constructed mixed logic dynamical system.

The hybrid MPC controller uses the mixed logic dynam-
ical model to predict the future evolution of the system at
each time step, and a certain performance index is optimized
under operating constraints with respect to a sequence of
future input moves. The first of such optimal solution is the
control action applied to the plant. For the hybrid MPC
controller, the optimal problem that needs to be solved is a
mixed integer linear program (MILP) due to the hybrid sys-
tem description. Because the mixed logic dynamical model
ensures that the submodel can switch on the entire receding
horizon.Thus, more accurate approximation can be obtained
by hybrid MPC and the prediction error is reduced.

Compared to the existing work, the proposed hybrid
MPC makes a superior trade-off between the model com-
plexity and control performance. The proposed controller
can obtain the optimal input sequence without excessive
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Figure 1: The multiple mass-point model structure of the electric multiple units.

simplifying assumption, while the piecewise linear model
reduces the computation complexity under the sufficient
precision compared to the classical MPC method. The main
contributions in this paper can be summarized as follows.

(1)Thenonlinearmultiplemass point dynamicalmodel of
high-speed trains is constructed. In the model, the complex
nonlinear characteristics of running resistance are piecewise
linearized and the piecewise linear description is transformed
to mixed logic dynamical system.

(2) Based on the MLD system model, a hybrid MPC
framework is introduced and the MLD model is used as the
prediction model. Based on the MLD prediction model, the
control problem can be formulated as a unifiedmixed integer
linear programming (MILP) problem, even the piecewise
linear characteristics of train model.

(3) For the formulated MILP problem containing logical
variables and continuous variables, the branch and bound
method (𝐵&𝐵) is utilized to transform the original MILP
problem into linear programming (LP) by relaxing the logic
variable constraints.

The remainder of the paper is organized as follows. In
Section 2, we establish the piecewise linear model of the
high-speed train and transform the piecewise linear model to
MLD model. In Section 3, a mixed logic dynamical system is
developed. In Section 4, a hybrid MPC controller is designed
by analyzing the performance indices and constraints of high-
speed trains. Then, the simulation results are provided to
validate the effectiveness of the controller in Section 5. Finally,
the major conclusion of this paper is given in Section 6.

2. The Model of High-Speed Train

In this section, we establish the nonlinear multiple mass-
point dynamic model of high-speed trains by analyzing their
dynamical characteristics. Because the nonlinear model is
complex for designing the system controller, the nonlinear
curve of the running resistance is piecewise linearized and
the piecewise linear model of the train is constructed.

2.1. The Multiple Mass-Point Model of Trains. Figure 1
presents the multiple mass-point model structure for the
simplified electric multiple power units. The total number
of locomotives and wagons is denoted by 𝑛. These vehicles

are connected by the vehicle hook couplers. The mechanical
properties of the couplers are usually described as the “elastic-
damping” system. Thus, the hook coupler force between
vehicle 𝑖 and vehicle 𝑖 + 1 is as follows:

𝑓𝑖𝑛𝑖 = 𝑘𝑖Δ𝐿 𝑖 + 𝑑𝑖Δ�̇� 𝑖, (1)

where Δ𝐿 𝑖 = 𝑥𝑖 − 𝑥𝑖+1 − ℎ𝑖+1 − ℎ𝑖 − 𝐿0 is the offset value of
the relative equilibrium position of the hook coupler between
vehicle 𝑖 and vehicle 𝑖+1,𝐿0 is the natural length of the coupler
and ℎ𝑖 is the half length of vehicle 𝑖, and 𝑥𝑖 is the displacement
of vehicle 𝑖. Since the length of each vehicle is essentially the
same and constant (denoted by ℎ) and the hook coupler has
the same type, the balance position between two vehicles can
be denoted by 𝐿𝑒 = 2ℎ + 𝐿0. Thus Δ𝐿 𝑖 = 𝑥𝑖 − 𝑥𝑖+1 − 𝐿𝑒. And
the hook coupler force (1) can be transferred to

𝑓𝑖𝑛𝑖 = 𝑘 (𝑥𝑖 − 𝑥𝑖+1 − 𝐿𝑒) + 𝑑 (�̇�𝑖 − �̇�𝑖+1) . (2)

The multiple mass-point dynamic equation of electric
multiple power units can be described as

𝑚1V̇1 = 𝑢1 − 𝑓𝑖𝑛1 − 𝑓𝑟1 ,
𝑚𝑖V̇𝑖 = 𝑢𝑖 + 𝑓𝑖𝑛𝑖−1 − 𝑓𝑖𝑛𝑖 − 𝑓𝑟𝑖 , (𝑖 = 2, 3, . . . , 𝑛 − 1)
𝑚𝑛V̇𝑛 = 𝑢𝑛 + 𝑓𝑖𝑛𝑛−1 − 𝑓𝑟𝑛 ,�̇�𝑖 = V𝑖, (𝑖 = 1, 2, . . . , 𝑛) ,

(3)

where 𝑢𝑖 is the control input of vehicle 𝑖. When the train is in
traction state or cruise state, 𝑢𝑖 > 0 is traction force. When
the train is in brake state, 𝑢𝑖 < 0 is the brake force. When
the train is in coasting state, 𝑢𝑖 = 0, implying that there is
no traction force and brake force. For locomotive vehicles,
they can provide both traction force and brake force, while
for wagon vehicles, they can just provide brake force. Assume
that 𝑓𝑟𝑖 denotes the running resistance of vehicle 𝑖; that is,

𝑓𝑟𝑖 = 𝑓𝑏𝑖 + 𝑓𝑎𝑖
= 𝑚𝑖𝑐0 + 𝑚𝑖𝑐VV𝑖 + 𝑚𝑖𝑐𝑎V𝑖2 + 𝑚𝑖𝑔 ⋅ sin 𝜃𝑖 + 0.004

⋅ 𝑚𝑖𝐷𝑖,
(4)

where 𝑓𝑏𝑖 and 𝑓𝑎𝑖 are the basic resistance and appended
resistance, respectively, and 𝑚𝑖 and V𝑖 are the mass and
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Table 1: The basic resistance parameters of Chinese electric multiple units high-speed train CRH3.

Parameter Value Unit𝑚𝑖 47.5 t𝑐0 7.75 × 10−3 Nkg−1𝑐V 2.28 × 10−4 Ns(mkg)−1𝑐𝑎 1.66 × 10−5 Ns2(m2kg)−1

Table 2: The piecewise linear parameters of basic resistance.

𝑗 𝛼𝑗 (s−1) 𝛽𝑗 (Nkg−1) Speed (m⋅s−1)
1 0.0008 0.0044 [0, 35]
2 0.0020 −0.0363 [35, 70]
3 0.0031 −0.1100 [70, 100]

velocity of vehicle 𝑖, 𝜃𝑖 is the ramp angle, and 𝐷𝑖 is the
curvature of rail.

2.2. The Multiple Mass-Point Piecewise Linearized Model of
Trains. According to the dynamic analysis of high-speed
trains, the basic resistance of the train is composed of
mechanical resistance and air resistance. When the train
is running at low speed, for instance, below 44.44m/s
(160 km/h), the basic resistance is mainly mechanical resis-
tance, and air resistance can be ignored. However, when the
train runs at high speed, air resistancewill be dominant, and it
is related to the square item of the train speed with nonlinear
characteristics. As the speed of high-speed trains becomes
higher, this nonlinear relationship is becoming stronger. In
order to facilitate the controller design of nonlinear model,
we consider linearization of the nonlinear model of the train.

For nonlinear systems, the linear model is usually
obtained by using the equilibrium linearization method.
However, for high-speed trains with varying speeds, it is not
appropriate to choose one equilibriumpoint. Piecewise linear
systems approximate the original system by using multiple
linear subsystems, which can approximate most complex
nonlinear systems accurately. Thus, the least square method
is adopted to fit the train running resistance linearly. By using
the method, the piecewise linear system model of the train is
established.

The train running parameters are selected from Chinese
electric multiple units high-speed train CRH3, which are
shown in Table 1. Basic resistance after the piecewise lin-
earization is presented in Figure 2, where the train speed
range is from 0m/s to 100m/s (0–360 km/h). Through lots
of experiments, we set V𝑎 = 35m/s and V𝑏 = 70m/s as the
boundaries of piecewise linearization.The original nonlinear
equations are divided into three linear equations, and the
piecewise linear parameters of basic resistance are shown in
Table 2.

It can be seen from Figure 2 that the running resistance
of the train unit after linearization is already a good approx-
imation to the original nonlinear curve. In fact, using more
sublinear model is better for the approximation effect of the
original nonlinear model, but it will increase the calculation
of the controller. In order to further verify the approximate
effect of the linearized train running resistance, the error of
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Figure 2: The piecewise linearization of train basic resistance.
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Figure 3: The error between the piecewise linearization of train
basic resistance and the original true basic resistance.

the approximate linear curve and the original curve is drawn,
which is shown in Figure 3. From Figure 3, the error between
the piecewise linearization of running basic resistance and the
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practical basic resistance is less than 3.3N/kg, which is just
0.55% compared to the biggest traction force of single vehicle,
600N/kg.

Thus, the linearization of train basic running resistance
can be approximated as

𝜔0 = 𝛼𝑗V + 𝛽𝑗, 𝑗 = 1, 2, 3. (5)

In fact, due to the force constraints of hook couplers,
there is small difference among the operative velocities of
vehicles. Thus, the velocity of vehicle 1 can be taken as the
piecewise point of piecewise linear model. Taking it into

the train multiple mass-points model, the piecewise linear
dynamic model of train can be described as

�̇� (𝑡) = 𝐴𝑐1𝑥 (𝑡) + 𝐵𝑐𝑢 (𝑡) + 𝑓𝑐1 V𝑖 ≤ V𝑎
�̇� (𝑡) = 𝐴𝑐2𝑥 (𝑡) + 𝐵𝑐𝑢 (𝑡) + 𝑓𝑐2 V𝑎 < V𝑖 ≤ V𝑏

�̇� (𝑡) = 𝐴𝑐3𝑥 (𝑡) + 𝐵𝑐𝑢 (𝑡) + 𝑓𝑐3 V𝑖 > V𝑏,
(6)

where the state variable 𝑥 = [V1, V2, . . . , V𝑛, 𝑥1, 𝑥2, . . . , 𝑥𝑛]𝑇,
control input 𝑢 = [𝑢1, 𝑢2, . . . , 𝑢𝑛]𝑇, system matrix 𝐴𝑐𝑗 ∈
R2𝑛×2𝑛, 𝐵𝑐 ∈ R2𝑛×𝑛, and 𝑓𝑐𝑗 ∈ R2𝑛×1 are as follows:

𝐴𝑐𝑗 = [𝐴𝑗11 𝐴𝑗12𝐼𝑛×𝑛 0𝑛×𝑛] ,

𝐵𝑐 = [𝐵110𝑛×𝑛] ,
𝑓𝑐𝑗 = [𝑓1𝑗 , 𝑓2𝑗 , . . . , 𝑓𝑛𝑗 , 0, 0, . . . , 0]𝑇 ,

𝐴𝑗11 =

[[[[[[[[[[[[[[[[
[

− 𝑑𝑚1 − 𝛼𝑗 𝑑𝑚1 0 ⋅ ⋅ ⋅ 0 0 0
𝑑𝑚2 − 2𝑑𝑚2 − 𝛼𝑗 𝑑𝑚2 ⋅ ⋅ ⋅ 0 0 0
... ... ... d

... ...
0 0 0 ⋅ ⋅ ⋅ 𝑑𝑚𝑛−1 − 2𝑑𝑚𝑛−1 − 𝛼𝑗 𝑑𝑚𝑛−1
0 0 0 ⋅ ⋅ ⋅ 0 𝑑𝑚𝑛 − 𝑑𝑚𝑛 − 𝛼𝑗

]]]]]]]]]]]]]]]]
]

,

𝐴𝑗12 =

[[[[[[[[[[[[[[[[
[

− 𝑘𝑚1
𝑘𝑚1 0 ⋅ ⋅ ⋅ 0 0 0

𝑘𝑚2 − 2𝑘𝑚2
𝑘𝑚2 ⋅ ⋅ ⋅ 0 0 0

... ... d
... ... ...

0 0 0 ⋅ ⋅ ⋅ 𝑘𝑚𝑛−1 − 2𝑘𝑚𝑛−1
𝑘𝑚𝑛−1

0 0 0 ⋅ ⋅ ⋅ 0 𝑘𝑚𝑛 − 𝑘𝑚𝑛

]]]]]]]]]]]]]]]]
]

,

(7)

and 𝐵11 = diag{1/𝑚1, 1/𝑚2, . . . , 1/𝑚𝑛}, and 𝑓𝑖𝑗 = 𝑘1𝐿𝑒/𝑚𝑖 −𝛽𝑗 − 9.98 sin 𝜃𝑖 − 0.004𝐷𝑖. In practical controller design, 𝐿𝑒
can be eliminated by state transformation, so the equilibrium
position is set to zero for each subsystem.

Then, the zero-order holder is used to discretize the
continuous time model. By setting the sampling period as 𝑇𝑠,
the discrete-time piecewise linear model can be obtained as

𝑥 (𝑘 + 1) = 𝐴𝑑𝑗𝑥 (𝑘) + 𝐵𝑑𝑗𝑢 (𝑘) + 𝑓𝑑𝑗 , 𝑗 = 1, 2, 3, (8)

where 𝐴𝑑𝑗 = 𝑒𝐴𝑐𝑗𝑇𝑠 , 𝐵𝑑𝑗 = ∫𝑇𝑠
0

𝑒𝐴𝑐𝑗𝜏𝑑𝜏𝐵𝑐, and 𝑓𝑑𝑗 = ∫𝑇𝑠
0

𝑒𝐴𝑐𝑗𝜏𝑑𝜏𝑓𝑐𝑗 .

3. Hybrid MPC Based ATO Design

A discrete-time piecewise linear model of high-speed trains
has been established, which consists of multiple piecewise
linear submodels. For the traditional predictive controller
design based on the piecewise linear model, the linear
submodel based on the current state is determined at the
beginning of the prediction and then the predictive control
is operated according to the determined linear submodel.
However, the predictive submodel has been fixed and does
not change throughout the prediction horizon, which cannot
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reflect the system nonlinear characteristics by only using a
fixed submodel. Actually, the predictive system state may
change, and the corresponding submodel may also switch
during the solution process. Using a fixed submodel is not
enough to express the nonlinearity of the original model,
especially near the switching point between submodels.
Therefore, the traditional predictive control based on piece-
wise linear model may produce large prediction errors.

In order to address the above issues, a mixed logic
dynamical system is introduced in this paper, which is
proposed by Bemporad and Morari in the context of MPC
technology [28]. By introducing logical variables to represent
different linear submodels, the piecewise linear system can
be transformed into a mixed logic dynamical system, which
is a global dynamical system covering the whole nonlinear
dynamics. Based on themodel predictive control of themixed
logic dynamical system, the switching of the model can be
expressed by the change of the logic quantity in the model.
The model can be switchable throughout the predicted
horizon, which ensures more accurate approximation of the
original nonlinear model and reduces the prediction error.
According to the propositional transformation of the mixed
logic dynamic system and mixed integer linear inequality
conversion rules, we transform the train piecewise linear
model into a mixed integer dynamic model by introducing
the binary variables [28].

Two binary variables 𝛿1(𝑘) and 𝛿2(𝑘) are given by

[V𝑖 ≤ V𝑎] ⇐⇒ [𝛿1 (𝑘) = 1]
[V𝑖 ≤ V𝑏] ⇐⇒ [𝛿2 (𝑘) = 1] . (9)

Based on V𝑖 ∈ [Vmin, Vmax], (9) can be written as follows:

𝛿1 (𝑘) (V𝑎 − Vmin) ≥ V𝑖 (𝑘) − Vmin

𝛿1 (𝑘) (V𝑎 − Vmax) ≤ V𝑎 − V𝑖 (𝑘) − 𝜀
𝛿2 (𝑘) (V𝑏 − Vmin) ≥ V𝑖 (𝑘) − Vmin

𝛿2 (𝑘) (V𝑏 − Vmax) ≤ V𝑏 − V𝑖 (𝑘) − 𝜀,
(10)

where 𝜀 is a small positive number and generally takes 10−6.
It is used to transform a strict equality into a nonstrict
inequality.

By definingΦ𝑖(𝑘) = 𝐴𝑑𝑖𝑥(𝑘)+𝐵𝑑𝑖 𝑢(𝑘)+𝑓𝑑𝑖 , the relationship
between 𝛿1(𝑘), 𝛿2(𝑘), and 𝑥(𝑘 + 1) can be shown in Table 3.

Then, the piecewise linear system (8) can be described as

𝑥 (𝑘 + 1) = 𝛿1 (𝑘) 𝛿2 (𝑘)Φ1 (𝑘)
+ (1 − 𝛿1 (𝑘)) 𝛿2 (𝑘)Φ2 (𝑘)
+ (1 − 𝛿1 (𝑘)) (1 − 𝛿2 (𝑘))Φ3 (𝑘) .

(11)

We introduce a new variable 𝛿3(𝑘) = 𝛿1(𝑘)𝛿2(𝑘), which
satisfies

−𝛿1 (𝑘) + 𝛿3 (𝑘) ≤ 0
−𝛿2 (𝑘) + 𝛿3 (𝑘) ≤ 0

𝛿1 (𝑘) + 𝛿2 (𝑘) − 𝛿3 (𝑘) ≤ 1.
(12)

Table 3: The relationship between 𝛿1(𝑘), 𝛿2(𝑘), and 𝑥(𝑘 + 1).
𝛿1(𝑘) 𝛿2(𝑘) 𝑥(𝑘 + 1)
1 1 Φ1(𝑘)0 1 Φ2(𝑘)0 0 Φ3(𝑘)

In addition, the auxiliary mixed logical vectors and
variables are introduced, that is, 𝑧𝑥1 (𝑘) = 𝛿1(𝑘)𝑥(𝑘), 𝑧𝑥2 (𝑘) =𝛿2(𝑘)𝑥(𝑘), 𝑧𝑥3 (𝑘) = 𝛿3(𝑘)𝑥(𝑘), 𝑧𝑢1 (𝑘) = 𝛿1(𝑘)𝑢(𝑘), 𝑧𝑢2 (𝑘) =𝛿2(𝑘)𝑢(𝑘), and 𝑧𝑢3 (𝑘) = 𝛿3(𝑘)𝑢(𝑘), which can be expressed as

𝑥min𝛿𝑖 (𝑘) ≤ 𝑧𝑥𝑖 (𝑘) ≤ 𝑥max𝛿𝑖 (𝑘)
𝑥 (𝑘) − 𝑥max (1 − 𝛿𝑖 (𝑘)) ≤ 𝑧𝑥𝑖 (𝑘)

≤ 𝑥 (𝑘) − 𝑥min (1 − 𝛿𝑖 (𝑘))
𝑢min𝛿𝑖 (𝑘) ≤ 𝑧𝑢𝑖 (𝑘) ≤ 𝑢max𝛿𝑖 (𝑘)
𝑢 (𝑘) − 𝑢max (1 − 𝛿𝑖 (𝑘)) ≤ 𝑧𝑢𝑖 (𝑘)

≤ 𝑢 (𝑘) − 𝑢min (1 − 𝛿𝑖 (𝑘)) ,

(13)

for 𝑖 = 1, 2, 3, where 𝑥 ∈ [𝑥min, 𝑥max] and 𝑢 ∈ [𝑢min, 𝑢max].
Themaximum tract input 𝑢max is a nonincreasing function of
speed, which is approximated by a piecewise linear, quadratic,
and/or hyperbolic function of speed [15]. Thus it can be
described as a group of hyperbolic or parabolic formulas and
each formula approximates the actual traction force for a
certain speed interval [30], such as

𝑢max (V) = 𝑐1,𝑗 + 𝑐2,𝑗V + 𝑐3,𝑗V2, V ∈ [V𝑗, V𝑗+1] (14)

or

𝑢max (V) = 𝑐ℎ,𝑗
V

,
V ∈ [V𝑗, V𝑗+1] , for 𝑗 = 1, 2, . . . ,𝑀 − 1,

(15)

where the piecewise point V𝑗 and V𝑗+1 and the parameters𝑐1𝑗, 𝑐2𝑗, 𝑐3𝑗, and 𝑐ℎ𝑗 can be determined by train operation
experiments.

Then (8) can be transformed into the following mixed
logical dynamical (MLD) system:

𝑥 (𝑘 + 1) = 𝐴𝑥 (𝑘) + 𝐵1𝑢 (𝑘) + 𝐵2𝛿 (𝑘)
+ 𝐵3𝑧 (𝑘) + 𝐵4

𝐸2𝛿 (𝑘) + 𝐸3𝑧 (𝑘) ≤ 𝐸1𝑢 (𝑘) + 𝐸4𝑥 (𝑘) + 𝐸5,
(16)

where 𝑧(𝑘) = [𝑧𝑥1 (𝑘)𝑇 𝑧𝑥2 (𝑘)𝑇 𝑧𝑥3 (𝑘)𝑇 𝑧𝑢1 (𝑘) 𝑧𝑢2 (𝑘) 𝑧𝑢3 (𝑘)]𝑇,𝛿(𝑘) = [𝛿1(𝑘) 𝛿2(𝑘) 𝛿3(𝑘)]𝑇, 𝐴 = 𝐴𝑑3, 𝐵1 = 𝐵𝑑3 , 𝐵4 = 𝑓𝑑3 ,𝐵2 = [−𝑓𝑑3 , 𝑓𝑑2 − 𝑓𝑑3 , 𝑓𝑑3 − 𝑓𝑑2 + 𝑓𝑑1 ], and 𝐵3 = [−𝐴𝑑3, 𝐴𝑑2 −𝐴𝑑3, 𝐴𝑑1 − 𝐴𝑑2 + 𝐴𝑑3, −𝐵𝑑3 , 𝐵𝑑2 − 𝐵𝑑3 , 𝐵𝑑1 − 𝐵𝑑2 + 𝐵𝑑3 ].
Specifically, the resulting MLD model (14) is obtained by

using the HYSDEL compiler [31]. Matrices 𝐸1, . . . , 𝐸5 include
constraints (16).They can be obtained and analyzed inMatlab
using, for example, the Hybrid Toolbox [32].
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4. Controller Design

Based on the MLD system model, a hybrid MPC framework
is introduced in this section. Within this, the MLD model is
used as the prediction model. Then the control problem is
formulated as a constrained finite time optimal control prob-
lem and converted into mixed integer linear programming
(MILP) problem, for which efficient solvers are available.

4.1. Formulation of Optimal Control Problem. Automatic
train control needs to track the desired velocity profile
quickly such that the timeliness of the interstation travel can
be ensured. With the development of high-speed railway,
energy-saving driving has become an important goal of
automatic train control. As the running distance of the train
between stations is fixed, the energy consumption directly
related to the traction and braking force. Thus, the control
input is used to express energy consumption through this
paper. In addition, the in-train force should be kept in the
desired range to ensure the safety of the train.

Therefore, the optimal problem can be established as
follows, which considers the speed tracking error, control
input, and the in-train force.

𝐽 (𝑢𝑁 (𝑘)) = 𝑁−1∑
𝑖=0

‖𝜀 ((𝑘 + 𝑖) | 𝑘)‖1𝑄 + ‖𝑢 ((𝑘 + 𝑖) | 𝑘)‖1𝑅
+ 𝑥𝑖𝑛 ((𝑘 + 𝑖) | 𝑘)1𝐻 ,

(17)

where 𝑘 is the current sampling time;𝑢𝑁(𝑘) = [𝑢(𝑘), . . . , 𝑢(𝑘+𝑁 − 1)] is the sequence of 𝑁 control inputs. 𝜀((𝑘 + 𝑖) | 𝑘) =
V((𝑘 + 𝑖) | 𝑘) − V𝑟(𝑘 + 𝑖) ∈ R𝑛×1 represents the difference
between actual speed V and reference speed V𝑟, 𝑢((𝑘+𝑖) | 𝑘) =[𝑢1(𝑘+𝑖), 𝑢2(𝑘+𝑖), . . . , 𝑢𝑛(𝑘+𝑖)]𝑇 represents the control input,
and 𝑥𝑖𝑛((𝑘 + 𝑖) | 𝑘) = (𝑥1𝑖𝑛(((𝑘 + 𝑖) | 𝑘), . . . , 𝑥𝑛−1𝑖𝑛 (((𝑘 + 𝑖) | 𝑘))
represents the relative displacements between neighboring
cars. 1means 1-norm and𝑄,𝑅, and𝐻 are theweightmatrixes,
respectively.

In order to ensure the safe and efficient operation of the
train, some constraints must be satisfied as follows.

(1) Constraint on Control Input. The tractive and braking
forces are bounded due to the nature physical characteristics
of the tractionmotor.Thus, the control input is set as −𝐹𝐵max ≤𝑢𝑖(𝑘) ≤ 𝐹𝑇max.

(2) Constraint on Maximum Operational Velocity. The maxi-
mum speed of the train depends first on the maximum speed
allowed by the train itself. Second, when the line conditions
and operating conditions change, the maximum allowable
speed of the train may change.

(3) Constraint on In-Train Force. The in-train force should be
in the range [−𝑓𝑖𝑛max, 𝑓𝑖𝑛max] to keep the operational safety of the
trains.

(4) Constraint on Coupler Deformation. The coupler defor-
mation should be in the range [−Δ𝐿max, Δ𝐿max] to keep the
operational safety of the trains.

Then, the constraints considered can be formulated by

−𝐹𝐵max ≤ 𝑢𝑖 (𝑘) ≤ 𝐹𝑇max

0 ≤ V𝑖 (𝑘) ≤ Vmax

−𝑓𝑖𝑛max ≤ 𝑓𝑖𝑛𝑖,𝑖+1 ≤ 𝑓𝑖𝑛max

−Δ𝐿max ≤ Δ𝐿 𝑖 ≤ Δ𝐿max.
(18)

4.2. Hybrid MPC Controller Design. Based on (17) and (18),
a constrained optimal control problem can be constructed as
follows:

min 𝐽 (𝑢𝑁 (𝑘))
= 𝑁−1∑
𝑖=0

‖𝜀 ((𝑘 + 𝑖) | 𝑘)‖1𝑄 + ‖𝑢 ((𝑘 + 𝑖) | 𝑘)‖1𝑅
+ 𝑥𝑖𝑛 ((𝑘 + 𝑖) | 𝑘)1𝐻

s.t. 𝑥 (𝑘 + 1)
= 𝐴𝑥 (𝑘) + 𝐵1𝑢 (𝑘) + 𝐵2𝛿 (𝑘) + 𝐵3𝑧 (𝑘) + 𝐵4
𝐸2𝛿 (𝑘) + 𝐸3𝑧 (𝑘) ≤ 𝐸1𝑢 (𝑘) + 𝐸4𝑥 (𝑘) + 𝐸5
− 𝐹𝐵max ≤ 𝑢𝑖 (𝑘) ≤ 𝐹𝑇max

0 ≤ V𝑖 (𝑘) ≤ Vmax

− 𝑓𝑖𝑛max ≤ 𝑓𝑖𝑛𝑖,𝑖+1 ≤ 𝑓𝑖𝑛max

− Δ𝐿max ≤ Δ𝐿 𝑖 ≤ Δ𝐿max.

(19)

In order to facilitate the solution of the optimal problem,
(19) can be transformed to the linear objective function (20)
by introducing the auxiliary variables𝑤𝜀(𝑘+𝑖 | 𝑘) = ‖𝜀((𝑘+𝑖) |𝑘)‖1𝑄, 𝑤𝑢(𝑘 + 𝑖 | 𝑘) = ‖𝑢((𝑘 + 𝑖) | 𝑘)‖1𝑅, and 𝑤𝑥𝑖𝑛(𝑘 + 𝑖 | 𝑘) =‖𝑥𝑖𝑛((𝑘 + 𝑖) | 𝑘)‖1𝐻.

𝐽 (𝑢𝑁 (𝑘)) = 𝑤𝜀 (𝑘 + 𝑁 | 𝑘) + 𝑁−1∑
𝑖=0

𝑤𝜀 (𝑘 + 𝑖 | 𝑘)
+ 𝑤𝑢 (𝑘 + 𝑖 | 𝑘) + 𝑤𝑥𝑖𝑛 (𝑘 + 𝑖 | 𝑘)

(20)

with some linear inequalities:

𝑤𝜀 (𝑘 + 𝑖 | 𝑘) ≥ ±𝜀 ((𝑘 + 𝑖) | 𝑘)
𝑤𝑢 (𝑘 + 𝑖 | 𝑘) ≥ ±𝑢 ((𝑘 + 𝑖) | 𝑘)

𝑤𝑥𝑖𝑛 (𝑘 + 𝑖 | 𝑘) ≥ ±𝑥𝑖𝑛 ((𝑘 + 𝑖) | 𝑘) .
(21)

In addition, the state update equation (22) can be
obtained by the MLD model.

𝑥 (𝑘 + 𝑖) = 𝐴𝑖𝑥 (𝑘) + 𝑖−1∑
𝑗=0

𝐴𝑗 (𝐵1𝑢 (𝑘 + 𝑖 − 𝑗 − 1)
+ 𝐵2𝛿 (𝑘 + 𝑖 − 𝑗 − 1) + 𝐵3𝑧 (𝑘 + 𝑖 − 𝑗 − 1))

𝐸2𝛿 (𝑘) + 𝐸3𝑧 (𝑘) ≤ 𝐸1𝑢 (𝑘) + 𝐸4𝑥 (𝑘) + 𝐸5.
(22)
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Table 4: Definition of some notations.

Notation Definition
𝑃 TheMILP problem
𝐽∗0 Theminimum upper bound of optimal performance of train operation
𝑉∗ The optimal solution vector of optimal performance index for train operation
Π The object table of recording all LP subproblems that need to be solved
𝐽(𝑉) The optimal performance of the current relaxed LP problem
𝑉 The optimal solution vector of the relaxed LP subproblem
𝑄num Number of LP subproblems that have been solved
MaxnumLP(𝑗)[𝑃0], LP(𝑗)[𝑃1] Themaximum number of LP problems

Then, based on (20), (21), and (22), the optimal control
problem can be converted to a mixed integer linear program-
ming (MILP) problem as follows:

𝐽 (𝑉, 𝜃) = min
𝑉

𝐶𝑇𝑉 (23a)

st. 𝐺𝑉 ≤ 𝑊 + 𝑆𝜃 (𝑘) , (23b)

where 𝜃(𝑘) = [𝑥(𝑘)𝑇, V𝑟(𝑘), . . . , V𝑟(𝑘 + 𝑁𝑝 − 1)]𝑇 is
commonly represented as the parameter vector and 𝑉 =[𝑢𝑁𝑝(𝑘), 𝛿(𝑘)𝑇, �̃�(𝑘)𝑇, 𝑤(𝑘)𝑇]𝑇 is the optimization vector. Let

𝛿 (𝑘) =
[[[[[[[
[

𝛿 (𝑘)
𝛿 (𝑘 + 1)

...
𝛿 (𝑘 + 𝑁𝑝 − 1)

]]]]]]]
]
,

�̃� (𝑘) =
[[[[[[[
[

𝑧 (𝑘)
𝑧 (𝑘 + 1)

...
𝑧 (𝑘 + 𝑁𝑝 − 1)

]]]]]]]
]
,

𝑤 (𝑘) = [𝑤𝜀 (𝑘) , 𝑤𝑢 (𝑘) , . . . , 𝑤𝜀 (𝑘 + 𝑁𝑝 − 1) ,
𝑤𝑢 (𝑘 + 𝑁𝑝 − 1)]𝑇 ;

(24)

𝐶𝑇 = [0, . . . , 0, 1, . . . , 1]. The matrices 𝐺, 𝑊, and 𝑆 are
obtained according to (16), (18), and (21).

At each sampling step 𝑘, the MILP problem is solved
based on the current parameter vector 𝜃(𝑘), and an optimal
sequence of future control input 𝑢𝑁𝑝(𝑘) can be obtained. At
time 𝑘 + 1, the parameter vector is updated to 𝜃(𝑘 + 1), and a
new MILP problem is solved to get the new optimal control
input. This procedure is repeated at each sampling step, and
the problems can be solved in real time. In this paper, only𝑁𝑐 = 𝑁𝑝 is considered.
4.3. Solution to MILP Problem. The problem of automatic
train control is established as a constrained finite time
optimal control problem and further transformed intomixed

integer linear programming (MILP) problem by analyzing
the operation target and constraints. Since the constructed
MILP problem contains logical variables and continuous
variables, this section uses the branch and bound method
(B&B) to solve this problem so that, in each control cycle, the
optimal traction of each vehicle or braking force output can
be obtained.

The basic idea of branch and bound method is to relax
the logic variable constraints in the optimization problem.𝛿𝑖(𝑘) ∈ {0, 1} in the MLD model of formula (16) can be
relaxed as 𝛿𝑖(𝑘) ∈ [0, 1], which transforms the original MILP
problem into linear programming (LP). Then, the traditional
linear programming method is used to solve the optimal
subproblem. Algorithm 1 is presented to solve the MILP
problem and some notations are defined and presented in
Table 4.

5. Performance Evaluation

In this section, we will evaluate the performance of the
proposed hybrid MPC ATO algorithm using numerical
results. We will first introduce the parameter settings of the
ATO system. Specifically, the parameters of the train model
are from the CRH-3 high-speed train in China, which are
given in Table 5. Therein, 𝐹𝑇max and 𝐹𝐵max are the maximum
tractive force and braking force, respectively.

5.1. Simulation Scenario. In order to evaluate the perfor-
mance of the controller, the desired velocity curve including
accelerating, decelerating, velocity step increase, velocity step
decrease, and constant-velocity stages is characterized by the
following equation:

V𝑟 (𝑡) =
{{{{{{{{{{{{{{{{{

0.4𝑡 0 ≤ 𝑡 ≤ 100
40 100 ≤ 𝑡 ≤ 400
75 400 ≤ 𝑡 ≤ 900
50 900 ≤ 𝑡 ≤ 1150
−𝑡 + 1200 1150 ≤ 𝑡 ≤ 1200.

(25)

In (25), the acceleration is 0.4m/s, and the deceleration is0.5m/s, both ofwhich arewithin the threshold of acceleration
and velocity. In the operation of trains, the basic resistance is
the main resistance for the trains. Thus, we only consider the
basic resistance in this paper.
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(1) initialize 𝐽∗0 = +∞, 𝑄num = 0, Π = Null;
(2) for each 𝑖 ∈ [1, 𝑛] do
(3) 𝛿𝑖(𝑘) ∈ [0, 1] ← 𝛿𝑖(𝑘) ∈ {0, 1};
(4) obtain LP-subproblem LP(𝑖);
(5) Π ← Π ∪ LP(𝑖)
(6) end for
(7) if there are no LP(𝑖) ∈ Π that need to be solved then
(8) obtain optimal performance index 𝐽∗0 ;
(9) obtain optimal solution vector 𝑉∗;
(10) obtain optimal control input 𝑢(𝑘) ← 𝑉∗;
(11) else
(12) while 𝑄num < Maxnum do
(13) for each 𝑗 ∈ [𝑛, 1] do
(14) extracting LP(𝑗) from Π;
(15) if LP(𝑗) has feasible solution then
(16) obtain 𝐽(𝑉) and 𝑉;
(17) else
(18) if LP(𝑗) satisfies 𝛿𝑖(𝑘) ∈ {0, 1} and 𝐽(𝑉) <𝐽∗0 then
(19) 𝐽∗0 ← 𝐽(𝑉) and 𝑉∗ ← 𝑉;
(20) 𝑄num = 𝑄num + 1;
(21) end if
(22) if 𝐽(𝑉) > 𝐽∗0 then
(23) 𝑄num = 𝑄num + 1;
(24) end if
(25) if LP(𝑗) dose not satisfy 𝛿𝑖(𝑘) ∈ {0, 1} and𝐽(𝑉) < 𝐽∗0 then
(26) choose 𝛿𝑖(𝑘);
(27) LP(𝑗)[𝑃0] ← 𝛿𝑖(𝑘) = 1;
(28) LP(𝑗)[𝑃1] ← 𝛿𝑖(𝑘) = 0;
(29) Π ← Π LP(𝑗) ∪ LP(𝑗)[𝑃0] ∪ LP(𝑗)[𝑃1];
(30) else
(31) 𝑄num = 𝑄num + 1;
(32) end if
(33) 𝑄num = 𝑄num + 1;
(34) end if
(35) end for
(36) end while
(37) end if

Algorithm 1: Solution of MILP problem.

The designed MPC based ATO controller considers the
train velocity tracking performance, energy consumption,
and intertrain force. With the train parameters, we provide
two simulation scenarios to evaluate the performance of the
proposed algorithm under different operating conditions.
Specifically, we evaluate the performance of the controller
with different train types: all-locomotive train and partial-
locomotive train.

5.1.1. Scenario A. In this scenario, we evaluate the perfor-
mance of the ATO controller with the all-locomotive train.
To simplify the simulation, we choose the number of trains
as 𝑛 = 4, and the train is comprised of all locomotives.
This implies that each locomotive has the tracking motor and
braking unit and thus can provide both the tracking force
and the braking force. The parameters of the train are shown
in Table 5, where 𝑚𝑖 is the mass of locomotive 𝑖. Since the
numbers of passengers in each locomotive may be different,

we choose𝑚1 = 48.5𝑡, 𝑚2 = 52.5𝑡, 𝑚3 = 51.0𝑡, 𝑚4 = 47.5𝑡.
For the MPC controller, the prediction horizon 𝑁𝑝 and the
control horizon 𝑁𝑐 also affect the controller performance.
Without loss of generality, we choose 𝑁𝑝 = 𝑁𝑐 = 3. The
weighting matrix gain is chosen as

𝑄 = diag(4, . . . , 4⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑛

) ,
𝑅 = diag(1, . . . , 1⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

𝑛

) ,
𝐻 = diag(1, . . . , 1⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

𝑛−1

) .
(26)

5.1.2. Scenario B. In this scenario, we evaluate the effective-
ness of the ATO controller in partial-locomotive trains. To
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Table 5: Parameters of the CRH-3 high-speed train.

Parameter Value Unit
𝑚𝑖 47.5 t𝑐0 7.75 × 10−3 Nkg−1𝑐V 2.28 × 10−4 Ns(mkg)−1𝑐𝑎 1.66 × 10−5 Ns2(m2kg)−1𝐹𝑇max 300 kN𝐹𝐵max 300 kN𝑘 1 × 104 kNm−1𝑑 1000 kNsm−1𝜃 0 −𝐷 0 −Δ𝐿max 0.2 m𝑓𝑖𝑛max 2000 kN

simplify the simulation, we choose the number of trains as𝑛 = 4, and the train is comprised of 2 locomotives and 2
wagons. The locomotive can provide both the tracking force
and the braking force, while the wagons can only supply the
brake forces. In order to guarantee the total force the same as
Scenario A, the maximum tracking force of each locomotive
is set as 𝐹𝑇max = 600 kN, and the other train parameters are
the same as in Table 5.

5.2. Simulation Results. We will provide simulation results
of the ATO controller in different operating conditions.
The simulations are conducted in Matlab/SIMULINK. We
fist consider the simulations in Scenario A, which is based
on all-locomotive train. Then we will further consider the
simulation results in Scenario B, which is based on partial-
locomotive trains. And in Scenario C, we focus on more
realistic condition where the track force limit is dynamic.

5.2.1. Scenario A. The velocity curve of each locomotive is
shown in Figure 4, where 𝑥-axis represents the time and y-
axis represents the velocity. From the figure, we can see that
the velocities of four locomotives almost remain the same
during the operation time. Specifically, in the accelerating and
decelerating stages, each locomotive can operate correspond-
ingly according to the given acceleration and deceleration. At𝑡 = 400 s, we notice that the reference velocity has the step
increase. From the zoomed-in figure, we can find that the
locomotives move with the almost same velocity, where the
maximum velocity error is 0.003m/s. From the zoomed-in
figure from 𝑡 = 470 s to 𝑡 = 490 s, the velocities of locomotives
reach the steady value at about 𝑡 = 490 s, where the settling
time is 90 s and the steady error is 0.5m/s. In the steady
state, the velocities of locomotives remain fixed. Based on the
simulation results, we can find that the train can track the
time-varying reference with small settling time and steady
error, which verifies the effectiveness of the algorithm.

The tracking and braking forces of locomotives are shown
in Figure 5. In the accelerating stage, the resistance of the
train increases with the velocity. In order to guarantee the
constant acceleration, the tracking forces of locomotives
increase gradually. In the deceleration stage, the resistance of
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Figure 4: The velocity curve of each locomotive in Scenario A.

the train decelerates with the velocity. In order to guarantee
the constant deceleration, the braking forces of locomotives
increase gradually. Compared with the acceleration or decel-
eration stages, the tracking forces of locomotives are small
and fixed during the constant velocity stage. This is because
the resistance of train keeps having a relatively small value
during the constant velocity stage. At 𝑡 = 400 s, the reference
has a step increase. In order to accelerate to the desired
velocity, the tracking forces of locomotives increase to the
maximum rapidly andmaintain the maximum tracking force
for about 72 s. At 𝑡 = 900 s, the braking forces increase to the
maximum to decrease the velocity and maintain about 32 s
to decrease to the desired velocity. From the figure, we can
find that the control outputs of locomotives are almost the
same and thus guarantee the reasonable allocation of braking
force and tracking force. When the reference velocity curve
changes, each locomotive can regulate the tracking force and
braking force based on the difference between the actual
velocity and desired velocity. The forces for locomotives are
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Figure 5: The force output of each locomotive in Scenario A.
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Figure 6: The coupler force among locomotives in Scenario A.

almost the same and also satisfy the constraints, which verify
the effectiveness of the proposed strategy.

The coupler force among each locomotive is shown in
Figure 6. When the coupler force is larger than zero, it means
that coupler is pulled. When the coupler force is smaller
than zero, the coupler is pushed. From the figure, we can
see that the coupler forces among locomotives are always
within the safety range. Moreover, the coupler among L1
and L2 is mainly pulled, while the coupler among L3 and
L4 is mainly pushed. This is because when we choose the
masses of locomotives, the masses of L3 and L4 are relatively
smaller than L1 and L2. In order to guarantee the velocity
consensus of locomotives, the total forces should be the same
and the coupler force can balance the total force of each
locomotive. It can be found that, during the constant-velocity
stage, constant-accelerating stage, and constant-decelerating
stage, the coupler force among locomotives is small. At 𝑡 =200 s and 𝑡 = 400 s, the coupler force changes dramatically,

−0.1
−0.05

0

0.15

−0.1
−0.05

0
0.05

0.1
0.15

0 1200
−0.1

−0.05
0

0.05
0.1

0.05
0.1 Coupler difference

between L1 and L2

Coupler difference
between L2 and L3

Coupler difference
between L3 and L4

Time (s)

Co
up

le
r d

iff
er

en
ce

 (m
)

1000800600400200

Figure 7: The coupler deformation between two neighbouring
locomotives in Scenario A.
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Figure 8: The velocity curve of each vehicle in Scenario B.

with the largest coupler pulling force 317 kN and the largest
coupler pushing force 241 kN. From the figure, we can see
that the ATO controller can guarantee that the coupler force
is within the safety range, which verifies the effectiveness.

The operation safety of high-speed trains can be evaluated
by the position difference (coupler deformation) between
neighboring locomotives. If the deformation is larger than
the maximum 0.2m or less than the minimum −0.2m,
the coupler may have been broken so the safety cannot be
guaranteed. The operation safety of high-speed trains can be
further illustrated from Figure 7, which shows that the cou-
pler deformation is always with the threshold [−0.2m, 0.2m].
This is because the in-train force guarantees that the position
difference between neighboring locomotives cannot be too
large or too small.

5.2.2. Scenario B. The simulation in Scenario A verifies the
effectiveness of the hybrid model predictive controller for
all-locomotive case. The metrics include velocity tracking,
energy consumption, and coupler force.

In Scenario B, we verified the effectiveness of the ATO
controller with 2 locomotives and 2 wagons. The velocity
curves are shown in Figure 8. With the same controller
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Figure 10: The coupler force among vehicles in Scenario B.

parameters, at 𝑡 = 400 s, where the reference velocity has
a step change, the convergence time of the controller from
the change at 𝑡 = 400 s to the steady state at 𝑡 = 508 s
implies that the convergence time increases by 18 s compared
with the all-locomotive case. The steady error is 1.2m/s,
which increases by 0.7m/s compared with the all-locomotive
case. Moreover, the velocities at the steady stage have some
oscillations around the steady value.

The force output of each vehicle is shown in Figure 9,
where the left subfigure shows the force output of the
locomotive, and the right subfigure shows the force output of
the wagon. From the figure, we can see that, during the accel-
eration and constant-velocity stages, only the locomotive has
the tracking force output, and the tracking force of wagons
is zero. In the deceleration stage, both the locomotives and
wagons supply the braking forces.

Figure 10 shows the coupler force among vehicles. Com-
pared with the all-locomotive trains, the coupler forces
between L1 and W1 and between L2 and W2 are kept at large
values. This is because locomotive L1 supplies the pulling
force and locomotive L2 supplies the pushing force, while
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Figure 11: The coupler deformation between neighboring locomo-
tives/wagons in Scenario B.

wagons W1 and W2 cannot supply the tracking force. The
maximum coupler force is 578 kN, which is within the safety
threshold. From the above simulations, we can find that the
proposed hybrid MPC ATO controller has a good control
effect.

The operation safety of high-speed trains can be illus-
trated from Figure 11, which depicts the spring deforma-
tion between neighboring locomotives/wagons. We can see
that the largest deformation is 0.14m, and the smallest
deformation is −0.15m, which is with the safety threshold[−0.2m, 0.2m]. As illustrated in Figure 7, this is because the
in-train force guarantees that the position difference between
neighboring locomotives cannot be too large or too small.
Simulation results show that the proposed ATO controller
can guarantee the safe operation of high-speed trains.

5.3. Further Discussions. In this subsection, we further dis-
cuss the performance of the proposed ATO controller in
terms of practicality, computation efficiency, superiority, and
robustness. For simplicity, we only consider Scenario A,
where the train is comprised of four locomotives. Scenario
B can also be analyzed similarly. The train parameters are set
the same as in Table 5, unless otherwise specified.

5.3.1. Practicality. In the previous simulation setup, we
assume that the maximum traction force 𝐹𝑇max and the max-
imum braking force 𝐹𝐵max are constants. Despite simplifying
the implementation, the constantmaximum traction/braking
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Table 6: Computational time (s) of each MPC step with and without linearization.

MPC with linearization MPC without linearization
Min. Max. Average Min. Max. Average

𝑁𝑐 = 3 1.6𝑒 − 3 3.8𝑒 − 3 2.5𝑒 − 3 2.1𝑒 − 1 3.6𝑒 − 1 2.4𝑒 − 1𝑁𝑐 = 5 1.8𝑒 − 3 6.4𝑒 − 3 3.5𝑒 − 3 2.5𝑒 − 1 8.3𝑒 − 1 4.7𝑒 − 1𝑁𝑐 = 7 1.9𝑒 − 3 7.3𝑒 − 3 4.6𝑒 − 3 3.9𝑒 − 1 9.8𝑒 − 1 6.5𝑒 − 1

force are not realistic as the operation is subject to the power
limit of the train.This implies that themaximum traction and
braking forces evolve with the operation speed; that is, the
maximum traction and braking forces for the CRH-3 train
are represented as in [33].

𝐹𝑇max = {{{{{
300 − 0.284V, 0 ≤ V ≤ 119.7 km/h

266 × 119.7
V

, 119.7 < V ≤ 300 km/h

𝐹𝐵max = {{{{{
300 − 0.281V, 0 ≤ V ≤ 106.7 km/h

266 × 119.7
V

, 106.7 < V ≤ 300 km/h.

(27)

The force output of each locomotive with power limit is
shown in Figure 12, where we find that the output force of
each locomotive evolves with time. It is interesting to note
that at 𝑡 = 400 s the maximum traction force decreases at the
transition stage, where the speed of the train increases from
40m/s to 75m/s. Due to the constant-power operation, the
maximum traction force will decrease with the increase of
velocity. At 𝑡 = 900 s, it is shown that the maximum braking
force increases when the velocity decreases from 75m/s to
50m/s.

5.3.2. Computational Time. In this subsection, we consider
the computation time of the proposed method with different
prediction horizons.

Within different control horizons, the nonlinear MPC
and the proposed piecewise MPC are both implemented on
the original nonlinear system.The simulations are performed
under Windows 7 operating system with Intel Core i5-2400
CPU, 4GB RAM, on a desktop computer. Both the nonlinear
MPC and the proposed piecewise MPC provide compara-
ble dynamic performance. Their computational times are
summarized in Table 6. From Table 6, it can be seen that
the computational time of each proposed MPC step is less
than the nonlinear MPC on all control horizon lengths. It
is more obvious when the horizon length is extended. The
comparative results present the computation efficiency of the
proposed method. To obtain the average computational time
of each MPC step, the repeated numbers of MPC steps are
1200.

5.3.3. Superiority. In this subsection, we verify the superiority
of the proposed method through comparison with the classi-
cal PID method.

The velocity difference between each locomotive and the
reference velocity value is plotted in the following figures.
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Figure 12: The force output of each locomotive with power limit.

Figures 13(a) and 13(b) show the simulation results under
PID and the proposed MPC methods, respectively. From
Figure 13(a), the velocities of four locomotives have severe
chattering at time 400 s and 900 s when the reference veloc-
ity varies, which can further cause drastic changes of the
coupler and endanger safe operation of high-speed trains.
The proposed method in this paper presents good control
performance as shown in Figure 13(b). From this figure, we
can see that the velocities of four locomotives do not change
frequently and can converge to the desired velocity quickly.
This control performance is conducive to the safe operation
of the train.

5.3.4. Stochastic Perturbations. In this subsection, we con-
sider the performance of the proposed method with external
stochastic perturbations. The stochastic perturbations are
added in the system dynamics (6). The maximum amplitude
of the perturbation is assumed to be 1. Considering the
constant term 𝛽𝑗 = 0.0044, the perturbation is large enough
to evaluate the robustness of the proposed method. The
external stochastic perturbations are produced by using the
Matlab function randn(𝑛), which can create an n-by-nmatrix
of normally distributed random numbers with mean equal
to zero and standard deviation equal to 1. The simulation
result of the systemwith the stochastic perturbations is shown
in Figure 14. From this figure, we can see that the practical
velocities of locomotives can track the reference values well,
though the stochastic perturbations exist. The simulation
results show the good robustness of the proposed method.
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Figure 13: Comparison of MPC method with PID method in velocity error.
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Figure 14: The velocity of each vehicle under MPC method with external stochastic perturbations.

6. Conclusion

In this paper, we investigated the automatic cruising control
problem of high-speed trains with the aim of tracking the
reference speed andminimizing the energy consumption and
guaranteeing the safe operation of high-speed trains. First,
we built the piecewise linearization of train resistance and
developed the piecewise multiple-point model of trains. Due
to the multiple constraints and performance metrics, we pro-
posed a model predictive control method to design the ATO
controller. In order to improve the accuracy of themethod,we
introduced the binary variable and transformed the piecewise
model into a mixed logical dynamical model and guarantee

that the submodel in the prediction process is still switchable.
Then we analyze the operation objective and constraints and
transformed the tracking control problem into a constrained
finite-time optimal control problem. The optimization prob-
lem is solved by the integer linear planning method, and
the optimal control solution is obtained. Simulations in the
Matlab verified the effectiveness of the proposed algorithm.

In this work, we just consider the nonlinear charac-
teristics of resistance when constructing the train model
and neglect the control delay. In the future work, more
realistic trainmodels will be investigated to incorporatemore
nonlinear characteristics and the controller robustness will be
improved under time delay.
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K-means clustering is employed to identify recurrent delay patterns on a high traffic railway line north of Copenhagen, Denmark.
The clusters identify behavioral patterns in the very large (“big data”) datasets generated automatically and continuously by the
railway signal system. The results reveal the conditions where corrective actions are necessary, showing the cases where recurrent
delay patterns take place. Delay profiles and delay change profiles are generated from timestamps to compare different train runs
and to partition the set of observations into groups of similar elements. K-means clustering can identify and discriminate different
patterns affecting the same stations, which is otherwise difficult in previous approaches based on visual inspection. Classical
methods of univariate analysis do not reveal these patterns. The demonstrated methodology is scalable and can be applied to any
system of transport.

1. Introduction

Operations analysis is the collection and review of perfor-
mance data, such as punctuality and process cycle time. It
is a key step in the continuous improvement of transport
services, and severalmethods exist to collect and analyze data
from operations. The increasing availability of automated
data sources is offering new ways to analyze operations, pro-
viding deeper insight andmore reliable information. Railway
management is very accepting of these new possibilities, and
considerable effort is made by operators and institutions
to use operations analysis in feedback loops for improving
the timetabling process [1–4]. A better understanding of the
development of delays in railways, and in transportation in
general, provides the opportunity to improve the processes
and identify the factors affecting reliability. For example,
causes of delays might be identified in misallocation of
supplements and buffers in timetables, structural conflicts
that require mitigation actions, suboptimal design of sta-
tion processes, and inefficient procedures for preparing a
train for departure. This paper demonstrates a data mining
technique based on k-means clustering to identify recurrent

delay patterns in transportation, identify the main reason
for cluster membership, and provide managerial insight to
improve timetables and processes.

Prior studies propose several methods that are currently
in use for operation analysis, deploying sources of automatic
data collection. These approaches can be divided into tra-
ditional statistical methods and big data techniques, which
differ in both the use of data and in the output provided.
Traditional methods tend to aggregate and summarize infor-
mation, so these can provide a general picture or detailed
information on specific stations or trains. These are typically
proposed in the form of multiple univariate distribution
analysis, where the occurrence of different delay patterns at
the same station is not visible. Big data techniques can be
used to investigate recurring patterns or internal structures
in operations. These approaches are expanding, thanks to
the growing availability of large amounts of data, and several
techniques have been deployed to identify recurrences of
delays and describe or predict delays. Advanced techniques
such as neural networks, succession rules, Bayesian networks,
and various methods of regression have been developed
mainly to predict real time delays in railways, as described
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in Section 2. However, train delays are necessarily correlated
over the progression of a complete journey, and these data
relations both along the journey of a train and among
adjacent train paths have not received as much attention in
the literature.

This paper presents a big data technique to identify
recurring delay patterns in railway operations. Big data refer
to information assets characterized by high volume, velocity,
and variety, whose value is extrapolated by analyticalmethods
[5]. In this application, the absolute delay and delay change
are tracked for individual train paths along a railway line,
resulting in absolute delay and delay change profiles. In
the papers based on univariate statistics, systematic delays
in these profiles are identified through visual inspection.
The manual search for similarities suffers from subjective
interpretation from the operator and is easily biased by com-
mon artefacts of the representation.The technique presented
in this paper applies k-means clustering to find recurrent
patterns in train delay progression, so that management may
identify processes for improvement or correction. In this
way it is possible to support continuous quality improve-
ment.

In Section 2, a literature survey of contemporary data
analysis methods is offered. Section 3 presents the k-means
cluster method and the structure of the data to be studied.
Section 4 presents results from the study of a high density
Danish railway line. The effectiveness of k-means clustering
for this application is discussed in Section 5, particularly with
regard to its novelty compared to existing literature, while
conclusions of this paper are presented in Section 6.

2. Literature Survey

Operations analysis is fundamental in the continuous
improvement process to manage and modify railway opera-
tions. Data collected from real operations, or from simulation
models, has been used in the feedback loop to design and
improve railway timetables for decades. Typically, even if
timetables may change over time, some of the fundamental
infrastructure and service behaviors will not be modified.
Timetables are often the result of only minor modifications
to the previous editions and need to consider problems dis-
covered in earlier timetables. For example, after a structural
change in the Danish railway timetable in 1998, after the
opening of the Great Belt fixed link, the service structure
remained largely unchanged until 2016 [6].

Data collection systems have proliferated in railway
networks since 2000, and very large amounts of data are
available today. Widespread systems to collect data increased
both volume and variety of data, which are often collected by
different systems at the same time. The methods to elaborate
and interpret information from past operations evolved
together with the amount and quality of data, starting from
descriptive and inferential statistic and moving towards big
data techniques. For example, delay probability density func-
tions can be extrapolated from historical data and integrated
in analytical models to estimate service reliability before
operation [7]. Goverde et al. [8] perform extensive statistical
analysis and distribution fitting of data from the Dutch

railway network. Goverde et al. fit different distributions
for arrival and departure delays and find that no general
distribution fits all groups of recorded arrival delays.

Primary delay distributions derived from operational
data are also often employed as input in simulation models
to evaluate the propagation of delays. Sipilä [9] explores
the effect of modified running time supplements in railway
schedules through microsimulation of a Swedish railway
line. The author identifies different strategies for running
time supplement allocation by verifying the significance
of the change in punctuality recorded in 1600 simulations
of selected scenarios. Lindfeldt [10] describes a method to
aggregate delay data from real records and isolate distribu-
tions of primary delays. These distributions are then used
to formulate microsimulation models. The data consists of
manual records from dispatchers that assign a delay cause
code to every record greater than 4 minutes of delay on the
Swedish railways. In absence of other sources of data, the
reliability of manual record cannot be validated, although
the whole simulation model and its results rely on the
derived distributions. Studies from other countries show that
manual input can be indeed unreliable [11, 12]. The same
method to extract primary delay distributions is later used
by Lindfeldt and Sipilä [13] in a simulation model to assess
the effect of allowing freight trains to travel outside their
assigned path. The authors demonstrate that the realized
travel times of freight trains could be shortened consider-
ably without affecting the performance of other trains. The
reduction of unnecessary waits for traffic management and
the permission to depart before schedule reduced the average
travel time on one side but increased its variability on the
other.

Historical data also provides insight into the factors
that influence service reliability. Olsson and Haugland [14]
apply regression analysis on the Norwegian railway network
and identify the most relevant factors for punctuality, such
as absolute passenger flow and passenger occupation ratio.
Gorman [15] uses regression analysis on data from American
single-tracked freight railways to identify the factors that
contribute themost to prolongation of railway running times.
Gorman predicts congestion delay based onmeets and passes
scheduled as a consequence of speed heterogeneity. Again,
in simulation, Shih et al. [16] apply an approach similar to
Gorman’s to determine the best capacity expansion strategy
in terms of reduction of average prolongation of running time
for freight trains. Shih et al. identify functional relationships,
through regression of simulation results, between average
delay per train-mile and several factors, such as the relative
length of the doubled-tracked section of a railway line.
Lindfeldt [17] applies multilinear regression with special
focus on F-statistics to investigate factors generating delays
on the Swedish railway network. Lindfeldt measures delay
changes over selected routes and analyzes their distributions.
In particular, the response variables are the share of trains
with a delay increase, the median change in delay, and
its standard deviation on the route. Statistically significant
explanatory variables are found in the traffic volume for
both passenger and freight trains. Among passenger trains
the most significant variables are average speed and traffic
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heterogeneity, and for freight trains it is the number of
stations on the route with at least three tracks.

Timestamps and recorded deviations from schedule can
be integrated with information from other sources. For
example, incident reports may be compiled in case of larger
disruptions. Such reports include information about the
typology of the incident, the train affected by the primary
delay, other trains involved, the secondary delays generated,
and the recovery plans taken by the dispatchers. Schittenhelm
and Richter [1] describe the reporting system in the Danish
railways (the same system in service at the time of this
study) and introduce a quantile-based approach to depict the
development of train delays en route. The plots confirm the
general understanding of delays from experienced operators
and can be used to quantify the magnitude of expected
disruption. The quantile-based approach, though, describes
operations as a whole, and it is not able to distinguish
systematic delays occurring at individual stations, but with
different origins, so analysis of individual train services is
necessary to identify peculiar delay patterns. Richter [18]
introduces new metrics to identify improvement actions,
based ondata fromautomatic detection systems. Richter sorts
the trains according to recorded delay and identifies the worst
one in a percentile approach, associated with recorded delay
causes. A similar approach is adopted with regard to change
in deviation, or delay jump, recorded on line sections, so that
most critical geographical areas are identified. Lastly, Richter
proposes a tabular representation of the median delay of
individual trains recorded at station, sorted by scheduled time
and geographical location. In thisway, the analyst can identify
which specific trains typically suffer fromprimary delays, also
characterized by geographical location, and which trains are
typically affected.

Similarly, Peterson [4] studies the on-time performance
along the path of specific train services, using the rolling
average delay of the last three timing points. Such on-time
performance is plotted for all the repetitions of a specific
train service over a time period and compared to the average,
standard deviation, and 75th percentile. Peterson identifies
empty areas in the pool of plotted delay profiles and interprets
these as recurrent delay patterns given by discrete dispatching
choices along the train path. Peterson also interprets recur-
rent increases or decreases of vehicle delay as segments of
insufficient or excess running time supplement, respectively.
Reliability of service is described by the standard deviation of
recorded delays. Peterson used the mentioned measures in a
feedback loop to redistribute the running time supplement in
train paths according to the recorded performance.

Andersson et al. [19] assess the effectiveness of running
time supplement in railway schedules from empirical data
collected on a Swedish railway line. The study plots the
recorded delays over the train itinerary overlapped with
scheduled running time supplement and compares pair-
wise stacked plots from different railway services, stopping
patterns, or directions. The identification of misallocation
of running time supplement is based on visual search for
recurrent delay patterns, and a few different dispatching
tactics are identified in clusters of similar delay profiles.
Andersson et al. highlight the existence of a threshold value

of delay that triggers prioritization of other trains that are
traveling on schedule. The observations are clustered in
groups and show recurrent delay patterns, and the anal-
ysis is supported by detailed analysis of possible conflicts
among individual train itineraries. Noticeably, the authors
demonstrate that the measures of punctuality currently in
use on the Swedish network hide the effects of running
time supplement misallocation and delays developed en
route. Even though the punctuality at the final destination
is a measure of railway performance very common among
railway operators, it does not express how trains increase or
recover from delays along their journey. Schittenhelm [20]
provides a sample of similar measuring approaches in the
European railway industry. In a later study, Andersson et al.
[21] underline the relevance of critical points for network
robustness by plotting delay profiles and showing that the
profiles cluster around critical points according to different
dispatching strategies. Advanced clustering techniques may
support the identification of different strategies to compute
the effects on robustness.

Lastly, van Oort et al. [22] evaluate data collected auto-
matically on public transport services with a combination
of statistical methods and visual representation. The study
represents delay data similarly to Peterson [4], Andersson
et al. [19, 21], and Schittenhelm and Richter [1], plotting
the recorded delay over individual repetitions of the same
service path, and adds the plot of relevant delay percentiles
over the stations. The shape of the percentile-based delay
profiles highlights recurrent patterns in the deviation from
schedule. The representative delay profiles appear different
depending on the percentile they represent. Patterns found
included the presence of typical early arrival at stations in
bus services, followed by waiting time until the scheduled
departure time, or recurrent delay drops or increases at spe-
cific stations.The delay plots are combinedwith themeasured
headway from the previous vehicle. While the delay plots
would suggest allocating more running time supplements at
systematic increases of delay, structural delays that cannot
be compensated by timetable slack are highlighted in the
plots of headways, where service unreliability corresponds
to scattered recorded headways. A percentile approach was
also presented by van Oort et al. to characterize and sort
the stations according to performance, similarly to previous
literature.

The statistical analyses presented above are suitable for
general description of the system performance but lack
specific insight into recurrent delay patterns that occur
in operation and into the relationships between delays at
different locations. The literature presented in this survey
focuses on the univariate analysis of selected measures, such
as delays at single stations. Traditionalmetrics common in the
railway industry, such as punctuality, have also been found
unrepresentative of the actual service reliability.Themethods
that include the multidimensional aspect of the problem
mostly deal with delay profiles, the sequences of delays
recorded on individual train itineraries. The quality of these
analyses often relies on visual inspection of plotted data and
the observer-operated search formatching delay profiles.This
search lacks a standardizedmethodology and is influenced by



4 Journal of Advanced Transportation

the plotting layout and the subjective interpretation, which is
based on personal experience.

Big data techniques have arisen recently and seek to
make use of the very large amount of information that is
provided by automatic data collection systems, overcoming
the mentioned issues of traditional methods. The term
big data is rather broad and includes different techniques
that serve specific purpose. The common characteristics of
these techniques are volume, velocity, and variety, meaning
large amounts of data, generated at high speed, possibly
by different sources with different or no structure [5]. As
opposed to standard statistical analyses, where hypotheses
are formulated and tested, big data techniques search for
internal structures directly in the data. Data generated by
automatic sources typically fit in the big data criteria. In
railways, several data mining techniques were developed in
the last years, following different approaches and searching
for different types of information. The interest in these
techniques is rising, together with the increasing availability
of structured data. Industrial applications of these techniques
are spreading, and new approaches are being studied also
among public institutions [2].

Event mining is a technique based on time sorted logs,
where relations between different events are found based
on their coincidences. Hansen et al. [23] combine an event
mining tool and standard statistics to predict the actual
running times of trains to the next station, given all the
recorded current delays. Dependencies between pairs of
events are found or “mined” in timed event graphs created
from the timestamps of individual trains, which correspond
to events of occupation and release of blocking sections.
The process times between events are inspected by standard
statistics, resulting in conditional probabilities of process
times, given the recorded delays of all relevant trains in the
system. Such a model, though, relies considerably on very
detailed knowledge about the infrastructure and requires data
which is not commonly available from railway infrastructure
managers.

Goverde and Meng [11] use the same information source
and similar technique to identify and analyze route conflicts
and identify delay chains. Infrastructure data and operation
data are integrated so that it is possible to identify a train
that is occupying a blocking section linked to a signal at
danger for another train. Delay trees are built and traced
backwards to identify the primary causes, so individual delays
can be classified automatically into primary and secondary,
and the correct attribution of delay causes can be verified.
Interestingly, the authors verify that more than half of the
delay cause records were assignedwrongly by the dispatchers,
stating that, in the Netherlands, this type of manual input
is not reliable and objective enough to be deployed in data
analysis.

Kecman and Goverde [24] extend the model to include
nonlogged line sections, where it is not possible to distinguish
delays due to signaling impositions and delays due to primary
causes. Delay chains are also traced in less detailed data by
Sørensen et al. [12]. Based on the time sequences at stations
experiencing disturbed operations, the authors identify the
trains generating the conflicts and the trains suffering from

the conflicts. The analysis is used to identify primary delays,
describe single days of operation, identify frequent trains
originating, or subject to, delay chains, and identify point
stations where most of the primary or secondary delays are
generated. In a comparison with manually recorded delay
causes, the study finds relevant inconsistencies with the
primary delays traced in the delay chains, in accordance with
Goverde and Meng [11]. The method described, though, is
only valid for single track lines and does not identify multiple
primary delays.

Cule et al. [25] introduce association rules to identify
delays recurring often together and set up an episode min-
ing framework to highlight frequent delay patterns from
train timestamps at stations. However, association rules can
highlight common recurrences but cannot explain relations
of causality between two events, so primary and secondary
delays cannot be distinguished. Similarly, Wallander and
Mäkitalo [26] identify delay chains according to the manual
delay cause records from the dispatchers and based on
timestamps at stations with granularity of 1 minute. The
succession rules used are very similar to association rules but
consider the time dependencies, so that events taking place
earlier can be assumed to be the cause of events happening
later under the same circumstances. Trains are characterized
by the number and magnitude of conflicts they generate so
that improvement actions can be concentrated. Association
rules have also been adopted to evaluate the effectiveness
of delay prevention actions on Japanese suburban networks
by Yabuki et al. [27]. Yabuki et al. compare the association
among occurrence of delays of different trains, change in
delays, extension of running and dwelling times, and realized
headway in before/after scenario comparison. The downside
of such models is that association rules can be set between
binary variables, so the development of delays depicted
does not include its magnitude. Further, the number of
associations to be analyzed grows exponentially with the
number of potential pairs of events, so the analyses must be
limited to short time frames of operation.

Neural networks are a big data method that learns from
historical records and uses the relations identified among
variables to predict an output, given unseen values of the
input variables. This technique is particularly suited to delay
prediction and has been deployed in multiple studies. Neural
networks look for dependencies in the data, as opposed to
simulation models, which are based on interaction rules
between objects defined initially. Malavasi and Ricci [28]
use neural networks to predict the total experienced delay
on a railway line, given its geometrical and technological
characteristics, and its scheduled utilization over time. In
comparison to simulation, Malavasi and Ricci find neural
networks more robust against extreme-valued input, which
implicates more likely case-overfitting with simulation. Kec-
man et al. [29] propose a Bayesian network delay prediction
model. In this case, input includes the timetable and recorded
delays at all stations. Each delay is assumed to depend only
on direct connections in a timed event graph, meaning the
recorded delay for the same train at a previous station and
for the previous train at the same station. Conditional delay
distributions are assumed to be Gaussian, and the parameters
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are derived through recursive Generalized Linear Models.
Chapuis [30] deploys the same assumed delay dependency in
a neural network model, where input includes delay of the
previous train and at the previous station, and distance to the
next station. Such a model can predict the delay of a train
at the next station. Independent of the actual infrastructure,
this model is generic and can be applied at any station
of the railway network. The downside of neural networks,
though, is the risk of data overfitting, reducing the prediction
capability, although this risk is lower in neural networks than
in simulation models.

In response, Marković et al. [31] introduce Support
VectorRegression (SVR) to establish a functional relationship
between characteristics of the railway system and train delays.
Train category, scheduled time, infrastructure, and share
of journey completed are identified as most influencing
factors to predict the train delay at one station. The authors
show that SVR generalizes better than an artificial neural
network, which seeks to minimize error of prediction in
the historical dataset. Interestingly, the authors assume that
the performance of delay prediction can be improved by
grouping delays by magnitude, as factors generating smaller
delays differ from factors that generate larger disturbances.

Kecman and Goverde [32] apply big data techniques to
predict running and dwelling times from actual operation
data, based on records from block sections occupations.
The study uses random forests of tree-based models, to
predict nonlinear relations between input variables and
process times, with sufficient robustness to outliers in the
data, lowered risk of overfitting, and focus on real time
application. Running time predictors are calculated for every
block section, and dwelling time predictors are calculated for
every station platform. Among the interesting findings, the
running times are longer if the headway to the preceding
train is short, meaning that the succeeding trains tend to
slow down to smoothen the trip and reduce the risk of
encountering a yellow signal. Moreover, the authors find no
evidence to support the hypothesis that trains run faster when
delayed. All the trains were found to run at approximately the
maximumperformance in any condition.The authors suggest
that, in case of insufficient prediction accuracy, new variables
might be included in the model, such as platform shape for
dwelling times.

Big data techniques focus mainly on the prediction of
delays and running times or on the identification of delay
chains and realized delay propagation among trains. New
applications of these techniques would support the analysis
of the realized development of delays along the path of
individual train delays. As shown by statistical analysis and
visual search for patterns presented by Schittenhelm and
Richter [1, 18], Peterson [4], Andersson et al. [19, 21], and van
Oort et al. [22], this type of data contains a great deal of infor-
mation yet to be explored, which would provide insight into
the effectiveness of running time supplements and into the
presence of structural issues that generate delay in transport
operation. In this paper we present a clustering technique to
identify recurrent delay patterns among train services, based
on readily available data, which leaves room for inference on
the factors that generate specific delay patterns. The result

shows that, within comparable train trajectories and stopping
patterns, different train services accumulate delay at different
stations and that recovery shapes differently according to
the route direction. Inferences on the cluster composition
show themost frequent service characteristics in each cluster.
Such information could inform the allocation of correction
measures to improve timetables. Tables 1 and 2 summarize
the literature just reviewed.

3. Identification of Recurrent Delay Patterns
Using Big Data Techniques

In this paper, a delay profile of a train run is defined as the
set of recorded deviations throughout its path or a part of
it, on a specific date. Note that deviation is reported as the
time difference between a scheduled and a realized event,
such as arrival, departure, or nonstop timing point. Even
though delay is often used to refer to positive deviations, a
delay profile can include null and negative values. A delay
profile is a powerful representation of operation and the
comparison of several delay profiles along the same service
path allows the identification of recurrent delay patterns and
such a representation method has already been presented
in the literature [1, 4, 18, 19, 21, 22]. Delay change, also
called delay jump, is the difference in deviation between two
consecutive stations and represents the delay recovery or
increase. Schittenhelm and Richter [1] use this measure to
assess delay increases or time gains between stations, and
Goverde and Meng [11] use it to identify delay chains in
railway operation. We define a delay change profile of a train
as the set of recorded delay changes along its path or a part of
it.

A dataset of delay profiles consists of all the delay profiles
recorded in a defined period, stacked together. Fields, or vari-
ables, of the dataset are the events at every station, whereas
observations are individual train runs from a selected service.
Such a dataset can refer to a specific train service or to several
services following the same stopping pattern, so that the fields
can be aggregated. The first case is intended for infrequent
services, typically long-distance trains, where every single
service may have its own characteristics in terms of planned
demand, scheduled rolling stock, or the time of crossing
congested nodes. Suburban and regional railway services
are often scheduled in constant stopping patterns at high
frequency and could, thus, be analyzed together, expecting
characteristics of operation to be more homogenous across
services. A dataset of delay change profiles is defined analo-
gously to delay profile datasets, where the fields contain the
change in deviation in place of the absolute deviation.

Previous researches presented on delay and delay change
profiles interpret recurrent patterns by visual search for
similarities [1, 4, 19, 21]. The systematic analysis of these two
types of datasets through clustering algorithms allows the
identification of patterns that are not necessarily visible or
that could be wrongly associated by subjective interpretation.

Clustering techniques partition a dataset into a collection
of groups of similar observations. In this study, cluster-
ing is used to partition the datasets of delay profiles and
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lä
(2
01
4)

X
X

Tr
av
el
tim

es
w
ith

di
ffe
re
nt

op
er
at
io
n
m
od

els
,

w
ith

/w
ith

ou
tf
re
ef
re
ig
ht

op
er
at
io
n

Sh
ih

et
al
.(
20
14
)

X
X

Fa
ct
or
sa

ffe
ct
in
g
av
er
ag
e

de
lay

pe
rt
ra
in
-m

ile

Sc
hi
tte

nh
el
m

an
d
Ri
ch
te
r(
20
09
)

X
X

X

Vi
su
al
in
sp
ec
tio

n
of

qu
an
til
e-
ba
se
d

re
pr
es
en
ta
tio

n
of

de
vi
at
io
ns

an
d
ch
an
ge

in
de
vi
at
io
n

Ri
ch
te
r(
20
10
)

X
X

D
el
ay

ta
bu

la
r

re
pr
es
en
ta
tio

n
an
d
so
rt
in
g

tr
ai
n
se
rv
ic
ep

er
fo
rm

an
ce

Pe
te
rs
on

(2
01
2)

X
X

Ro
lli
ng

av
er
ag
ed

el
ay

fo
r

sp
ec
ifi
ct
ra
in

se
rv
ic
es

A
nd

re
ss
on

et
al
.(
20
11)

X
X

A
ss
es
sm

en
to

fe
ffe
ct
iv
en
es
s

of
ru
nn

in
g
tim

e
su
pp

lem
en
ts

A
nd

re
ss
on

et
al
.(
20
13
)

X
X

Id
en
tifi

ca
tio

n
of

cr
iti
ca
l

po
in
ts
fo
rr
ob

us
tn
es
s

va
n
O
or
te
ta
l.
(2
01
5)

X
X

D
el
ay

pr
ofi

le
s,
he
ad
w
ay

pr
ofi

le
s



Journal of Advanced Transportation 7

Ta
bl
e
2:
Re

vi
ew

of
pr
ev
io
us

us
es

of
bi
g
da
ta
te
ch
ni
qu

es
in

ra
ilw

ay
op

er
at
io
n
an
al
ys
is.

Te
ch
ni
qu

e
Le
ve
lo
fd

et
ai
l

In
pu

t
Pu

rp
os
e

Ev
en
t

m
in
in
g

As
so
ci
at
io
n

ru
le
s

Su
cc
es
sio

n
ru
le
s

N
eu
ra
l

ne
tw
or
ks

Ba
ye
sia

n
ne
tw
or
ks

Ra
nd

om
fo
re
sts

Su
pp

or
t

Ve
ct
or

Re
gr
es
sio

n
Cl
us
te
rin

g
Tr
ac
k

se
ct
io
ns

St
at
io
n

H
an
se
n
et
al
.

(2
01
0)

X
X

Cu
rr
en
td

el
ay
so

fa
l

tr
ai
ns

Pr
ed
ic
tio

n
of

ru
nn

in
g

tim
et
o
ne
xt

st
at
io
n

G
ov
er
de

an
d

M
en
g
(2
01
1)

Ke
cm

an
an
d

G
ov
er
de

(2
01
2)

X
X

Ti
m
es
ta
m
ps

D
el
ay

ch
ai
ns
,a
ct
ua
l

pr
im

ar
y
de
la
y
ca
us
es

Sø
re
ns
en

et
al
.

(2
01
7)

X
X

Ti
m
es
ta
m
ps

D
ela

y
ch
ai
ns

on
sin

gl
e

tr
ac
k
lin

es
,a
ct
ua
l

pr
im

ar
y
de
la
y
ca
us
es

Cu
le
et
al
.(
20
11
)

X
X

Ti
m
es
ta
m
ps

D
el
ay

pa
tte

rn
s

W
al
la
nd

er
an
d

M
äk
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identify train services that are candidates for identification of
common causality. Inference on common factors appearing
in observations clustered together facilitates the assessment
of delay patterns in association with specific characteristics
of a transport service, such as time of the day (peak/off-
peak), day of the week, or equipment used. The clustering
process is realized through measures of similarity between
elements in the same cluster and dissimilarity between
elements fromdifferent clusters. Severalmethods andmetrics
are available to accomplish the task, suitable for different
uses. Hierarchical algorithms proceed by splitting ormerging
observations recursively and are preferred when a nested
structure is assumed in the clusters. In contrast, partitional
algorithms do not impose a hierarchical structure and find
all the clusters at the same time. K-means clustering is a
partitional algorithm andwas chosen due to its simplicity and
frequent appearance in the literature [33].

K-means clustering is an iterative clustering process
based on the identification of the mean element in each
cluster. Every cluster is represented by its centroid, calculated
as the average of the elements of the cluster, and every
observation is assigned to the cluster corresponding to the
closest centroid. Given a number k of initial centroids, the
algorithm executes the following steps:

(1) Assigning every element to the cluster with the closest
centroid

(2) Calculating the new centroids of all the clusters as the
mean of the elements

(3) Repeating until convergence, which is met when no
element changes cluster between consecutive itera-
tions.

This simple method requires three user-specified parameters,
which might be hard to determine beforehand: the distance
metric, the number of clusters k, and the cluster initialization.
Euclidean distance is often used to determine the difference
between observations, but other metrics are available, such as
the𝐿

1
distance [34].Thenumber of clusters k is themost diffi-

cult parameter to estimate, as there is no perfectmathematical
criterion. The parameter k is typically determined according
to available knowledge about the data or interpreting and
evaluating the meaning of several independent partitions
realized for different values of k. The initial centroids might
influence the resulting clusters, so the initialization is often
chosen among several independent partitions that result from
sampling k initial centroids among the observations. The
influence of initialization, however, generally diminisheswith
the dimensionality of the dataset [33].

A substantial contribution to the simplicity of themethod
is given by the required structure of the data. Contrary to
observer-operated search, clustering methods rely on the
numerical relations between variable values recorded across
single observation. It is, thus, unnecessary for the clustering
algorithm to preprocess the data and sort the recorded delays
for every train/observation. In the method proposed in this
paper, k-means clustering is applied to observations of a
multidimensional variable, whose size corresponds to the
number of timing points of a fixed stopping pattern, where
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Figure 1: DSB services and stopping patterns on the Kystbanen.

the fields contain the delays, or delay changes, respectively,
recorded at the individual timing points. Every observation
of this multidimensional variable is a vector and represents a
single train run.

4. Case Study: The Kystbanen, Copenhagen

The Kystbanen (coastline) is a double-tracked railway in the
Copenhagen region. It is one of the busiest railway lines
in the network of Banedanmark, the Danish infrastructure
manager, and it is operated with regional standards, with
some international services. It is operated nearly entirely by
DSB, the largest Danish railway undertaking, which runs
three different service types. The timetable is cyclic, and the
services operate different stopping patterns during the day, as
illustrated in Figure 1.

(i) The Øresund trains (“ØK”) run all day every 20
minutes on a limited section of the coastline, between
Copenhagen and Nivå. These trains operate between
Denmark and Sweden across the Øresund bridge and
stop at every station in Danish territory.

(ii) The regional trains (“ØP”) run all day every 20
minutes as well, but they only operate in Denmark
and run thewhole coastline.These trains skip selected
stops between Copenhagen and Nivå.

(iii) Additional trains are operated in the morning and
afternoon peak hours. The rush hour trains (“ØD”)
operate every 20 minutes between Copenhagen and
Helsingør, skipping other selected stops.

Fewer trains with modified stopping patterns run at night,
so only weekday operation between 4:30 and 20:00 is con-
sidered in this study. The sections between Copenhagen and
Østerport and between Snekkersten andHelsingør are shared
with other services and operators.

In the resulting charts, stations are identified by a code
specified by the infrastructure manager. Station codes and
names are reported in Table 3.

Banedanmark provided a set of timestamps that state
the scheduled and realized times of the trains at every
timing point from April to December 2014. The records
include information about the operation and about the
timing points, such as station name, train ID, train category,
scheduled time, and recorded deviation. Banedanmark relies
on automatic train detection systems, based on the signaling
system components. Typically, the track circuit boundaries
do not correspond exactly to the platforms, and an offset
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Table 3: Station codes and names on the Kystbanen.

Station code Station name Distance from KH
[km]

KH København H
(Copenhagen central station) 0,0

KN Nørreport 1,5
KK Østerport 3,1
HL Hellerup 7,8
KL Klampenborg 13,3
SÅ Skodsborg 18,8
VB Vedbæk 22,1
RU Rungsted Kyst 26,1
OK Kokkedal 29,1
NI Nivå 32,5
HUM Humlebæk 36,3
GÆ Espergærde 40,0
SQ Snekkersten 42,7
HG Helsingør 46,2

is generated between the time recorded by the automatic
system and the actual time a train arrives at the platform
or departs. This is a rather common problem, and it is
also reported in the Netherlands [32] and Norway [12]. For
the Danish network, a correction factor was calculated by
Banedanmark using statistical analyses of GPS positions of
train trajectories in collaboration with the main rail operator,
DSB. The method and results are described by Richter et al.
[35, 36]. Nørreport station is the only underground station on
the line, so GPS correction is not available, which is visible
as a sawtooth pattern common to all train services in the
delay profiles presented below, with a slightly underestimated
delay for arrival records at Nørreport and overestimated one
for departure records from the same station. Similarly, delay
change records are shifted to negative values for arrivals at
Nørreport and at Østerport, whereas higher positive values
are recorded for delay changes at departures fromNørreport.
The bias is systematic and has the same exact effect on all the
trains; therefore its influence on clustering can be neglected.

The train timestamps were rearranged by an automatic
algorithm to create datasets as described in Section 3, by
means of the commercial software SAS 9.4 TS Level 1M4,
by SAS Institute Inc., Cary, NC, USA. Observations corre-
sponded to a realized train on a given date, and the fields
contained the recorded delay at every station. Data from
every station was divided into arrival, departure, and pass-
through times, where trains did not stop. Each record is
the delay profile or the delay change of a train on a date
and represents one observation of the given train. Every
variable identifies the station code and the type of timestamp,
which can be entrance to the station, I (“Indkørsel”), exit
from the station, U (“Udkørsel”), or pass-through station,
G (“Gennemkørsel”), which is used where trains do not
stop.

The analysis is intended to report delay patterns. Conse-
quently, punctual trains are discarded from the dataset. In

Denmark, punctuality measurements are based on a delay
threshold of 5 minutes for regional and long-distance trains,
such as the Kystbanen. However, for internal management
purposes, the infrastructure manager Banedanmark creates
a delay report every time a train reaches at least 3 minutes
of delay, containing information on the delay cause and on
possible other trains hindered. Consequently, only trains
with at least one recorded delay greater than or equal to 3
minutes are considered relevant in the present case study.
Delay distributions are known to include large shares of
trains with short delays, with decreasing frequency for larger
delays [7, 8]. Largely unbalanced clusters are a known issue
in clustering algorithms and are an object of study to reduce
the interference of large clusters [37]. In this case, punctual
trains can therefore be considered as a compact cluster
derived by prior knowledge, and they can be filtered out
from the cluster analysis. The operation of filtering can
be considered noise reduction and improves the quality
of clustering, as the k-means procedure tends to generate
spherical clusters of same radius [38]. According toMarković
et al. [31], large delays are influenced by different factors
other than smaller delays, which further supports the filtering
choice. However, in different contexts, the filtering threshold
might be set equal to a different value or not be applied at
all.

Given the characteristic high frequency of train services
on this line, clustering was operated by stopping patterns
rather than by train numbers, so trains were grouped together
by direction and service category. Grouping trains with
similar characteristics and same stopping patterns increases
data availability in the comparison and does not disqualify
the result. In fact, such grouping was already proposed by
Schittenhelm and Richter [1].

As explained in Section 3, k-means clustering requires
choosing the number of clusters k in advance. To set the
number of clusters, the k-means algorithmwas repeated with
different values of k, and the best result was selected using
criteria from Jain [33]. The number of clusters k should be
large enough to represent different patterns. At the same
time, as k increases, the same delay patterns tend to split
into more clusters, and k should remain small enough to
prevent the generation of duplicate clusters. In detail, for
every combination of train category, direction, and clustering
variable (delay or delay change), k was set as the highest
integer that did not generate duplicate clusters. That is, the
univariate distributions of delays, or delay changes, in every
cluster should be different from all the other clusters for
at least one station. Since k is selected independently for
all the mentioned cases, the same set of trains might best
be represented by a different number of clusters when the
algorithm operates on the delay variables or on the delay
change variables. The 𝐿1 distance was used as a clustering
metric between observations, as suggested by Kashima et al.
[34].

K-means clustering was performed on the described
dataset by the commercial softwareMATLAB R2017a, byThe
MathWorks, Inc. Selected results of the method application
are reported in Section 4.1, clustering on either delay profiles
or delay change profiles.
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Figure 2: Resulting clusters in southbound ØK trains,
Nivå–Copenhagen.

4.1. Clustering Results. Figure 2 illustrates the effectiveness
of delay profiles clustering on ØK southbound trains, on
the delay variables. Note, after a stop at Copenhagen central
station, these trains proceed to Sweden. The charts show that
similar delay profiles are grouped together with low variance
around the average centroid of each cluster, highlighting
recurrent patterns. The resulting clusters can be interpreted
as follows:

(1) Cluster 1: it includes trains that are punctual on the
first section of the line but suffer delays approaching

the most congested area of Copenhagen, mainly from
Klampenborg and from Østerport.

(2) Cluster 2: it includes trains that are punctual through-
out the complete journey, which receive delays leaving
from Copenhagen.

(3) Cluster 3: it includes trains that are nearly punctual
or anyway within 5 minutes of delay through the
complete journey and across Copenhagen central
station; from Hellerup, a marginal delay recovery is
visible for these trains.

(4) Cluster 4: it includes the most delayed trains, being
delayed throughout the whole itinerary or it largest
part.

(5) Cluster 5: it includes punctual trains with slightly, but
steadily, increasing delay across stations.

Some clusters present outliers, such as Clusters 2 and 3.
Even though some delay profiles may appear considerably
different from other profiles in the same clusters, these
observations were assigned to the cluster with the closest
centroid. This means that, in selected cases, the delay profiles
are the representation of rather unique events, which may be
neglected after more detailed analysis in the composition of
the individual clusters.

Individual clusters are characterized through the mean
values of the aforementioned measures. The following mea-
sures were computed for each train run to characterize the
individual clusters:

(i) Average, minimum, and maximum delay across sta-
tions

(ii) Range of delays across stations
(iii) Standard deviation of delays recorded across stations
(iv) Initial delay, the delay at first station
(v) Final delay, the delay at the last station
(vi) Overall delay change, difference between final and

initial delay—positive values mean the delay has
increased from first to last station

(vii) Maximum delay change across stations.

Cluster characteristics are summarized in Table 4.

4.2. Comparison with Percentile-Based Approaches on Delay
Profiles. In this section, a comparison is provided between
the pooled data and the clusters on the dataset of delay
profiles. The same percentile representation of delay profiles
is shown, as proposed by Schittenhelm and Richter [1], Peter-
son [4], and van Oort et al. [22]. These authors represented
different percentiles. For the sake of clarity, only the 15th,
50th, and 85th percentiles and the average are displayed in
the following diagrams.

Figure 3 shows the distribution of delays of the entire
dataset of ØK southbound trains. The only pattern visible
is a slight increase in delay towards Copenhagen, more
evident for the more delayed trains, represented by the 85th
percentile. Even though a large portion of punctual trains
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Table 4: Characterization of delay profile clusters and southbound ØK trains, Nivå–Copenhagen.

Cluster Number of
observations

Mean
average
delay
[min]

Mean
STD of
delays
[min]

Mean
initial
delay
[min]

Mean final
delay [min]

Mean min
delay [min]

Mean max
delay [min]

Mean delay
range [min]

Mean max
delay change

[min]

Mean overall
delay change

[min]

(1) 270 2,26 2,78 −0,95 6,14 −1,06 7,72 8,78 4,88 7,09
(2) 418 0,55 1,47 −1,05 4,71 −1,24 5,27 6,52 4,69 5,76
(3) 381 3,09 1,12 1,70 1,80 0,53 4,64 4,11 2,69 0,11
(4) 159 7,65 1,92 4,59 8,03 3,73 10,21 6,47 6,79 3,44
(5) 395 1,92 1,14 −0,28 2,23 −0,47 4,10 4,57 2,25 2,51
Total 1623 2,46 1,57 0,35 3,99 −0,12 5,73 5,85 3,87 3,64

∅K southbound, delay; pooled data
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Figure 3: Delays recorded for ØK southbound trains. 15th per-
centile: dotted;median: solid black; 85th percentile: dashed; average:
solid gray.

was discarded from the dataset, the residual distribution of
delays remains positively skewed, as shown by the average
constantly higher than the median value.

The new information revealed by the clustering algorithm
is provided in Figure 4. In this figure, the individual internal
distributions of delays are compared to the pooled delay
distribution from Figure 3. Figure 4 shows, for each cluster,
the difference between the cluster statistic at each station and
the equivalent pooled statistic from Figure 3.

In Figure 4, the 15th and 85th percentiles and the median
line of the internal cluster delay profiles distributions are
compared to the distribution of pooled delay profiles. The
clusters where the difference of 85th percentile from the
pooled dataset is lower than the difference of the 15th
percentile have tighter distributions of delay profiles com-
pared to the pooled dataset, increasing the significance of
the identified pattern. The local deviation present in the
clusters represents the information hidden in the pooled
dataset, which is instead brought to light by the cluster-
ing.

4.3. Comparison with Percentile-Based Approaches on Delay
Change Profiles. In this section, a comparison is provided
between the pooled data and the clusters on the dataset
of delay change profiles. The same representation of delay
change profiles based on the median is shown, as proposed
by Schittenhelm and Richter [1, 18], supplemented with the
average, that is, the cluster centroid.

Figure 5 shows the delay change profiles of the entire
dataset of ØD northbound trains. A generalized positive
delay change is visible at the last station. The large changes

in delay from location KN I to KK I are linked to the known
deviation in the timestamps at Nørreport.

The differences between the pooled median and average
delay change profile and the same profiles from individual
clusters are represented in Figure 6. In this case, the infor-
mation gained by clustering is more evident. All the clusters
remain similar to the pooled data at most stations, except
few stations, where a large difference is recorded in the delay
change.

Every cluster is characterized by at least one larger delay
change at one station, which would be hidden in the pooled
distribution of delay change profiles. Noticeably, the negative
effect of different delay patterns overlapping is evident forKN
I records. All the clusters deviate negatively from the pooled
data by around 0,5 minutes, except Cluster 2, which deviates
positively by around 1,5 minutes from the pooled profile.This
means that the pooled profile was shifted by one single cluster
to a central value, hiding both the frequent delay recovery and
the specific delay increase from Cluster 2.

4.4. Inference on the Clusters. In this section, results from
clustering of delay profiles and delay change profiles are
investigated to identify relations with cluster characteristics,
using heuristic classification. For the sake of conciseness, only
cluster centroids are reported in Figures 7 and 10, and only
a sample of the results is reported, which is ØD northbound
trains andØK southbound trains. Figure 7 shows results from
clustering delay change profiles for ØD trains to Helsingør.

Clusters can be interpreted as follows:

(1) Cluster 1: regular delay increases at the last three
stations, where trains become unpunctual.

(2) Cluster 2: delay increase arriving at the first stop,
Nørreport.

(3) Cluster 3: trains are considerably delayed arriving at
the final destination, Helsingør.

(4) Cluster 4: trains are without remarkable delay
changes: these trains tend to keep the same delay
throughout the whole journey.

(5) Cluster 5: specific delay increases at Humlebæk
arrival; trains in this cluster show also smaller recov-
ery at Skodsborg arrival, compared to other clusters.
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Figure 4: Differences in the distributions of delays recorded for ØK
southbound trains. Each cluster’s internal distribution is compared
to the pooled distribution. 15th percentile: dotted;median: solid; and
85th percentile: dashed.
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Figure 5: Delay changes recorded for ØD northbound trains.
Median in bright shade and average in dark shade.

(6) Cluster 6: these trains accumulate delays passing the
stations of Hellerup and Klampenborg; on the other
side, compared to other clusters, the average delay
increase at final destination Helsingør is smaller.

Inference on the cluster population shows that some patterns
are specific for selected train services, identified by their
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Figure 6: Delay changes recorded for ØD northbound train, by
clusters. Median in bright shade and average in dark shade.
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Figure 7: Cluster centroids for northboundØD trains: delay change.
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Time
band

Departure
time from

KH

Train
number

Cluster

2 6 4 1 3 5

06:18 4413 18% 25% 14% 14% 18% 11%
06:38 4415 4% 36% 4% 16% 32% 8%
06:58 4417 26% 33% 7% 19% 4% 11%
07:18 4419 6% 22% 8% 31% 8% 25%
15:18 4467 21% 25% 17% 4% 21% 13%
15:38 4469 19% 30% 7% 12% 23% 9%
15:58 4471 44% 16% 16% 4% 8% 12%
16:18 4473 5% 15% 28% 18% 20% 15%
16:38 4475 43% 13% 21% 13% 10% 2%
16:58 4477 20% 15% 39% 9% 2% 15%
17:18 4479 16% 32% 15% 12% 9% 16%
17:38 4481 31% 14% 19% 19% 5% 12%
17:58 4483 46% 14% 14% 6% 10% 10%

Cluster
share 24% 22% 17% 14% 12% 12%

4 
PM

 P
ea

k
2 

A
M

 P
ea

k

Figure 8: NorthboundØD trains. Cluster share by train service ID.The color code compares the individual row’s distributions among clusters
to the overall distribution among clusters reported in the last row. Clusters sorted by size.

Time Type Time band Cluster
2 6 4 1 3 5

6:20–8:20 Peak AM 2 13% 28% 9% 21% 15% 15%
15:20–18:00 Peak PM 4 27% 20% 19% 12% 11% 11%

Cluster
share 24% 22% 17% 14% 12% 12%

Figure 9: Northbound ØD trains. Cluster share by time band. The color code compares the individual row’s distributions among clusters to
the overall distribution among clusters reported in the last row. Clusters sorted by size.

train number. Figure 8 shows how every train service ID is
spread across clusters. In each column, the shade represents
the difference between individual percentages and the cluster
share, where the brightest colors are associated with the
values furthest from the cluster share. Green is positive
difference, that is, larger percentages than the cluster share;
red is negative difference, that is, smaller percentages than the
cluster share.

Delay change profiles in Clusters 1 and 5 represent typical
behavior of service 4419, whereas Cluster 2 is considerably
more frequent in services 4471, 4473, and 4483. Cluster 3 is
more common among services 4415, three times more fre-
quent than the whole population distribution across clusters,
4467, 4469, and 4473, which double the average frequencies.
Cluster 4 is typical for service 4477, and, lastly, Cluster 6
represents a large share of services 4417 and, again, 4415.
Further investigation on other factors may reveal the causes
that rule the train services’ cluster membership.

The analysis of Figure 8 shows the existence of a relation
between train IDs in a specific time band and cluster
membership.This is shown in detail in Figure 9, where cluster
membership is aggregated in time bands. The same color
coding as Figure 8 is applied.

The timetable is divided into time bands according to the
overall service frequency on the line, so that time bands 2

and 4 are the AM and PM peak periods, respectively, when
9 trains/h per direction are operated. Time bands 1, 3, and
5 are the remaining off-peak periods, when ØD trains are
not operated, so only 6 trains/h occupy the line in each
direction, allowing for larger headway buffers between trains.
At the same time, smaller congestion is expected, in off-
peak periods, both on the train traffic and on the number of
passengers to board or alight at the stations.

In this case, morning peak shows recurrent delay patterns
presented by Clusters 1 and 6, whereas patterns represented
by Clusters 2 and 4 are rare in this time band. Oppositely, the
distribution of trains in the PM peak hour is similar to the
overall distribution.

Further inference on the clusters of ØD northbound
trains might highlight interferences from other trains.
Lokaltog trains run mostly on a network independent of
Banedanmark's and share with ØD and ØP trains the line
section between Snekkersten andHelsingør. ØD northbound
trains are scheduled at a short headway after Lokaltog trains
from Snekkersten to Helsingør. The analysis of timestamps
from Lokaltog trains on this section and of the realized
headways between Lokaltog and ØD northbound trains
might suggest that Clusters 1 and 3, which increase the delay
near Helsingør, are actually the result of delay propagation
from Lokaltog trains to ØD trains.
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Figure 10: Cluster centroids for southbound ØK trains: delay
change.

The clustering results from other service categories, with
different stopping patterns, can be related to the time periods
of the day. For example, ØK southbound trains are reported
in Figures 10 and 11.

Figure 10 represents the centroids of resulting clusters in
train category ØK southbound, according to delay change.
Besides, the distribution of trains across clusters is summa-
rized in Figure 11, disaggregated by time bands, highlighted
in the same color code as Figures 8 and 9. Note that
the number of clusters in the delay change profiles of ØK
southbound trains is different from the number of clusters
in delay profiles. This is not necessarily inconsistent, as the
two variables express different aspects of the development
of delays. In this case, the cluster share by time band
explains the nature of two clusters. In particular, Cluster 1
is considerably more frequent in the PM peak hour, whereas
Cluster 2 is more typical of trains in the AM peak hour. This
result can be reasonably interpreted as delays generated by
passenger congestion. In fact, delay increases in the PM peak
hour appear at departures from Copenhagen, where a large
number of passengers leave towards Sweden.On the contrary,
Cluster 2 represents delays increases collected across stations
towards Copenhagen and a delay recovery departing from
Copenhagen, where fewer passengers are expected to board.
The cluster share for Clusters 3 to 6 is comparable with
the overall distribution across different time bands, so these
delay patterns cannot directly be associated with time of the
day. Further research may reveal factors that rule the cluster
membership for these clusters.

More disaggregated analysis of cluster composition
according to train number, or service ID, is in accordance
with aggregated time bands. This is valuable especially
for time band 3, which is the most populated time band
according to the timetable. Figure 12 shows that even if the
overall distribution of trains in time band 3 across clusters is
very similar to the overall distribution, specific train services
present different typical delay patterns. In this case, further

analysis of train service characteristics should indicate a
better disaggregation of train services in a specific time band.
The same color code as in tables in Figures 8, 9, and 11 is
applied in Figure 12.

Even though recurrent patterns are also clear in the delay
profiles dataset, the results could not be explained by the
available variables. Further research might identify relations
that guide the clustering of delay profiles on this line, such
as realized headways, weather conditions, passenger counts,
and recorded delay causes.

5. Discussion

The clustering method proposed in this paper finds it
strengths in being automatic, unbiased, flexible, and simple. A
comparison tomethods presented in the literature is provided
in this section. Previous approaches [1, 4, 18, 19, 21, 22]
extracted information from delay profiles mainly through
observation, occasionally combined with multiple univariate
statistical analyses and observation ranking. In most studies,
the complete dataset was plotted in the form of delay
profiles, and the identification of frequent patterns among the
observations relied on the observer’s ability. Visual inspection
is typically affected by subjective interpretation, which can
differ across analysts, and suffers from low effectiveness
of naked eye to average data represented graphically. In
some studies, supporting measures were plotted with the
full dataset, such as average profile, median, and selected
percentiles to represent the distributions.

The application of these measures as multiple univariate
distributions, though, does not catch the interdependen-
cies of delays at different stations and does not provide
information about the development of delays along the
train journey. The method proposed in this paper allows
automatic identification of delay patterns, removing, thus,
the influence of subjective interpretation of delay profiles.
Furthermore, profile clustering allows the identification of
similar delay profiles in the entire pool of records. Note
that even though the clustered delay profiles were plotted
in this paper, the observation of the profiles did not play a
role in the identification of similarities. This exact process
is indeed performed by the clustering algorithm, and the
results are then plotted for an easier comprehension of
the development of delays in the individual clusters. The
metrics provided as 15th, 50th, and 85th percentile would
be sufficient to describe the distributions within individual
clusters and might be used in replacement of the cluster
plots.

Compared to big data techniques proposed in the liter-
ature for other purposes in analysis of transport operation
[11, 23, 24, 32], thismethod relies on readily available data and
does not need detailed knowledge on the infrastructure and
occupation of individual blocking sections. It can therefore
be scaled to different levels of detail or transferred to other
modes of transportation where delay can be measured at
fixed points on a given path, such as bus networks or air
traffic. It is a very common practice of transport opera-
tors to provide live data on delays recorded on their own
network, which can be recorded accessing public websites.
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Start
time Type Time band Cluster

2 4 1 5 3 6
04:30 Off-peak 1 35% 30% 15% 12% 3% 5%
06:20 Peak AM 2 49% 26% 10% 11% 1% 3%
08:20 Off-peak 3 39% 29% 13% 13% 3% 3%
15:20 Peak PM 4 30% 26% 24% 9% 9% 2%
18:00 Off-peak 5 40% 29% 18% 9% 3% 1%

Cluster share 40% 28% 15% 12% 3% 2%

Figure 11: Southbound ØK trains. Cluster share by time band. The color code compares the individual row’s distributions among clusters to
the overall distribution among clusters reported in the last row. Clusters sorted by size.

Time
band

Departure
time from NI

Train
number

Cluster
2 4 1 5 3 6

1
06:01 1314 38% 20% 23% 13% 3% 5%
06:21 1316 32% 44% 8% 8% 4% 4%
06:41 1318 33% 33% 10% 14% 5% 5%

2

07:01 1320 59% 12% 12% 15% 0% 2%
07:21 1322 50% 29% 13% 4% 0% 4%
07:41 1324 51% 31% 10% 5% 0% 3%
08:01 1326 41% 32% 14% 11% 2% 2%
08:21 1328 53% 18% 0% 22% 2% 5%
08:41 1330 42% 33% 14% 3% 3% 6%
09:01 1332 43% 30% 4% 20% 0% 4%
09:21 1334 39% 32% 16% 13% 0% 0%
09:41 1336 41% 24% 15% 17% 0% 2%
10:01 1338 24% 24% 27% 16% 5% 3%
10:21 1340 31% 39% 19% 3% 0% 8%
10:41 1342 57% 14% 11% 14% 0% 5%
11:01 1344 45% 24% 12% 15% 0% 3%
11:21 1346 40% 47% 10% 3% 0% 0%
11:41 1348 53% 35% 7% 5% 0% 0%

3

12:01 1350 26% 29% 21% 15% 3% 6%
12:21 1352 47% 32% 8% 8% 0% 5%
12:41 1354 38% 16% 28% 16% 0% 3%
13:01 1356 46% 19% 15% 8% 8% 4%
13:21 1358 50% 31% 15% 0% 4% 0%
13:41 1360 59% 24% 7% 3% 7% 0%
14:01 1362 29% 34% 17% 17% 3% 0%
14:21 1364 44% 32% 12% 4% 8% 0%
14:41 1366 37% 37% 10% 15% 2% 0%
15:01 1368 24% 24% 16% 30% 4% 1%
15:21 1370 43% 25% 6% 14% 10% 2%
15:41 1372 35% 41% 5% 11% 5% 3%
16:01 1374 36% 21% 17% 17% 8% 2%
16:21 1376 36% 33% 14% 6% 6% 6%

4
16:41 1378 37% 27% 22% 7% 5% 2%
17:01 1380 19% 29% 29% 13% 6% 3%
17:21 1382 39% 18% 18% 5% 18% 0%

5

17:41 1384 45% 29% 23% 3% 0% 0%
18:01 1386 18% 43% 30% 8% 3% 0%
18:21 1388 47% 28% 16% 9% 0% 0%
18:41 1390 40% 24% 16% 12% 4% 4%
19:01 1392 58% 15% 13% 15% 0% 0%
19:21 1394 34% 31% 17% 10% 7% 0%
19:41 1396 48% 26% 7% 7% 11% 0%
20:01 1398 31% 38% 22% 6% 0% 3%

Cluster
share 40% 28% 15% 12% 3% 2%

Figure 12: Southbound ØK trains. Cluster share by service ID.The color code compares the individual row’s distributions among clusters to
the overall distribution among clusters reported in the last row. Clusters sorted by size.
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Furthermore, the partition of operation into recurrent delay
patterns allows inference on individual clusters, which is not
possible with association or succession rules [25–27]. These
methods do not provide causality connection and can only
be used to compare scenarios, for example, before and after
delay mitigation countermeasures have been implemented.
Results from clustering can be inferred with other mining
techniques to identify further connections between specific
system factors and delay membership, so that the causes of
specific delays can be identified, and the effects of corrective
actions can be estimated beforehand.

Alongside flexibility, the strength of this method resides
in its simplicity. Unsupervised learning methods, such as
clustering, aim at the identification of internal structures of
the system. Supervised learningmethods, in contrast, attempt
to predict results, based on assumed connections in the
input. For these reasons, neural networks [28, 30], Bayesian
networks [29], and supporting vector regressionmethods [31]
require initial assumptions on the factors that have direct
effect on the desired output, which can be cumbersome to
identify and could be hidden. The clustering method pro-
posed here does not require initial assumptions, so any recur-
rent delay pattern can be identified. In particular, the k-means
algorithm was selected, being the most common algorithm
for partitional clustering. Even though several clustering
methods and algorithms exist in the literature, none of them
is clearly preferred to the others [33]. It is important to stress
the fact that the output of clustering algorithms only suggests
hypotheses and that the interpretation of results plays a
more relevant role than seeking the best clustering principle.
However, further research might improve the method. For
example, a different choice of the clustering statistic between
observationsmight be explored. In addition, the choice of the
parameter kmight be supported by advanced techniques and
metrics. In this paper, k was set through statistical analysis of
the associated clusters, but further studies might reveal more
efficient methods integrated in the clustering algorithm itself.
Lastly, the clustering results might depend on the punctuality
threshold selected to filter out punctual trains, if applied.

The relations found in inference from resulting clusters
can, eventually, be considered and implemented in the
mentioned supervised data mining methods. The use of
other sources of information can be further investigated,
for example, the rolling stock equipment deployed or infor-
mation on delay causes collected by train dispatchers. The
clustering algorithm itself cannot provide information on
the causes of delays, but relevant relationships with external
variables might be found through the inference on the
clusters. The implementation of information recorded by
the dispatchers on primary and secondary delays could
support the identification of delay propagation. However,
previous studies in Europe highlighted the unreliability of
such manually recorded data [11, 12]. These procedures are
different for each infrastructure manager and should comply
with different national regulations. This input should be
analyzed in detail before being implemented in the infer-
ence on clusters. The timestamps might be integrated with
data from other railway undertakings, so that the realized
headways could be investigated and included in the cluster

inferences. The effects of delay propagation might be thus
investigated and the dispatching strategies possibly improved.
Passenger counts or boarding/alighting timings could also
reveal that specific localized delay increases are linked to
passenger exchange and might suggest modifications in the
scheduled dwelling times. Useful information from the rail-
way undertakingsmight include differences between planned
and realized train compositions or the use of energy saving
strategies. Driving support systems are spreading among
train operators to reduce the energy consumption and thus
the operating cost, especially for diesel-powered railways.The
effects of such systematic patterns in the driving style are, in
any event, expected to emerge in the clustering algorithm,
especially with more detailed data in the positioning. Further
development of this method might expand its application
to other industrial processes or other transportation modes.
The service timekeeping could be measured at designated
checkpoints, to build standard delay profiles and delay change
profiles.

6. Conclusions

In this paper, a new method is presented to analyze railway
operations, based on big data techniques. Previous studies
highlighted the need for tools to analyze railway operation
based on data from automatic data collection sources and to
automatically detect delay patterns [1]. K-means clustering
is here applied to train delay records from automatic train
detection systems to identify systematic delays, rearranged
in delay profiles and delay change profiles. This method is
automatic, unbiased, flexible, and simple.

Both institutions and industry are showing great interest
in big data applications [2]. The method described in this
paper provides a managerial tool to identify recurrent delay
patterns that affect the service reliability. A localized analysis
with additional information supports the identification of the
causes of individual patterns, so that specific countermea-
sures can be designed. For example, dispatching strategies
might be modified when a structural conflict is detected; the
boarding and alighting process might be improved at stations
where delay increases recurrently. If the causes of recurrent
delays are identified in frequent conflicts, smallmodifications
to the timetable slack might be a solution to reduce delay
propagation.

The effectiveness of this approach is demonstrated in an
application on a Danish regional railway line.The application
shows that it is possible to identify systematic delays at spe-
cific stations in a congested area and to identify different delay
patterns. Furthermore, delay patterns can be conveniently
associated with specific time periods of the day, showing time
dependency, reasonably explained by the prevailing passen-
ger flowdirection. Specific delay patterns are demonstrated to
be characteristic of individual train service IDs, which could
depend on other service characteristics, such as structural
conflicts with other trains in specific sections of the line, use
of specific rolling stock equipment, or connections to other
transport services. The implementation of other sources of
informationmight improve the inference on the clusters, such
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as weather conditions, passenger counts, information from
the dispatchers, or rolling stock characteristics.

Further development of this method might improve the
selection of the number of clusters, identify new clustering
metrics between observations, or integrate additional sources
of information to improve the inference on clusters.
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Energy-efficient metro operation has received increasing attention because of the energy cost and environmental concerns. This
paper developed an integrated optimization model on train control and timetable to minimize the net energy consumption. The
extents of train motoring and braking as well as timetable configurations such as train headway and interstation runtime are
optimized to minimize the net energy consumption with consideration of utilizing regenerative energy. An improved model on
train control is proposed to reduce traction energy by allowing coasting on downhill slopes as much as possible. Variations of train
mass due to the change of onboard passengers are taken into account.The brute force algorithm is applied to attain energy-efficient
speed profiles and anNS-GSA algorithm is designed to attain the optimal extents ofmotoring/braking and timetable configurations.
Case studies on Beijing Metro Line 5 illustrate that the improved train control approach can save traction energy consumption by
20% in the sections with steep downhill slopes, in comparison with the commonly adopted train control sequence in timetable
optimization. Moreover, the integrated model is able to significantly prolong the overlapping time between motoring and braking
trains, and the net energy consumption is accordingly reduced by 4.97%.

1. Introduction

Metro systems develop rapidly across the world because of
their high reliability and large capacity. For example, the total
length of metro lines in mainland China was only about
1500 km in 2010 and more than 3700 km in 2016 and is
expected to reach 6000 km by 2020. Although the metro is
one of the most energy-efficient transport means, the long
operating mileage and high traffic volume make the total
energy consumption of metro systems become significant.
Metro operators are facing more pressure to save energy
due to increasing environmental concerns and operational
costs. Energy-efficient train control and service timetable
optimization are preferred to reduce metro train energy
consumption in existing urban rail systems, as significant
energy saving could be achieved with relatively low capital
investment and minor modifications [1].

Energy-efficient train control (EETC) has been widely
applied to real-world train operation since the 1980s. It aims

to find the optimal sequence of train control modes and the
switching points among the modes. Ichikawa [2] pointed out
that energy-efficient train control on level tracks includes
maximum acceleration (MA), cruising (CR), coasting (CO),
and maximum braking (MB). Strobel et al. [3] found that
it is also applicable to trains running in downhill and
uphill sections with small slopes, where partial motoring
and braking might be implemented to maintain cruising.
Milroy [4] concluded that cruising is not necessarily required
in short interstation runs. Subsequently, Benjamin et al. [5]
and Howlett et al. [6] demonstrated that coasting presents
opportunities for energy saving especially in long interstation
runs. Khmelnitsky [7] researched the optimal operation of
a train on a variable grade profile subject to arbitrary speed
restrictions and presented a numerical algorithm to find the
optimal velocity profile. Liu and Golovitcher [8] gave the
analytical solution of optimal control and equations to find
the control change points; speed limit and steep gradients are
taken into account. Dongen and Schuit [9] and Scheepmaker
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and Goverde [10] proposed two models to find the optimal
cruising speed and the proper coasting location to minimize
energy consumption for train interstation runs.

In recent years, Howlett et al. [11] proposed energy-
efficient control approaches for freight trains on steep tracks.
Their survey indicated that coasting before a steep downhill
section is very important for energy saving. Bai et al. [12]
found that up to 9% of the energy consumption for train
interstation runs could be saved by applying coasting as
much as possible before braking. Domı́nguez et al. [13]
and Carvajal-Carreño et al. [14] presented approaches to
attain the optimal schemes of the ATO speed profile to
obtain the Pareto front between train runtime and energy
consumption. Sicre et al. [15] considered a specific model
for energy-efficient manual driving in high speed lines by
means of fuzzy parameters; uncertainty in manual control
and punctuality requirement are taken into account. Keskin
and Karamancioglu [16] attached more importance to train
mass and compared the effectiveness of different evolutionary
algorithms in attaining solutions for energy-efficient train
control. Shangguan et al. [17] developed a multiobjective
optimization approach for single-train speed trajectory.

Energy-efficient train timetabling (EETT) aims to reduce
the net energy consumption of metro lines via optimizing the
timetable configurations, such as the distribution of runtime
supplements among different interstations, dwell time at
stations, and train headways. Albrecht and Oettich [18]
applied dynamic programming to find the optimal timetable
considering both train energy consumption and passenger
waiting time. Sicre et al. [19] attained the Pareto curves of
journey time and energy consumption for high speed train
interstation itinerary and then optimized the distribution of
runtime supplements among different interstations. Chevrier
et al. [20] proposed a biobjective evolutionary algorithm to
attain speed profiles for train interstation runs in which run-
time and energy consumption were optimized concurrently.

EETT has become more popular in recent years with
the application of regenerative braking [21], which is able to
convert kinetic energy into electricity during train braking.
Regenerative electricity could provide up to 40% of the
energy supplied to trains [22]. The regenerative energy is
firstly used to support onboard auxiliary devices of the
braking train and then fed back into the overhead contact line
to assist motoring and auxiliary equipment of other trains in
the same power supply interval (PSI). If the feedback energy
cannot be used in time, it will be consumed by protective
resistor, as most metro systems have not installed energy
storage devices. The motoring and braking trains could be
synchronized for better utilization of regenerative energy by
optimizing timetable configurations, which determine train
motoring and braking timing when the train departs from
and approaches stations. Albrecht [23] explored the optimal
allocation of runtime supplement for train interstation runs,
to minimize the net energy consumption and reduce the
maximal load of power systems. Yang et al. [24] built a model
to maximize the overlapping time between the motoring and
braking of successive trains by regulating train headway and
dwell time. Further, Yang et al. [25] and Le et al. [26] proposed
models to maximize the utilization of regenerative braking

energy (RBE) as well. Peña-Alcaraz et al. [27] designed
a mathematical programming model to synchronize the
braking of trains arriving at station with the acceleration of
trains exiting from the same or another station.

More energy saving could be achieved by integrated
optimization on train timetable and control scheme. Ding et
al. [28] proposed a two-level optimization model to find the
energy-efficient train trajectory as well as the distribution of
runtime supplements to minimize the traction energy with-
out changing the predefined journey time. Su et al. [29, 30]
developed an integrated optimization model, consisting of
both train control and timetable formulation, tominimize the
total energy consumption of multiple trains. Yang et al. [31]
developed a stochastic programmingmodel for the integrated
optimization on train timetable and speed profile, where train
mass in each interstation was set as a stochastic variable with
a given probability distribution. Li and Lo [32] developed an
integrated model on train control and timetable formulation
to minimize the net energy consumption, where regenerative
braking was taken into account. Zhao et al. [33] presented
an integrated optimization model on train trajectory and
timetable to reduce the net energy consumption and peak
power of substations; the effectiveness of the proposedmodel
was verified by a multiple-train movement simulator.

Many previous researches have explored the integrated
optimization of train operation for energy saving, including
both train control and timetabling, especially for the metro
lines where RBE is available. In these studies, the maximum
traction and braking force are commonly applied in train
control. However, partial traction and braking when trains
depart from and approach stations are able to improve the
utilization of regenerative energy via prolonging trainmotor-
ing and braking time, at the expense of a slight increment of
traction energy consumption. Moreover, the EETC applied
in EETT is usually based on the control sequence of MA-
CR-CO-MB. Howlett et al. [11] proved that CR-CO-CR saves
more energy than the control scheme of only CR when the
train runs on steep downhill slopes. Liu and Golovitcher [8]
also presented an equation to derive the conditions where
different control modes should be applied with consideration
of steep downhill slopes. Nevertheless, these improved train
control strategies have not been employed in energy-efficient
timetable optimization problems.

In this paper, an integrated optimization model on train
control and timetable is developed to minimize the system
net energy consumption, considering both traction energy
reduction and utilization of regenerative braking energy.
Synchronization of motoring and braking trains to better use
the regenerative braking energy is realized by optimizing the
extents of train motoring and braking as well as timetable
configurations including headway and scheduled interstation
runtime. An improved train control model allowing coasting
on downhill slopes as much as possible is proposed to
further reduce traction energy consumption compared with
the simple control sequence of MA-CR-CO-MB, which is
commonly adopted in previous energy-efficient timetabling
studies. The proposed model takes into account the practical
operation conditions such as varied train mass in different
interstations, power peak of traction power supply system,
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Table 1: Literature on energy-efficient timetabling with RBE.

Publication Objective(s) Variables Speed profile Mechanical
braking

Power
peak

Auxiliary
devices

Varied
mass

Albrecht (2004) Power peak + energy
consumption Trip time MA-CO-MB √

Peña-Alcaraz et al.
(2011) Overlapping time Arrival & departure time √ √
Li and Lo Hong
(2014)

Net energy
consumption

Speed profile, headway,
arrival & departure time MA-CO-MB

Yang et al. (2015) Net energy
consumption Dwell time MA-CO-MB √

Yang et al. (2016) Traction energy Speed profile, arrival &
departure time MA-CO-MB √

Su et al. (2016) Traction energy Varied train
characteristic MA-CO-MB √ √ √ √

Zhao et al. (2017) Substation energy
consumption

Speed profile,
interstation journey
time, service intervals

MA-CO-MB √
This paper Net energy

consumption
Speed profile, headway,
interstation runtime MA-[CO-CR]𝑛-MB √ √ √ √

Speed

Distance

Speed Limit

Previous trajectory
Improved trajectory

MA CR CO MB

MA CR CO CR CO

Previous control modes

MB

Steep decline
Gradient

Improved control modes

Figure 1: The improvements of the energy-efficient train control strategy.

and application of mechanical braking when the train adopts
brakes at a very high speed. Table 1 gives a comparison
between this study and the existing literatures.

The rest of this paper is organized as follows. In Section 2,
an improved model on energy-efficient train control is
presented. In Section 3, the integrated optimization model
taking into account energy-efficient train control is developed
to minimize the net energy consumption of a whole metro
line. In Section 4, the brute force algorithm and an NS-GSA
algorithm are presented to attain the optimal train trajectory
and timetable, respectively. In Section 5, case studies on
Beijing Metro Line 5 are conducted to verify the effectiveness
of the proposed approach. Conclusions are provided in
Section 6.

2. Energy-Efficient Train Control

There is usuallymore than one control scheme to drive a train
from one station to the next even with the same runtime.The
energy-efficient train control is to find the optimal control
scheme leading to the minimal traction energy consumption
while the scheduled runtime and speed limits are respected.
Most previous studies proposed that the energy-efficient train
control consists of the following four successive modes (i.e.,
MA, CR, CO, andMB) in the interstationwith constant speed
limit and no steep slopes, as illustrated by the dashed line in
Figure 1.

With such a control, the train adoptsmaximummotoring
followed by cruising at a constant speed and then coasting
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Figure 2: Improved energy-efficient train control scheme.

till braking for station stops. However, trains must brake to
keep the speed constant in steep downhills, which is not
preferred to minimize traction energy. The train could start
cruising earlier and then adopt coasting on downhill slopes,
followed by employing cruising and coasting again before
stop braking, as illustrated by the solid line in Figure 1. As
such, the energy consumption of the train interstation run
could be saved, as the time for MA in the new trajectory is
shortened while the interstation runtime remains the same.
To this end, an improved model on train control is proposed
to reduce the traction energy consumption by taking the full
advantage of potential energy in downhill tracks, with the
assumption that there is no change of speed limit in the whole
interstation run.

2.1. Objective Function. The train adopts MA and MB in
accelerating from and approaching stations in the proposed
train control model, while the pairs of CR and CO are
implemented in the interstation runs, as shown in Figure 2.
It should be noted that Figure 2 is a sketch and switching
points among different control modes might not be precise.
With the proposed model, train control scheme is based
on MA-[CR-CO]𝑛-MB and the positive integer 𝑛 represents
the number of CR and CO in one interstation journey. 𝑛 is
equal to 1 in most cases and the control scheme is MA-CR-
CO-MB, which is the same as that attained by the previous
model. 𝑛 might be greater than 1 when the train is running
on steep downhill tracks. Therefore, the proposed model is a
supplement to previous work and it could contribute toward
energy saving in the interstations with steep downhill profiles
since more coasting is allowed.

The decision variables in the improved model are two
switching points during one interstation run. The first point
is the location where the first CR is applied, that is, 𝑥cr. The
second point is the location where the first CO is applied,
that is, 𝑥co. The other switching locations could be obtained
once the decision variables are known. For example, the
location to start the second CR is where the train reaches
the speed limit. The train continues CR till it leaves the steep
downhill slopes and CO is implemented again when the train
does not accelerate with no traction power. The location to

start applying MB, which is denoted by xbr, depends on the
intersection point of coasting and braking profiles before the
station stop. The objective function of the proposed model
is to minimize the traction energy consumption for one
interstation run, which is described as

min 𝐸trac (𝑥cr, 𝑥co) = ∑𝑋𝑥=0max (F (V, 𝑥) , 0)
3600 ⋅ 𝜂1 , (1)

where Etrac is traction energy consumption with the given xcr
and xco which are decision variables in EETT; 𝜂1 is the energy
conversion efficiency factor from electrical to mechanical
energy; 𝑋 is the length of one interstation; the units for
distance, force, power, energy, and time are defined as m, kN,
kW, kWh, and s in this paper; F(V, 𝑥) stands for the output
force acting upon the train given by ATO. A positive value of
F(V, 𝑥) denotes that the train is motoring. Zero indicates that
the train is coasting and a negative value represents braking.

Traction force and braking force are expressed as a vector
force that can be described as

F (V, 𝑥) =
{{{{{{{{{{{{{{{

𝐹tr (V, 𝑥) 0 ≤ 𝑥 ≤ 𝑥cr
𝐹cr (V, 𝑥) 𝑥cr < 𝑥 ≤ 𝑥co
𝜑 ⋅ 𝐹cr (V, 𝑥) 𝑥co < 𝑥 ≤ 𝑥br
−𝐹br (V, 𝑥) 𝑥br < 𝑥 ≤ 𝑋,

(2)

where F(V, 𝑥) is a vector force which is greater than 0 in
traction mode or less than 0 in braking mode; 𝐹tr(V, 𝑥) is
the maximum available traction force according to motor
characteristic;𝐹cr(V, 𝑥) is the force to keep cruising at position𝑥; 𝐹br(V, 𝑥) is the maximum available braking force; 𝜑 is a
binary variable with no unit.𝜑 = 0 indicates that the train control mode is CO, while𝜑 = 1 stands for the case in which the control mode is CR.
For example, coasting is implemented when the train arrives
at 𝑥co and 𝜑 is thus set as 0. When train speed increased
to the limit, CR will be implemented again and 𝜑 becomes
1. Then resistance force 𝐹𝑅 is used to decide the following
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control regimes. 𝜑 can be therefore attained by the following
equation:

𝜑 (𝑥)
= {{{

0 (Vlim (𝑥) − V (𝑥)) + 𝜑 (𝑥 − Δ𝑥) ⋅ 𝐹𝑅 (V, 𝑥) > 0
1 (Vlim (𝑥) − V (𝑥)) + 𝜑 (𝑥 − Δ𝑥) ⋅ 𝐹𝑅 (V, 𝑥) ≤ 0,

(3)

where Vlim(𝑥) and v(x) are speed limit and train speed at
position 𝑥, respectively. 𝜑(𝑥−Δ𝑥) represents the train control
mode in the previous distance step, where Δ𝑥 represents
the length of distance step. 𝐹𝑅(V, 𝑥) is resultant resistance,
consisting of friction resistance, air drag, and additional
resistance caused by grades and curves.

Figure 3 demonstrates the possible transitions among
different control modes. At the beginning stage, MA should
be applied till the location where the train starts cruising,
which is the first decision variable xcr. In the mode of CR, the
effort acting upon the train by ATO is equal to the resistance
to keep train speed constant. Train continues its travel at a
constant speed till it reaches the location to start CO, which is
the second decision variable xco. The following driving mode
depends on train speed and running resistance according to
(3). If train speed V(𝑥) does not exceed the speed limit Vlim(𝑥),
coasting phase will be continued. If train speed exceeds the
limit, cruising phase will be adopted again. The coasting
will be applied again only when the resultant resistance is
positive, which indicates train speed decreases when coasting
is applied. Finally, MB is applied before the station stop and
the braking curve is attained by backward calculation from
the target stop point using the maximum available braking
effort.

According to the characteristics of train motor, the trac-
tion force varies with train speed. WhenMA is applied, there
are three traction force curves to be chosen automatically
in response to three train weights, as shown in Figure 4(a).
When the train is empty, the traction force curve of AW0,
which is the lowest one among all the three curves, is chosen
because the train does not need too much traction force for
acceleration. In case the number of passengers on the train
is equal to the nominal capacity, the traction force curve of
AW1 is adopted to allow a bigger acceleration rate than that of
AW0. The traction force curve of AW2, which is the highest
one, is selected when the train carries the most passengers.

For the circumstances in which the actual train weight is not
equal to one of the three weights above, the traction force is
calculated as follows.

Firstly, we need to calculate train mass to obtain the
available traction force.

𝑚(𝑥) = 𝑀train + 𝜇 ⋅ 𝜏 (𝑛) , (4)
wherem(x) is the actual train mass;Mtrain is the rolling stock
mass; 𝜏(n) is the number of passengers on the train in the
interstation of 𝑛; 𝜇 is the average mass of a person.

Secondly, linear interpolation is used to attain the practi-
cal traction force, as shown in
𝐹tr (V, 𝑥)

= {{{{{{{
𝐹0 (V) + (𝐹1 (V) − 𝐹0 (V)) ⋅ 𝑚 (𝑥) −𝑀0𝑀1 −𝑀0 𝑀0 ≤ 𝑚 (𝑥) < 𝑀
𝐹1 (V) + (𝐹2 (V) − 𝐹1 (V)) ⋅ 𝑚 (𝑥) −𝑀1𝑀2 −𝑀1 𝑀1 ≤ 𝑚 (𝑥) ≤ 𝑀2,

(5)

where 𝑀0, 𝑀1, and 𝑀2 represent train masses when the
train is empty, nominally loaded, and maximum loaded,
respectively;𝐹0(V),𝐹1(V), and𝐹2(V) indicate the traction force
in the above three circumstances.

Train mass also has impacts on train braking force.There
are usually three different braking force curves corresponding
to three different load factors, that is, AW0-AW1-AW2. The
braking force under different load factors can be calculated
similarly. However, the braking force usually keeps constant
when train speed varies [34–36]. It should be noted that
the practical braking force (𝐹br) is the combination of both
mechanical braking and regenerative braking. Figure 4(b)
shows the components of braking force, taking the case of
AW1 as an example. Regenerative braking force (𝐹eb) declines
gradually when train speed becomes very large or very small,
and mechanical braking (𝐹mech) is applied to compensate the
shortage of braking force.

As the traction force 𝐹tr(V, 𝑥) and braking force 𝐹br(V, 𝑥)
are obtained, the traction energy consumption can be calcu-
lated by (1) and (2) oncewe obtained the value of𝐹cr(V, 𝑥).The
resultant force 𝐹(V, 𝑥) acting upon the train can be calculated
as

𝐹 (V, 𝑥) = F (V, 𝑥) − 𝐹𝑅 (V, 𝑥)
𝐹𝑅 (V, 𝑥) = 𝑅basic (V) + 𝑅grad (𝑥) + 𝑅𝑐 (𝑥) , (6)

where 𝑅basic(V) = 𝑎 + 𝑏V + 𝑐V2 and the coefficients of 𝑎, 𝑏, and𝑐 are usually given by rolling stock manufacturers; 𝑅grad(𝑥) is
the resistance caused by the gradient; Rc(𝑥) is the resistance
caused by the curve.

When cruising is applied, the resultant force 𝐹(V, 𝑥)
should be equal to zero; then, 𝐹cr(V, 𝑥) can be obtained based
on Newton’s law of motion:

𝐹cr (V, 𝑥) = 𝐹𝑅 (V, 𝑥)
= 𝑚 (𝑥) 𝑔 ⋅ [(𝑎 + 𝑏V + 𝑐V2) + sin 𝜃𝑥 + 600𝑟𝑥 ] ,

(7)

where 𝑔 is gravitational acceleration; 𝜃𝑥 is the angle of slope
(negative means downhill); rx is the radius of the curve at
location 𝑥.
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2.2. Constraints. Train control schemes should be subject to
the following constraints.

(1) For operational safety and passenger comfort, the
acceleration should be limited within a proper range:

𝑎dec ≤ 𝑑V (𝑥)𝑑𝑡 ≤ 𝑎acc. (8)

(2) The train must stop when it arrives at a station:

V (𝑥𝑛) = 0, ∀𝑛 ∈ [1, 2𝑁] . (9)

(3) Train velocity must not exceed the speed limit or be
negative:

0 ≤ V (𝑥) ≤ Vlim (𝑥) . (10)

(4) The error between practical runtime and scheduled
runtime should be less than a certain threshold. In this paper,
we set this threshold as 𝛿 = 0.5:RT𝑛 −

𝑥𝑛+1∑
𝑥=𝑥𝑛

Δ𝑥
V (𝑥)

 ≤ 𝛿, (11)

whereRT𝑛 is the scheduled runtime in interstation 𝑛;𝑥𝑛 refers
to the location of station 𝑛.

(5) This constraint aims to calculate regenerated braking
energy for timetable optimization in Section 3. As a matter of
fact, regenerative braking force varies with train speed as well
as load factor, and it will be entirely replaced by mechanical
braking when train speed is lower than veb-mb.

𝐹eb (V, 𝑥) = {{{
min (𝐹eb (V, 𝑥) , 𝐹br) , V ≥ Veb-mb

0, V < Veb-mb.
(12)

3. Integrated Optimization Model on Train
Control and Timetable

With the application of regenerative braking, synchroniza-
tion of motoring and braking trains in the same PSI for better
utilization of regenerative energy becomes very important in
minimizing the net energy consumption of metro lines, since
the regenerative energy can provide a significant proportion
of the total energy fed into rolling stocks. Train control also
has a great influence on timetable optimization, as different
control schemes lead to different energy consumption even
when the interstation runtime remains the same.

An integrated model on train control and timetable
optimization is proposed in this section to minimize the net
energy consumption, taking into account the improved train
control model described in Section 2. Train headway and
interstation runtimes are optimized to improve the utilization
of RBE as well as reduce the traction energy consumption
by allocating the runtime supplements properly. In addition,
power control system could be modified to constrain the
output of traction and braking force when trains depart from
and approach stations, which is able to enlarge the space
for synchronization of motoring and braking trains via pro-
longing train motoring and braking time, although traction
energy consumption increases slightly. Different from the
previous studies, the new integrated model allows the train
to adopt partial motoring and braking in accelerating from
and approaching stations.

Figure 5 illustrates the influences on energy consumption
by train headway, interstation runtime, and percentages of
the full traction and braking force applied in train control.
The motoring of train B and the braking of train A could be



Journal of Advanced Transportation 7

Lo
ca

tio
n

RBE is wasted

Time

Heavy load for substation

Optimization

Train A Train B

Lo
ca

tio
n

Time

Train A Train B

Synchronized

Fixed dwell time

Various headways/running time
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synchronized by regulating train headway and interstation
runtime; therefore, the regenerated energy produced by
braking train A can be transferred to and utilized by traction
train B. As a result, net energy consumption is reduced
because the energy used in the accelerating phase of train
B is provided by the regenerative braking of train A. The
overlapping time, which means the time slot in which a train
adopts regenerative braking while there is at least one train
motoring in the same PSI, is further extended using partial
traction and braking force.

Net energy consumption could be saved due to the
much higher utilization of RBE, although the traction energy
consumption may increase slightly. It should be pointed
out that dwell time is not allowed to be changed in the
integrated optimization model because it usually depends on
the number of passengers getting on and off the train.

3.1. Objective Function. In this study, the whole problem
of energy-efficient train operation is decomposed into train
trajectory formulation and timetable optimization, which are
successively processed. Firstly, train control scheme in each
interstation run is optimized with the given runtime (RT),𝑘𝑡, and 𝑘𝑏. Secondly, a database, including the optimal train
control scheme and the corresponding energy consumption
with all possible groups of RT, 𝑘𝑡, and 𝑘𝑏, is then built.
Finally, the optimal HD, RT, 𝑘𝑡, and 𝑘𝑏 are obtained by an
evolutionary algorithm on the basis of the database. It should
be noted that 𝑘𝑡 and 𝑘𝑏 are assumed as two constants for the
sake of calculating efficiency and convenience of train control
implementation.

The objective of the integrated model is to find the
optimal utilization coefficients of traction and braking force
(𝑘𝑡, 𝑘𝑏), interstation runtime (RT), and headway (HD) to
minimize the net energy consumption for all trains 𝑗 ∈{1, 2, 3, . . . , 𝐽} operating on the whole line, which is the
difference between the required traction energy and the
utilized regenerative energy. Additionally, energy consumed
for auxiliary devices is also taken into account. The objective
function is expressed as

min 𝐸 (𝑘𝑡, 𝑘𝑏,RT,HD)
= 𝐽∑
𝑗=1

2𝑁∑
𝑛=1

𝐸𝑛,𝑗trac (𝑘𝑡, 𝑘𝑏,RT𝑛) + 𝐸aux

− 𝑇total∑
𝑡=1

𝑁𝑝∑
𝑛𝑝=1

∑
𝑗∈𝜅

𝐸reg u (𝑡, 𝑛𝑝, 𝑗,RT,HD) ,
(13)

where 𝑘𝑡 and 𝑘𝑏 represent traction and braking force utiliza-
tion coefficients;𝑁𝑝 is the number of PSIs; 𝑛𝑝 represents a PSI
on the metro line and 𝑛𝑝 ∈ [1,𝑁𝑝]; 𝐸𝑛,𝑗trac(𝑘𝑡, 𝑘𝑏,RT𝑛) is total
traction energy consumption in interstation 𝑛 for train 𝑗;𝐸aux
is energy consumed by auxiliary devices;𝐸reg u(𝑡, 𝑛𝑝,RT,HD)
is the amount of utilized RBE in 𝑛𝑝 at time step 𝑡; 𝑇total is the
length of operation period; 𝜅 denotes the set of trains located
in the same power supply interval 𝑛𝑝.

Partial traction and partial braking are applied to extend
the motoring and braking phases, which result in a modifi-
cation on the EETC model. It is known that the efficiency of
traction systems usually increases with the extent ofmotoring
[37] and a constant efficiency factor could lead to inaccurate
results [38]. Therefore, energy conversion factor 𝜂1 in (1) is
defined as a variable calculated as follows [39]:

𝜂1 =
{{{{{{{{{

1 0.95 ≤ 𝑘𝑡 < 1
0.6620 + 0.3558 ⋅ 𝑘𝑡 0.5 ≤ 𝑘𝑡 < 0.95
0.5714 + 0.537 ⋅ 𝑘𝑡 𝑘𝑡 < 0.5.

(14)

Due to the force utilization coefficients, (2) in Section 2.1
is rewritten as

F (𝑘𝑡, 𝑘𝑏, V, 𝑥) =
{{{{{{{{{{{{{{{

𝑘𝑡 ⋅ 𝐹tr (V, 𝑥) 0 ≤ 𝑥 ≤ 𝑥cr
𝐹cr (V, 𝑥) 𝑥cr < 𝑥 ≤ 𝑥co
𝜑 ⋅ 𝐹cr (V, 𝑥) 𝑥co < 𝑥 ≤ 𝑥br
−𝑘𝑏 ⋅ 𝐹br (V, 𝑥) 𝑥br < 𝑥 ≤ 𝑋.

(15)
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Then, traction energy consumption could be calculated
by attaining the optimal (𝑥cr, 𝑥co) in energy-efficient train
control model.

The traction energy comprises not only propulsion of the
train, but also consumption of auxiliary systems aboard the
train such as lighting, air conditioning, and the signal system.
Usually, the power of onboard auxiliary devices 𝑃aux remains
constant during train movements. Hence, the total energy
consumption for onboard auxiliary devices is only related to
the cycle time, that is, the period required for one train to
complete one cycle, which is expressed as 𝐶.

𝐸aux = 𝐽∑
𝑗=1

𝑃𝑗aux𝐶3600 . (16)

The calculation of utilized RBE in each PSI during the
operation period is more complex and the framework on
utilization of RBE is given in Figure 6.TheRBE is sequentially
used to support auxiliary devices on the braking trains and
traction trains in the same PSI and auxiliary devices on
the other trains except braking trains. It should be noted
that the regenerative energy from braking trains can only be
transmitted among trains which are operating in the same
PSI.

The utilization of RBE consists of two parts. The first part
is used to support onboard auxiliary devices in braking trains,
and the second part is used by traction trains and onboard
auxiliary devices on other trains except braking trains, which
is distinguished by different lines in Figure 6. Therefore,
utilized RBE for all trains 𝑗 in the same PSI at time step 𝑡 can
be calculated as

𝐸reg u (𝜉) = 𝐸self
reg u (𝜉) + 𝜂2 ⋅ 𝐸other

reg u (𝜉) , (17)

where 𝜉 = {𝑡, 𝑛𝑃, 𝑗,RT,HD | 1 ≤ 𝑡 ≤ 𝑇total, 1 ≤𝑛𝑃 ≤ 𝑁𝑃, 𝑗 ∈ 𝜅}; 𝜂2 is the transmission loss factor of the
regenerative energy.

The first part of utilized RBE which is used by braking
trains is calculated by (18). If train 𝑗 is braking in power supply
interval 𝑛𝑝 at time 𝑡, the vector force F will be negative. This
means the train is providing regenerative energy. A portion
of RBE is used for onboard auxiliary devices on the braking
train 𝑗 firstly.

𝐸self
reg u (𝜉)
= ∑
𝑗∈𝜅

min(𝜂3
min (F𝑗 (V, 𝑥) VΔ𝑡, 0)3600 , 𝑃𝑗auxΔ𝑡3600 ) , (18)

where 𝜂3 denotes the conversion factor from mechanical
energy to regenerative energy.

The rest of the RBE, which can be attained by (19),
is available to accelerate the motoring train followed by
providing power for the auxiliary devices of other trains
except braking trains in the same PSI. The energy required
by motoring trains is calculated by (20).

𝐸avai
reg (𝜉)
= ∑
𝑗∈𝜅

max(𝜂3
min (F𝑗 (V, 𝑥) , 0) VΔ𝑡3600 − 𝑃𝑗auxΔ𝑡3600 , 0) (19)

𝐸𝑒trac (𝜉) = ∑
𝑗∈𝜅

max (F𝑗 (V, 𝑥) , 0) VΔ𝑡3600 ⋅ 𝜂1 . (20)

If the available RBE is more than the total traction energy
required bymotoring train in the samePSI, the surplus RBE is
then used to support auxiliary devices for other trains except
the braking trains in the same PSI. The total energy required
by all the trains in the same PSI except the braking trains can
be calculated by (21). Finally, the total utilized regenerated
energy by traction trains and other trains except the braking
trains is calculated in (22).

𝐸𝑒aux (𝜉) = ∑
𝑗∈𝜅

𝑃𝑗auxΔ𝑡3600 , ∀F𝑗 (V, 𝑥) ≥ 0 (21)

𝐸others
reg u (𝜉) = {{{

𝐸𝑒trac (𝜉) +min (𝐸avai
reg (𝜉) − 𝐸𝑒trac (𝜉) , 𝐸𝑒aux (𝜉)) 𝐸𝑒trac (𝜉) ≤ 𝐸avai

reg (𝜉)
𝐸avai
reg (𝜉) 𝐸𝑒trac (𝜉) > 𝐸avai

reg (𝜉) , (22)

where 𝐸𝑒aux(𝜉) is the total energy consumption of onboard
devices of trains in the same PSI, except the braking trains.

3.2. Constraints. In this paper, we consider the operation
period from the time when the first train is put into operation
in the up direction to the time when the last train returns
to the depot from the down direction. During the operation
period, all trains have the same cycle time, traction and
braking force utilization coefficients, interstation runtime,

and dwell time.The constraints for energy-efficient timetable
are as follows:

(1) Runtime constraints: the interstation runtime should
be limited within a certain range for the consider-
ation of service quality and the maximum traction
force.

𝑇cn ≤ 𝑇𝑛 ≤ 𝑇cn, ∀𝑛 ∈ [1,𝑁 − 1] ∪ [𝑁 + 1, 2𝑁 − 1] . (23)
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Figure 6: The utilization of regenerative braking energy.

(2) Turnaround time constraints: the turnaround time
should be larger than the minimum time due to
the track length of turnaround and limited travel
speed, and less than a certain upper bound for the
consideration of service quality and rolling stock
operation.

𝑇turn ≤ 𝑇𝑛 ≤ 𝑇turn, 𝑛 ∈ {𝑁, 2𝑁} . (24)

(3) Cycle time constraints: the total travel time for one
cycle in the optimal timetable should be equal to
the one in the original timetable, to keep the ser-
vice frequency unchanged. In this study, we assume
turnaround time as a special interstation runtime.

𝐶 = 2𝑁∑
𝑛=1

𝑇𝑛 + 2𝑁∑
𝑛=1

𝑇dwell
𝑛 . (25)

(4) Headway constraints: the headway between any two
successive trains must be less than the maximal
headway required by service quality and larger than
the minimal one for safety concerns.

𝐻 ≤ 𝐻𝑗 ≤ 𝐻. (26)

(5) Power peak: the total traction power of all trains
located in the same PSI at each time moment should
be no more than the maximal load of the power
supply systems 𝑃max

sub .

∑
𝑗

𝑃𝑗 (𝑡) ≤ 𝑃max
sub . (27)

(6) The percentages of full traction and braking force
applied in motoring and braking should be limited
in a reasonable range, considering the service quality
requirement.

𝑘𝑏 ∈ [0.5, 1]
𝑘𝑓 ∈ [0.5, 1] . (28)

4. Solution Algorithm

Evolutionary algorithms, particularly the genetic algorithm
(GA), have been widely adopted to solve such kind of
problems especially the scheduling optimization [40–42].
However, it is easy to fall into a local solution rather than the
global optimum if a standard GA is employed to solve such
a complex integrated optimization problem. To improve the
computing efficiency, the whole problem of energy-efficient
train operation is decomposed into train trajectory formu-
lation and timetable optimization, which are successively
processed in this study. Figure 7 shows the whole structure
of the optimization process.

In the single-train trajectory optimization, the brute force
algorithm is applied to find the exact solution for train
control with the given traction and braking force utilization
coefficients as well as runtime in each interstation, and the
results are saved in a database. Then, a genetic annealing
algorithmwith neighborhood search strategy is implemented
in the integrated optimization to calculate the proper traction
and braking force utilization coefficients, runtime, and head-
way. Train trajectories and traction energy consumption are
directly taken from the database.

4.1. Brute Force Algorithms to Attain Train Trajectories. Brute
force is an exact algorithm by searching all the possible solu-
tions and evaluating their fitness, which has been successfully
used in railway operation optimization [43, 44]. The main
steps of brute force algorithm are as follows.

(1) Enumerating: the energy consumption and inter-
station runtime of all the possible solutions (𝑥co,𝑥cr) in the interstation run will be calculated, with
the given force utilization coefficients (𝑘𝑡, 𝑘𝑏) and
running direction (𝑑).The results will be stored in the
database.

(2) Selection: the database may include a number of
solutions with the same interstation runtime (RT),
but the traction energy consumption is different. For
each runtime, only the solution with the least traction
energy consumption will be retained and other solu-
tions with the same runtimewill be removed from the
database.
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Figure 7: Flowchart of the integrated optimization.

(3) Updating: the force utilization coefficients (𝑘𝑡, 𝑘𝑏)
and running direction (𝑑) will be updated, while the
value should satisfy the constraint in (28). Then, the
algorithm returns back to Step (1). If all the possible
combinations of 𝑘𝑡, 𝑘𝑏, and 𝑑 in this interstation are
calculated, go to Step (4).

(4) Termination: the optimal train control schemes in the
interstation with different runtimes, running direc-
tions, traction force utilization coefficients 𝑘𝑡, and
braking force utilization coefficients 𝑘𝑏 are obtained
and stored in the database.

The algorithm takes about 1.1 hours to generate a database
for one interstation, which gives the optimal solutions and
the corresponding energy performance under 2160 different
operation conditions, involving 6 traction coefficients, 6
braking coefficients, 30 runtimes, and 2 run directions.

4.2. NS-GSA Algorithm in Timetable Optimization. An
improved genetic annealing algorithm with neighborhood
search strategy (NS-GSA) is used to optimize the timetable.
To overcome the premature convergence in the standard
genetic algorithm, a simulated annealing (SA) algorithm is
introduced to escape from the local optimum and approach
the global optimum. Metropolis criterion of simulated
annealing (SA) allows a decreasing probability of accepting
worse solutions, which provides a diverse population for GA
without compromising solution convergence. Additionally,
the solution space is quite large in this integrated optimiza-
tion problem, and the variables are continuous. Therefore,

it is necessary to enhance the local search ability of genetic
simulated annealing (GSA) algorithm, and neighborhood
search strategy (or local search) is used which has been
proved to be an effective search technique and is widely
implemented in railway operation andmanagement [45–48].
The procedure of NS-GSA is shown in Figure 8.

The main steps of the developed algorithm are as follows:

(1) Initialization: a random initial population of the
solutions is produced to form the first generation. A
number of individuals are included in the population
and each individual represents a set of traction force
utilization coefficient (𝑘𝑡), braking force utilization
coefficient (𝑘𝑏), interstation runtime (RT), and head-
way (HD), which are the decision variables in the
integrated optimization model.

(2) Neighborhood search: each individual explores its
neighborhood to enhance the local search ability of
the algorithm.Thedetails onneighborhood search are
presented below.

(a) Initialize the set of neighborhood structures
SOL(𝑝, 𝑞), 𝑝 ∈ {1, . . . , 𝑃}, 𝑞 ∈ {1, . . . , 𝑄}.𝑃 is the number of individuals and 𝑄 is the
maximum number of local searches for each
individual. Set 𝑝 = 1, 𝑞 = 1.

(b) Until 𝑞 = 𝑄 + 1, repeat the following oper-
ations. Through randomly generating a set of
RT within a reasonable range, a set of solutions
SOL(𝑝, 𝑞) in the neighborhood of SOL(𝑝) is
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Figure 8: Flowchart of NS-GSA algorithm.

produced by replacing the RT in SOL(𝑝) with
the newly generated RT. It should be noted that
the journey time should not be changed in each
local searching. Set 𝑞 ← 𝑞 + 1.

(c) Set 𝑝 ← 𝑝+1. If 𝑝 > 𝑃, finish the neighborhood
search. Otherwise, set 𝑞 = 1 and go to Step (b).

(3) Evaluation: each solution in the population will be
evaluated. Equation (13) is used to calculate the fitness
FIT(𝑝, 𝑞) of solution SOL(𝑝, 𝑞).

(4) Acceptance: if the best neighborhood solution of the
individual 𝑝 with the fitness FITnei(𝑝) is better than
the individual fitness FITind(𝑝), the individual will be
replaced by the neighborhood solution. Otherwise,
the individual will be replaced by the best neighbor-
hood solution according to the Metropolis criterion
in simulated annealing algorithm. The acceptance
criterion is listed as follows:

∀𝑝 ∈ 𝑃, if FITnei (𝑝) < FITind (𝑝)
FITind (𝑝) = FITnei (𝑝)
elseif 𝑒(FITind(𝑝)−FITnei(𝑝))/Temper < Rand (0, 1)
FITind (𝑝) = FITnei (𝑝) .

(29)

(5) New generation: if the termination conditions are not
satisfied, the optimal individuals after neighborhood

searching will be used to create a new generation.The
parameter Temper in Metropolis criterion decreases
at a certain rate at the same time.

(6) Crossover: set the random number 𝑘𝑐 (0 ≤ 𝑘𝑐 ≤1) and the probability of crossover 𝑃𝑐. If 𝑘𝑐 ≤ 𝑃𝑐,
then crossover operation will randomly select three
positions of genes in three parts of the chromosome,
corresponding to force utilization coefficients, inter-
station runtime, and headway. Then, two chromo-
somes in the population will exchange these genes. As
shown in Figure 9, genes which have been exchanged
in crossover are marked in green.

(7) Mutation: set random number 𝑘𝑚 (0 ≤ 𝑘𝑚 ≤ 1)
and the probability of crossover 𝑃𝑚. If 𝑘𝑚 ≤ 𝑃𝑚,
the mutation operation will randomly select one gene
from one chromosome and replace the gene with
a random number within the reasonable range. It
should be noted that constraints in Sections 2.2 and
3.2 should be satisfied.

(8) Termination: the algorithm returns to Step (2) and
repeats until the maximum generation is reached.

The required CPU time of NS-GSA algorithm is about
20 hours to attain the energy-efficient timetable as well as
the optimal control schemes using a computer with 3.2 GHz
processor speed and 4GBmemory, when the number of indi-
viduals in GA is 20, the number of neighborhood solutions
for each individual is 2, and the maximum generation is 40.
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5. Case Study

In this section, case studies on Beijing Metro Line 5 in
peak hours are employed to illustrate the effectiveness of the
improved train control and integrated optimization model.

5.1. Basic Data. The Beijing Metro Line 5 is 27.6 km long
with 23 stations. It covers several commercial centers and

links the residential districts in north and south of Beijing
(see Figure 10). Table 2 gives the basic information of trains
servicing on Beijing Metro Line 5 and Figure 11 shows the
traction and regenerative braking characteristics of the train.

The number of passengers on the train in different
interstation runs is shown in Figure 12, taking peak hour as
an example. It is used to attain train mass, assuming the mass
of each person is 60 kg. There are 11 PSIs on Beijing Metro
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Line 5, and power peak in every PSI is 8500 kW. For safety
and quality of service, the maximal headway is 160 s and the
minimal headway is 140 s. In the NS-GSA solution algorithm,
we set population 𝑃 = 100, 𝑄 = 10, 𝑃𝑐 = 0.8, 𝑃𝑚 = 0.1, the
maximum generation as 50, and the annealing rate as 0.95
with an initial temperature of 100∘C.

5.2. Energy Performance of Improved Energy-Efficient Train
Control. Table 3 gives the energy performance of the
improved model (MA-[CR-CO]𝑛-MB) and previous model
(MA-CR-CO-MB) with the same runtime, from DTLD to
HXXJNK in down direction. The improved train control
strategy is able to reduce traction energy consumption by

Table 2: Train characteristics.

Rolling stock mass 203,000 kg
Max speed limit 80 km/h
Number of cars 6 pcs
Maximum acceleration 1.0m/s2

Maximum deceleration −1.0m/s2

Minimum speed for RBE 5 km/h
Resistance coefficient 𝑎 1.2414
Resistance coefficient 𝑏 0.0144
Resistance coefficient 𝑐 0.000221

1.07 kWh in the first interstation with steep downhill slopes
and the potential annual traction energy saving in this
interstation could be up to 50772 kWh. On the other hand,
two driving strategies consumed the same traction energy
in the second interstation where there is no steep downhill
slope.

Figure 13 demonstrates the train trajectories of two
driving strategies to further explain the reason of traction
energy reduction by improved control model in a more
intuitive way. In the first interstation, the trajectory obtained
by the improved control consists of MA-[CR-CO]2-MB; both
CR and CO are implemented twice but the second CO is
omitted because MB has to be implemented for station stop.
In contrast, the trajectory attained by the previous model
is sequentially composed of MA, CR, CO, and MB. The
improved trajectory extends the coasting distance in steep
downhill tracks in order to take full advantage of potential
energy to increase the kinetic energy. As such, MA can be
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Table 3: Energy performance of the improved train control model.

Interstation DTLD-HXXJBK (with steep downhills) HXXJBK-HXXJNK (without a steep downhill)
Driving strategy Improved MA-CR-CO-MB Improved MA-CR-CO-MB
Runtime (s) 129 129 94 94
Traction energy consumption (kWh) 6.42 7.49 6.09 6.09
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Figure 13: The comparison between two driving strategies.

shortened and the traction energy consumption is saved,
while the interstation runtime remains the same. In the
second interstation, two control strategies obtained the same
trajectory as well as the traction energy consumption, as there
is no steep downhill track in this interstation.

It can be concluded that the traction energy performance
of the improved control strategy is better than or equal to the
MA-CR-CO-MB strategy.Additionally, runtime supplements
in each interstation run have significant influences on train
trajectory optimization.We studied the energy-saving rates of
the improved train control in comparison with the previous
model under different runtimes. Figure 14 shows traction
energy consumption of two control strategies in interstation
DTLD-HXXJNK with different runtimes.

When the scheduled runtime is equal to the minimum
interstation runtime, the train has to accelerate to speed
limit using maximum traction force and keep the speed
constant to satisfy the runtime constraint until the train
brakes for station stop. Under this condition, two control
strategies attained the same trajectory and consumed the
same energy because there is no room to apply CO. Along
with the increment of runtime supplements, the improved
train control can realize increased energy saving because
more CR is allowed in downhill sections, which reduces
the traction energy consumption by taking advantage of
potential energy. Once the interstation runtime reaches a
certain level, the energy-saving ratio decreases because the
motoring distances in both control strategies decrease. In case
the scheduled runtime is large enough, the trajectories as well
as the energy consumption of the two models are the same.
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Figure 14: Energy-saving effect of the improved driving strategy at
different runtimes.

In addition to interstation runtime and track profile, train
mass also has a great impact on traction energy consumption
because a large mass results in heavier resistance during
the interstation runs and also helps the train accelerate in
downhill slopes. We used the proposed control strategy and
the one applied in previous studies to obtain the optimal tra-
jectories in the interstation DTLD-HXXJBK, with different
train masses and different interstation runtimes.The traction
energy reduction by the improved control in comparisonwith
the previous model is shown in Figure 15. It is found that
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Table 4: The original timetable and the optimized timetable.

ID Interstation Length (m)
Up direction Down direction

PSIRuntime (s) Dwell time (s) Runtime (s) Dwell time (s)
Original Optimized Original Optimized

1 SJZ-LJY 1671 126 122 45 130 123 1
2 LJY-PHY 905 81 92 30 82 88 41
3 PHY-TTDM 1900 133 140 30 133 127 30 2
4 TTDM-CQK 1183 98 96 45 97 92 30

35 CQK-CWM 877 80 80 50 79 84 45
6 CWM-DD 822 79 92 60 79 75 50
7 DD-DSK 945 83 93 30 82 88 60 4
8 DSK-DS 848 81 82 45 81 88 30
9 DS-ZZZL 1017 89 86 30 87 84 45

510 ZZZL-BXQ 791 78 82 30 74 75 30
11 BXQ-YHG 866 81 88 50 85 86 30
12 YHG-HPLBJ 1151 98 96 30 103 91 50 6
13 HPLBJ-HPXQ 1059 93 90 30 93 91 30
14 HPXQ-HXXJNK 1025 89 87 55 91 87 30 7
15 HXXKNK-HXXJBK 1122 99 92 30 94 97 55
16 HXXJBK-DTLD 1838 133 137 40 129 127 30 8
17 DTLD-BYLB 3000 180 180 30 181 181 40 9
18 BYLB-LSQN 1286 110 110 30 108 100 30 10
19 LSQN-LSQ 1306 111 109 50 112 112 30
20 LSQ-TTYN 1544 120 109 30 119 111 50

1121 TTYN-TTY 966 86 93 30 86 84 30
22 TTY-TTYB 939 85 94 86 85 40
Total 27061 2213 2250 800 2211 2176 806
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Figure 15: Traction energy reduction under various conditions
using improved driving strategies.

the improved model achieves better energy saving when the
train mass increases.The reason is that heavier trains acquire
greater acceleration when coasting in steep downhills, and
they can gain higher kinetic energy in steep downhill tracks
and achieve better energy saving.

To sum up, the improved model is a supplement to
the MA-CR-CO-MB control strategy in interstations with
constant speed limit and it is able to save traction energy in
downhill sections by taking advantage of potential energy.
Energy saving is influenced by the scheduled runtime and
trainmass.The energy saving firstly increases with scheduled

runtime and then decreases, finally reaching zero when the
runtime is sufficient. Heavier trains can achieve a better
traction energy reduction because the acceleration is larger
when the train is coasting in downhills where the potential
energy could help the train more in accelerating.

5.3. Energy Performance of Integrated Optimization. Separate
train control to minimize the traction energy consumption
of each train does not necessarily lead to the minimum net
energy consumption of whole metro lines. The energy con-
sumption of the whole metro lines can be further reduced by
optimizing train control and timetable concurrently. Table 4
shows the original timetable and train control configurations
(RT, HD, 𝑘𝑡, and 𝑘𝑏) provided by operators and the optimized
one obtained by the proposed integrated optimizationmodel.
The original journey time is 2213 s in the up direction and
2211 s in the down direction. Compared with the original
timetable, the optimized timetable increases by 37 s in the
up direction and decreases by 35 s in the down direction.
Therefore, the cycle time is extended by 2 s, which is accept-
able. Additionally, train headway is regulated to improve the
utilization of RBE. The headway is set as a fixed value (i.e.,
150 s) in the original timetable. In the optimized one, the
headway between every two adjacent trains varies within a
reasonable range from 140 s to 159 s, without changing the
number of service provisions and dwell time at each station.
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Table 5: Comparison of energy consumption between the original timetable and optimized timetable.

Original timetable Optimized timetable
[𝑘𝑡, 𝑘𝑏] [1, 1] [0.9, 0.9]
Net energy consumption (kWh) 15059 14311 (−4.97%)
Auxiliary devices (kWh) 530 530 (+0.00%)
Traction energy (kWh) 16567 17554 (+5.96%)
Total RBE (kWh) 13016 14360 (+10.33%)
Utilized RBE (kWh)

Auxiliary (self) 52 57 (+9.62%)
Traction 1840 3570 (+94.02%)
Auxiliary (other) 146 147 (+0.68%)
Total 2038 3773 (+85.13%)

Overlapping time (s) 4194 4543 (+8.32%)
Utilization percentage of RBE (%) 15.66 26.27 (+67.81%)
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Figure 16: Comparison of the original and optimal timetable.

Table 5 shows the comparison of energy consumption
between the original timetable with previous train control
model and the optimized timetable with the improved train
control model. Although traction energy consumption with
the optimized timetable increases by 5.96%, the net energy
consumption of the whole line decreases by 4.97% because
of the significant improvements on utilization of RBE. This
verifies the argument that minimum traction energy con-
sumption does not necessarily lead to the minimum net
energy consumption. Although partial traction and braking
result in a slight increment in traction energy consumption,
the utilization of RBE with the optimized timetable increases
by 67.81% as the overlapping time increases by 8.32%. It
is concluded that the integrated optimization model can
notably improve the utilization of RBE, thus reducing the net
energy consumption.

Figure 16 shows the difference between the original
timetable and the optimized timetable.The total journey time
and the operating time for service provision remain the same
in the optimized timetable, although the interstation runtime
(RT) and train headway (HD) are regulated slightly.

An enlarged view of part of Figure 16, taking a section
from the station of BYLB to the station of LSQ in the same
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Figure 17: The utilization of the regenerative braking energy in the
same power supply interval.

PSI as an example, is shown in Figure 17 to explicate how
the utilization of RBE is optimized by the integrated model.
The arrows in the figure illustrate the flow of regenerative
braking energy; that is, the RBE generated by the braking
train can be transmitted to the traction train. It is found that
motoring and braking of trains in the same PSI could be
synchronized by adjusting headway and interstation runtime
in timetable formulation. Moreover, overlapping time could
be further extended using partial traction/braking to prolong
the motoring and braking time. As a result, the net energy
consumption decreases, although the traction energy con-
sumption is not the minimal one.

Figure 18 gives the trajectories of two successive trains
moving in the same PSI. Under the original timetable with
full motoring and braking control, the RBE is not used
timely because motoring train and braking train are not
synchronized well. By optimizing headway and interstation
runtime, the departure of train 2 from DD station just
located in the same time window when train 1 arrives at the
TTDM station. Furthermore, the synchronized time between
traction and braking train is prolonged by applying partial
motoring and braking, which enable a larger overlapping
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Figure 18: Synchronized traction and braking train in one power
supply interval.

time as well as a better utilization of RBE. Thus, most of the
RBE produced by train 1 is timely used by train 2, which helps
to reduce the energy feeding from substations and in turn
save the net energy consumption of the whole metro line.

6. Conclusion

An integrated optimization model on train control and
timetable formulation is proposed in this study to minimize
the net energy consumption of all trains servicing on the
metro line.The proposed train control is still based on finding
the optimal switching points among the control modes of
MA, CR, CO, and MB to minimize the traction energy
consumption, while cruising and coasting regimes might be
adopted for more than one time according to track profiles.
For better utilization of RBE, timetable configurations such as
interstation runtime and train headway as well as the extents
of motoring and braking in train control are optimized
concurrently, taking into account the synchronization of
motoring and braking trains in the same PSI. Practical
operation condition and constraints, such as varied train
mass in different interstations, the limitation on maximal
loading of power system, are taken into consideration in the
proposed model. The brute force algorithm is employed to
attain the energy-efficient trajectory of train interstation runs
and an NS-GSA algorithm is developed to attain the optimal
extents of motoring/braking and timetable configurations.

Case studies on Beijing Metro Line 5 demonstrated the
energy performance of the proposed integrated model. It is
found that the improved train control can reduce the traction
energy by 20% in the interstations with steep downhill slopes.
The energy-saving rate of the improved train control in com-
parison with the previous model depends on track profiles
and the scheduled runtime. The integrated optimization on
train control and timetable formulation is able to save net

energy consumption by 4.97% through regulating intersta-
tion runtime, train headway, and the extents of motoring and
braking in train control. Although the traction energy slightly
increases by 5.96% because of the application of partial
motoring and braking in train control, the utilization of RBE
is significantly improved by prolonging the overlapping time
of motoring and braking trains in the same PSI.

This paper explored the energy-efficient train control
with the constant speed limit, while the speed limit may vary
during interstation runs due to curves or temporary main-
tenance. In such case, the proposed control strategy might
not be the optimal one. One of our future researches is to
take the varied speed limits into consideration in train control
and apply amore general energy-efficient train controlmodel
in timetable optimization. Additionally, this study assumes
that all trains have the same extents of motoring and braking
in different interstation runs. Different extents of motoring
and braking for different trains in different interstation runs
might lead to more significant energy savings, which is
another direction of future research.
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The load capacity of urban rail transit station is of great significance to provide reference in station design and operation
management. However, it is difficult to carry out quantitative calculation quickly and accurately due to the complex interaction
among passenger behaviors, facility layout, and the limit capacity of single facility. In this paper, the association network of facilities
is set up based on the analysis of passenger service chain in station. Then the concept of cascading failure is introduced to the
dynamic calculation model of load capacity, which is established on the user-equilibrium allocation model. The solution algorithm
is optimized with node attack strategy of complex network to effectively reduce the computational complexity. Finally, a case study
of Lujiabang Road Station in Shanghai is carried out and compared with the simulation results of StaPass, verifying the feasibility of
this approach. The proposed method can not only search for the bottleneck of capacity, but also help to trace the loading variation
of facilities network in different scenarios, providing theoretical supports on passenger flow organization.

1. Introduction

The networked process of urban rail transit (URT) in China’s
major cities has been expedited, and the demand of passenger
flow is further unleashed. It brings great challenge on opera-
tional security, transport capacity and efficiency, service level,
and other aspects to URT management department. Taking
Shanghai as an example, in 2016, the whole rail transit system
provided service to over 9 million passengers every weekday
averagely, the extreme passenger volume hit a new record
by exceeding 10 million people, and over 10 metro stations
handled more than 100,000 passengers every day.

In the context of this, pressures are increased on URT
stations which served as the basic operation unit of URT
and the distribution hub for passenger. Prominent problems
emerge from the daily work of passenger organization, which
can be summarized as follows:

(1) The design load capacity of some stations does not
match with the actual passenger flow, resulting in
the increasing risk of emergencies like passenger
stranded, severe congestion, and so on.

(2) Varying levels of inflow-limiting strategies have been
carried out in order to coordinate mass passenger
flow, however lacking the quantitative basis for for-
mulation.

(3) The specific treatments are usually formulated by the
subjectivework experience ofURToperators in emer-
gency strategy, while disregarding the interrelation of
different facilities in stations and failing to take full
advantage of it.

The problems mentioned above could be ascribed to the
inaccuracy of passenger flow forecasting during the design
phase. Yet the underlying reason is the lack of mathematical
assessment on the load capacity of URT stations.

The load capacity of URT stations is defined as the quan-
tity of passengers when the passenger services cannot be pro-
vided because some key facilities are unavailable or in con-
gestion. At present, static calculationmethods for capacity are
generally adopted in the design stage of the rail transit station.
In China, a Cannikin Law basedmethod is applied to analyze
the load capacity of the station, that is, taking the minimum
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Table 1: Calculation methods for load capacity of URT station.

Method Precision Complexity Quantified Comprehensiveness

QueueingTheory ff ff fff
Not consider the

influence of passenger
motor behaviors

Macroscopic
Simulation
(System
Dynamics)

f ff ff

Not consider the
influence of passenger
motor behaviors and

station layout
Microscopic
Simulation
(simulation of
passenger motor
process)

ff fff f Basically comprehensive

value as the overall load capacity from all facilities and equip-
ment whose maximum capacities have already stipulated by
national standard [1]. Some European urban rail transit, such
as the London Subway [2], divided service quality into several
levels with the consideration of passenger characteristics.The
design work and capacity assessment of the station is carried
out under the guidance of service and safety level. However,
URT station is a complex system consisting of various types
of facility, providing multiple routes for passengers to reach
their destination, and passenger motional characteristics are
closely related to the layout of facilities and equipment in
station. Thus static or discrete calculation for capacity would
be a straightforward solution, but it is not feasible in reflecting
the load capacity of station in practice.

In the case of dynamic methods, Queueing Theory and
system simulation are methods mostly used to evaluate the
load capacity of rail transit station (Table 1). Approaches
based on Queueing Theory establish particular congestion
state-dependent queueing model [3–5] for each facility in
station such as gates, staircases, and corridors according
to the analysis of the passenger flow characteristics, then
modeling the M/G/C/C state-dependent queueing network
[6, 7] in a systematic way. It takes the coordination between
capacities of different facilities into account, neglecting the
dynamic impact exerted on the load capacity of station
when passengers make choice on routing. The system
simulation method is to simulate passengers’ motion in the
urban rail transit station through specific models or tools,
which are separated into two large fields of microscopic
and macroscopic researches. The latter commonly regard
the station as a dynamics system and models with diverse
theories, including mixed Petri net [8, 9] and system
dynamics [10–12]. But the model fails to consider the
influence of the facilities layout on the load capacity. At the
microscopic level, cellular automata [13], social force model
[14], potential field [15], and other approaches are used to
simulate individual behaviors; meanwhile some commercial
pedestrian simulation software programs like Legion, Step,
StaPass, and so on are also applied to search the bottleneck of
station capacity. They can evaluate the load capacity of URT
station in different scenarios, but have many defects such as
the complexity of modeling and time-consuming simulation.

Since the load capacity of URT station is not only
restricted to the capacity of single piece of equipment but also
influenced by passenger behaviors and the layout of facilities
in the station, it is insufficient to calculate the accurate
load capacity if only considering one of these factors. The
review of the literature indicates the necessity to develop a
novel method for load capacity calculation. In URT station,
passengers receive the service from a series of facilities
having strong interrelation with each other. Though the
capacity limit of a single facility does not necessarily represent
the vulnerability of the whole station, the cascading failure
properties of the network composed of all facilities can lead
to congestion [16]. This is quite similar to the dynamics of
network flow in the traffic system.

Therefore, this paper sets up the association network
of facilities and its passenger flow assignment mechanism
considering the cascading failure effect. On the basis of the
user-equilibrium assignment model, we propose a dynamic
method to calculate the load capacity of URT station. It is
able to trace the loading variation of facilities network, search
for the bottleneck of load capacity, and provide staff with the
theoretical support on passenger flow organization.

The rest of this paper is organized as follows. We analyze
the service chain of passenger flow in the URT station and
set up the association network of facilities and its property
in Section 2. Section 3 provides the methodology to assign
passenger flow with the cascading failure effect and the
user-equilibrium assignment model considering passenger
choice behavior is presented.Then the solution algorithm that
combines node attack strategy with Frank-Wolfe algorithm
is given in Section 4. Afterwards, a case study on real-
world station is expatiated with the comparison to pedestrian
simulation in Section 5. Finally, conclusions and future
research are discussed.

2. Association Network of
Facilities in URT Station

In this section, we propose the association network of facil-
ities in URT station based on the service chain of passenger
flow.
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2.1. Service Chain of Passenger Flow. Passenger flow in URT
stations can be classified into three distinctive categories, that
is, ingress passenger flow, egress passenger flow, and transfer
passenger flow. And the gathering and distributing process
of passenger is denoted as receiving specific services from
a series of facilities successively, which is the definition of
“service chain” in the URT station. Indeed, the service chain
varies with the type of passenger flow [17]:

(1) Ingress passenger flow: enter station → purchase
tickets → check tickets → go through staircases or
escalators (if station hall and platform are on different
floors)→ wait for the train and board

(2) Egress passenger flow: alight→ go through staircases
or escalators (if station hall and platform are on
different floors)→ check tickets→ exit station

(3) Transfer passenger flow: alight → go through stair-
cases or escalators → check tickets (if necessary)→ walk to another platform (through corridors,
staircases, or escalators) → wait for the train and
board.

According to the description of the service chain, each
service is provided by one kind of facility, including corridors.
To be noteworthy, train is not strictly the facility that belongs
to the station, but it is the only server in the event of boarding
and alighting. Thus we regard the train as one piece of
equipment in this paper. Consequently, the service chain
can be translated into the facility chain in station, shown in
Figure 1.

2.2. Association Network of Facilities. The motion of passen-
ger flows brings forth the coupling between facilities, and
the facility chain in station makes it feasible to depict that
relationship. In each strand of facility chain, every single
node represents a specific piece (or group) of equipment,
fusing together and then forming an open-loop and directed
association network of facilities.

Explanations of association network are given as follows.

Item 1. A set of nodes 𝐷𝑖 (𝑖 ∈ 𝑁∗) denotes a certain
link 𝐿𝑢 (𝑢 ∈ 𝑁∗) in the service chain. In Figure 2, the
automatic fare gates (AFG)𝐷5 to𝐷8 constitute the facility set
of checking tickets service for ingress and egress passenger
flow.

Item 2. Directed edge 𝐸𝑖-𝑗 indicates the accessibility of the
path from node 𝐷𝑖 to node 𝐷𝑗 (𝑗 ∈ 𝑁∗, 𝑗 ̸= 𝑖),
while there would not be a directed edge if two nodes are
disconnected. 𝑙𝑖-𝑗 is the length of directed edge 𝐸𝑖-𝑗, defined
as the linear distance between midpoints of two connected
facilities. Meanwhile, the transition from one link to another
is completed via directed edges. Figure 2 shows that𝐸3-5,𝐸3-7,
and𝐸4-7 are involved in the process that passenger flowmoves
from purchasing link 𝐿2 to checking link 𝐿3.
Item 3. 𝐶𝑖 is the limit capacity of node 𝐷𝑖, except for those
representing entrance and exit, under a certain service level.

It is defined as maximum passenger flow which the facility
can handle in unit time, quantified with

Ci = Csi + Cqi. (1)
The maximum number of people that facility node 𝐷𝑖

can serve in unit time without queueing is defined as the
maximum service capacity Cs𝑖, and its formula is given in [1].
Cq𝑖 is the maximum queueing number in unit time under a
certain service level, called maximum queueing capacity, and
defined as

𝐶𝑞𝑖 = 𝑆queue 𝑖 ∗ 𝑝𝑖, (2)
where 𝑆queue 𝑖 is the size of queueing area for facility node and𝑝𝑖 is the number of passengers per unit area, which suggested
quantifying with Fruin level of service (LOS) [18] in this
study.

Item 4. Let VI𝑖 denote the inflow volume of node 𝐷𝑖 and
VO𝑗 denote the outflow volume of node𝐷𝑗. Then VI𝑖 should
satisfy (3) if node 𝐷𝑗 is the former point that connected to
node𝐷𝑖 at steady state.

VI𝑖 = ∑
𝑗→𝑖

VO𝑗. (3)

For each node 𝐷𝑖, there is an upper limit to how many
passengers could be handled. Thus the outflow volume of
node 𝐷𝑖 is supposed to be updated according to the inflow
volume VI𝑖 which is in the same flow direction.

If the inflow volume of node 𝐷𝑖 exceeds its maximum
service capacity, only part of passengers can move to the next
node while the rest of them are counted as queueing volume
VQ𝑖. Moreover, if VQ𝑖 is beyond the maximum queueing
capacity, node 𝐷𝑖 is considered as overloaded. Whereas the
inflow volume of node 𝐷𝑖 is less than the maximum service
capacity, all passengers receive service in time and leave the
node. Then the formula for outflow volume VO𝑖 is given by

VO𝑖 = {{{
Cs𝑖,VQ𝑖 = VI𝑖 − Cs𝑖, if VI𝑖 > Cs𝑖

VI𝑖,VQ𝑖 = 0, if VI𝑖 ≤ Cs𝑖. (4)

3. Methodology

Cascading failure is a failure in a system of interconnected
parts where the crash of one part can trigger the failure of
successive parts [19]. In a similar way, if the inflow volume
is far beyond the maximum capacity of the facility in URT
station, failure occurs and there is a call for the reassignment
of passenger flow. Yet the crash of one node in the association
network of facilities will not alter the network structure,
either the volume or distribution of that node remains in the
collapsing state. Only passenger flows on other nodes will be
reallocated and trigger the crash of vulnerable nodes.

The failure will radiate from the crash node successively
until the station can no longer maintain the service chain of
any type of passenger flow. In other words, the load capacity
of the station is the quantity of passengers when all nodes in
one link of the facility chain have collapsed. Hence, themodel
in this section elaborates on the mechanism of assigning
passenger flow to the facility network.
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3.1. Assumptions. Due to the complex interaction among pas-
senger behaviors, facility layout, and single facility capacity,
assumptions are proposed as follows to ensure a high compu-
tational efficiency and the appropriate accuracy of the model.

(1) The capacity of directed edge 𝐸𝑖-𝑗 is unlimited, which
means the walking space of accessible paths from
node 𝐷𝑖 to node 𝐷𝑗 is able to accommodate infinite
passengers. This term is supposed since the load
capacity of opening area is usually much higher than
other facilities. Meanwhile, it can be improved by

avoiding intercross and queueing in serpentine line in
either the designing or operation phase.

(2) The maximum load capacity is an intrinsic property
of the facility (node 𝐷𝑖). It does not change with the
service intensity and time.

(3) It is assumed that velocity of passenger flow remains
constant, taking no account of individual attributes,
motor process, and the loss of speed.

(4) The service of boarding and alighting is avail-
able when trains arrive periodically. It needs to be
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Figure 3: The flow chart of algorithm for calculating load capacity.

converted into the passenger flow volume handled
per unit time so that all fundamental capacities of
facilities are in uniform dimension.

(5) Passengers need to decide on which node to choose
next every time before moving to the successive link
of service chain. Once the choice is determined, it is
unable to be reselected.

(6) The action of leaving the node is completed in a
moment; that is, passengers will not be stranded in
the node after receiving the service.

(7) All individual motor processes in the same passenger
flow category are viewed as a whole fluid motion. On
this basis, we suppose that passengers arrive at the
same time and receive service from different nodes in
one link.

3.2. Passenger Flow Assignment Mechanism. Commuter and
residents are themajority ofURTusers, having a command of
the layout of facilities and equipment in stations.The frequent
trip by URT enables these passengers to acquire the guidance
information in a short time. Therefore, it is reasonable to
assume that passengersmake decisions onwhich route to take
with a complete knowledge of information in station.

The user-equilibrium (UE) model [20, 21] is a typical
method for traffic assignment. It is based on the fact that
people choose a route so as to minimize their travel time and
on the assumption that such a behavior on the individual
level creates an equilibrium on the network. In this paper,
the flow loading on the association network of facilities and
equipment is described by the UE model.

Let 𝑥𝑖𝑗 denote the flow volume on directed edge 𝐸𝑖-𝑗. And
the impedance function is defined as 𝑤𝑖𝑗(𝑥) to quantify the
choice behavior of passengers. 𝑓𝑢V𝑘 is the flow volume of edge𝑘 (𝑘 ∈ 𝑁∗) between links 𝐿𝑢 and 𝐿V (V ∈ 𝑁∗, V ̸= 𝑢), while𝑑𝑢V denotes the total flowof links (𝐿𝑢, 𝐿V).Then theUEmodel
is formulated as follows:

min 𝑍 (𝑋) = ∑
(𝑖,𝑗)

∫𝑥𝑖𝑗
0

𝑤𝑖𝑗 (𝑥) 𝑑𝑥 (5)

st. ∑
𝑘

𝑓𝑢V𝑘 = 𝑑𝑢V ∀𝑢, V (6)

𝑓𝑢V𝑘 ≥ 0 ∀𝑢, V, 𝑘 (7)

𝑥𝑖𝑗 = 𝑓𝑢V𝑘 𝛿𝑢V𝑖𝑗,𝑘 ∀𝑖, 𝑗. (8)
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Figure 4: Sketches of LJB station: (a) station hall, (b) platform of Line 8, (c) platform of Line 9, and (d) interlayer for transfer.

If the directed edge is the right edge 𝑘 between links(𝐿𝑢, 𝐿V), 𝛿𝑢V𝑖𝑗,𝑘 = 1 in (8). Otherwise, 𝛿𝑢V𝑖𝑗,𝑘 = 0.
3.3. Choice Behavior on Nodes. Actually, a multitude of
passengers prefer to choose the node which is characterized
by short distance and convenient service [17]. Thus we take
distance, number of people, and congestion into account and
formulate the impedance function𝑤𝑖𝑗(𝑥) in Section 3.2, using
BPR function as reference.

𝑤𝑖𝑗 (𝑥) = 𝑤0𝑖𝑗 [1 + 𝑎0 (𝑥𝑖𝑗𝐶𝑗)
𝑏 + 𝑎1 ∗ (𝑥𝑖𝑗 − 𝐶𝑠𝑗)

Cqj
]

𝑎0, 𝑏, 𝑎1 ≥ 0.
(9)

Equation (9) is composed of the following elements.
Firstly, the distance impedance from node 𝐷𝑖 to node𝐷𝑗 indicates the initial impedance of a node before being

selected, denoted as 𝑤0𝑖𝑗. It is an innate property of the node,
positively associated with 𝑙𝑖-𝑗, given in

𝑤0𝑖𝑗 = 𝑒ℎ∗𝑙𝑖-𝑗 , ℎ > 0, (10)

where ℎ has relationship with the scale of URT station (0.1 is
suggested).

Secondly, 𝑎0(𝑥𝑖𝑗/𝐶𝑗)𝑏 is used to denote the impedance of
passenger number at node𝐷𝑗. It refers to circumstances such
as low velocity at node caused by the increasing number of
people which reduces service level. For parameters 𝑎0 and 𝑏,𝑎0 = 0.15 and 𝑏 = 4 are set in general [22].

Thirdly, the congestion impedance 𝑎1 ∗ (𝑥𝑖𝑗 − 𝐶𝑠𝑗)/𝐶𝑞𝑗
indicates the crowded degree of queueing area in the case
that inflow volume at node𝐷𝑗 exceeds the maximum service
capacity 𝐶𝑠𝑗. The parameter 𝑎1 is initialized as zero and
updated only when 𝑥𝑖𝑗 > 𝐶𝑠𝑗 (0.2 is suggested).
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Figure 5: The association network of facilities in LJB station.

4. Algorithm

The Frank-Wolfe algorithm [23] is an effective method to
solve the user-equilibrium model. In this algorithm, how-
ever, passenger flow assignment under condition of variable
demand will lead to the exponential growth of computational
complexity. In order to improve the calculating efficiency
of station load capacity, attack strategy in communication
network is introduced in this section to assist in approaching
the verge of facility crash.

4.1. Node Attack Strategy. The core principle of node attack
strategy is attacking crucial node in priority. Taking topo-
logical properties as the reference to evaluation index, node
degree (ND) is used to quantify the node function and influ-
ence on the network. Considering that the association net-
work of facilities in URT station is a directed network, node
degree should be classified into in-degree and out-degree.The
in-degree of nodes is accepted as the evaluation index in this
paper, and the higher the in-degree rises with edges pointing
to the node, the more significant it is in the network.

4.2. Solution Algorithm. The association network of facilities
can reflect passenger flow’s motion in the station, while there
is a problem in circumstance of transfer stations. Different
types of passenger flow have to share some facilities in

station, which makes it hard to distinguish the impact on one
facility from separate passenger flows. Thus we optimize the
input of passenger flow by setting proportion on passenger
types.

Based on the Frank-Wolfe algorithm and node attack
strategy, the algorithm procedure for load capacity of URT
station is as follows (shown in Figure 3).

Step 1. Simplify the association network of facilities, extract
the subnetwork which is independent of the whole, and then
remove edges with large initial impedance.

Step 2. Quantify all node degrees (in-degree) in the current
subnetwork.

Step 3. Target the node with the highest in-degree (denoted
as objective node) in a directed chain and launch attacks
until it crashes. According to Item 4 in Section 2.2, if
passengers are allocated to all out-direction edges and
total outflow is less than the maximum service capacity,
the node inflow volume equals the total outflow volume.
Otherwise, the inflow volume of the node is the loading
limit.

Step 4. Allocate the inflow of objective node in reverse
direction in order to ascertain the outflow volume from those
nodes which point to the objective node.
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Figure 6: The distance matrix of association network of facilities.

Step 5. If the outflow volume exceeds the maximum service
capacity, go to Step 8. Otherwise, go to Step 6.

Step 6. Attack adjacent nodes which connect with the objec-
tive node. The outflow volume of new objective node is
equivalent to its maximum service capacity except when the
out-degree is 1 (skip this node).

Step 7. Keep the flow volume of crash nodes invariant and
assign the rest of the passenger flow by the Frank-Wolfe
algorithm.

Step 8. Judge on whether network can keep offering service
to all kinds of passenger flow. If all links for one kind
of passenger flow turn to be infeasible, the load capacity
of station is equivalent to the current passenger flow on
network. If not, keep on implementing the node attack
strategy, redoing Steps 4 to 8.

5. Case Study

In this section, we illustrate the application and evaluate
the effect of the method to calculate the load capacity of
URT station on real-world instance. The example is based
on a URT station in Shanghai and all data are collected
from Shanghai Metro Operation Co., Ltd., in November
2016.

5.1. Basic Scenario. Lujiabang (LJB) station is a transfer
station for Metro Line 8 and Line 9, sharing the station
hall on underground floor as shown in Figure 4(a). Stair-
cases and elevators arranged in north-south position lead
to the platform of Line 8 on underground two, shown in
Figure 4(b), while those arranged in east-west position lead
to the platform Line 9 on underground three, shown in
Figure 4(c). Meanwhile, Figure 4(d) depicts the intersection
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Table 2: The Limit capacity of nodes.

Node Type Limit Capacity (ped/h)
D7 AFG 9000 + 3 × 25 = 9075
D8 AFG 7200 + 3 × 20 = 7260
D9 AFG 12600 + 3 × 35 = 12705
D10 AFG 10800 + 3 × 30 = 10890
D11 AFG 7200 + 3 × 20 = 7260
D12 AFG 10800 + 3 × 30 = 10890
D13 AFG 10800 + 3 × 30 = 10890
D14 AFG 14400 + 3 × 40 = 14520
D15 Staircase 10080 + 3 × 12 = 10116
D16 Escalator 6720 + 3 × 8 = 6744
D17 Staircase 5460 + 3 × 7 = 5481
D18 Staircase 5460 + 3 × 7 = 5481
D19 Escalator 10080 + 3 × 7 = 10101
D20 Escalator 6720 + 3 × 8 = 6744
D21 Staircase 10080 + 3 × 12 = 10116
D22 Staircase 5460 + 3 × 7 = 5481
D23 Staircase 5460 + 3 × 7 = 5481
D24 Escalator 10080 + 3 × 8 = 10104
D25 Train 10560 + 3 × 80 = 10800
D26 Train 14880 + 3 × 80 = 15120
D27 Staircase 12025 + 3 × 16 = 12093
D28 Staircase 13650 + 3 × 16 = 13698
D29 Staircase 13650 + 3 × 16 = 13698
D30 Staircase 12025 + 3 × 16 = 12093
D31 Staircase 13650 + 3 × 16 = 13698
D32 Staircase 12025 + 3 × 16 = 12093
D33 Staircase 12025 + 3 × 16 = 12093
D34 Staircase 13650 + 3 × 16 = 13698

staircases for directly transferring from one platform to
another.

(1) Station network: with analyzing the service chain
in LJB station, we build the association network of
facilities and equipment and calculate in-degree for
all nodes, which is shown in Figure 5.

(2) Data of passenger flow and train: firstly, the passenger
flow proportion of Line 8 to Line 9 is about 6 : 4.
Secondly, the interval time of trains for two lines
is 3 minutes in each operational direction, and the
number of alighting passengers in LJB station is
approximately 20 percent of train seating capac-
ity.

(3) Limit capacity of nodes: level F in LOS (3 ped/m2)
is regarded as the criterion of node failure, and
the limit capacity of nodes is calculated, given in
Table 2.

(4) Distance of edges: distance information of facilities
and equipment was collected from CAD design
drawings of LJB station, denoted as the matrix in
Figure 6.

5.2. Results and Analysis. The association network shown in
Figure 4 can be divided into two subnetworks. Subnetwork𝑁1 is for egress flow and the other one 𝑁2 is for ingress and
transfer flow.

Figure 7 depicts that attack was launched first on nodes𝐷9 and 𝐷14 in 𝑁1, showing the assignment of current
flow volume. Obviously, the outflow of nodes 𝐷16 and 𝐷20
equals 7383 ped/h and 8951 ped/h, respectively, which are
beyond their maximum capacity. Thus these two nodes
crash firstly, resulting in the cascading failure of egress
service chain for Line 8. The load capacity of 𝑁1 is equiv-
alent to the sum of 𝐷16 and 𝐷20 limit capacities, namely,
13488 ped/h.

Figure 8 illustrates the similar process that happened
in 𝑁1. After node 𝐷26 was attacked at first, none of the
allocated outflow volume on nodes 𝐷18, 𝐷19, 𝐷22, 𝐷31,
and 𝐷34 exceeded their maximum capacity. Meanwhile, out-
degrees of those nodes equal 1, indicating that the crash of
node𝐷26 would not cause congestion on others. Then attack
was launched on node 𝐷25 whose out-degree is 4, while the
outflows of related nodes 𝐷15, 𝐷21, 𝐷28, and 𝐷29 were less
than theirmaximumcapacities.The crash of node𝐷25 did not
lead to cascading failure either.Therefore, the load capacity of
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Figure 7: The cascading failure in subnetwork𝑁1.

𝑁2 is equivalent to the sum of 𝐷25 and 𝐷26 limit capacities;
that is, alighting passengers reach 10800 ped/h for Line 8 or
15120 ped/h for Line 9.

In order to verify the accuracy of results, the microscopic
simulation software StaPass is used in this paper. StaPass
specializes in simulating the motor process of passengers
specifically in URT station. It is developed by Tongji Uni-
versity and has been successfully applied in station design
projects in Shanghai, Guangzhou, Nanjing, and so on.

Set calculation results on the input of the specific scenario.
And after one-hour simulation, the density map of passenger
flow is shown in Figure 9.

In Figure 9, facilities in dark yellow and red zone are those
under F level of service.This is approximately consistent with
the calculation result, except that

(1) in simulation, the density of node 𝐷17 (denoted as
“Outlier”) is under F level while it is not one of the
collapsed nodes in algorithm. But we find that node𝐷17 is the next target to be attacked after the crash of
nodes𝐷16 and𝐷20. It is simulation time that leads to
the high density of node𝐷17;

(2) the density of collapsed nodes in simulation is much
higher than the recommended F value of LOS. In
simulation environment, the overlap of different pas-
senger flows in one area will increase the density,
while motor progress is simplified in the algorithm.
However, the result does not matter.

6. Conclusion

In this paper, we analyzed the service chain of passenger flows
in URT station, which could reflect the coupling relationship

between separate types of facility. On the basis of that, an
association network was built up. Cascading failure theory
was introduced to elaborate the influence mechanism of
three elements: the motion of passenger flow, the capacity
of single piece of equipment, and the layout of facilities.
Then we proposed dynamic calculation model for station
load capacity based on the user-equilibrium assignment
principle. As to the algorithm, the Frank-Wolfe algorithm
is a traditional approach for flow assignment, and node
attack strategy of complex network was presented to lower
the computational complexity. In the case study, we took
Lujiabang station in Shanghai Metro as an example to
demonstrate the performance of the method and algorithm.
In comparison with the result of pedestrian simulation, the
vulnerable nodes to facility network and the load capacity
of station deduced from this approach are verified to be
correct.

The proposedmethod can be considered as a step towards
the quantification of station load capacity. This paper could
thus stimulate further research to expend application for
more complex stations in urban rail transit system.Moreover,
security is a particular problem drawing more attention
nowadays. Events related to station security like safety inspec-
tion are not considered in this method. The issue on how the
interaction of different passenger flows affects load capacity
should be studied further. All thesewill be addressed in future
research.
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Simulation methods are widely used in the field of railway planning and operations. Currently, several commercial software tools
are available that not only provide functionality for railway simulation but also enable further evaluation and optimisation of the
network for scheduling, dispatching, and capacity research. However, the various tools are all lacking with respect to the standards
they utilise as well as their published interfaces. For an end-user, the basic mechanism and the assumptions built into a simulation
tool are unknown, which means that the true potential of these software tools is limited. One of the most critical issues is the lack
of the ability of users to define a sophisticated workflow, integrated in several rounds of simulation with adjustable parameters and
settings. This paper develops and describes a user-based, customisable platform. As the preconditions of the platform, the design
aspects for modelling the components of a railway system and building the workflow of railway simulation are elaborated in detail.
Based on the model and the workflow, an integrated simulation platform with open interfaces is developed. Users and researchers
gain the ability to rapidly develop their own algorithms, supported by the tailored simulation process in a flexible manner. The
productivity of using simulation tools for further evaluation and optimisation will be significantly improved through the user-
adaptable open interfaces.

1. Introduction

In order to improve the efficiency and effectiveness of railway
planning and operations, the relationships between the crit-
ical components of railway systems and the behaviour of the
studied system must be investigated. A specific investigated
problem usually presents many possible alternatives for
design. In order to enable evaluation and comparison among
the various possible alternatives, their respective effects and
outputs will be predicted through experiments. However, it
is not practical to examine a design alternative directly based
upon an actual system, because either such a system is not
existing or experimentation upon it is prohibitively expen-
sive.

For a simple railway network with a limited number of
train runs, an analytical approach is practical in order to
evaluate the output of a design alternative and even to find
an optimal solution in a closed-form expression. For a large-
scale network with a high density of train movements,

the computational complexity of such an analytical model
becomes considerably high. In this case, the simulation
approach is often applied.

Several simulation tools are available for railway plan-
ning and operations purposes. The application of personal
computer based simulation approaches for railway systems
began in the 1990s, at which time most tools were originally
developed as laboratory versions. Along with continuous
development and applications, these tools have been widely
accepted for research and commercial purposes. Meanwhile,
a large number of data and models of railway systems have
become available. In this paper, the existing simulation tools
and applications will be presented in Section 2.

However, the potential of simulation approaches has not
yet been sufficiently utilised. The limits of the current sim-
ulation tools, especially their lack of capability for extension
and customisation, are discussed in Section 2. To overcome
these limits, a user-based, adaptable simulation tool called
PULSim has been developed in recent years. In Section 3,
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the model, the workflow, and the main features of PULSim
are introduced.The software’s capability to provide users and
third-party applications with an open interface for dynamic
interaction and flexible extension is presented in Section 4,
along with several use cases and scenarios. Finally, the
perspective of further development is discussed in Section 6.

2. Applications of Railway Simulation and the
Limitations of Existing Simulation Tools

For railway planning and operations, simulation approaches
have been widely used by researchers, railway infrastructure
companies, and railway operating companies. In German-
speaking countries and Europe in general, the simulation
software RailSys (developed by Rail Management Consul-
tants GmbH, [1]), OpenTrack (from OpenTrack Railway
Technology Ltd., [2]), and LUKS (by VIA Consulting & De-
velopmentGmbH, [3]) are very practical for railway planning
and operations.

The potential areas of application of simulation tools
include technical feasibility studies, determination of con-
flicts, evaluation of the quality of a timetable, capacity
research, and dispatching. Simulation tools can be used, for
example, to build a test environment for the evaluation of the
technical feasibility and the benefits of using the European
Train Control System (ETCS) [4]. To investigate potential
conflicts, a timetable simulation can be carried out, and the
resulting waiting time can be determined as well [5, 6]. In cer-
tain situations, various optimisation functions can be added
to a timetable simulation in order to reduce hindrances and
waiting time of train runs. As a deterministic process in
principle, the possible influence and variances during railway
operations are not considered in a timetable simulation. If
the robustness and stability of a timetable are matters of
concern, a so-called operational simulation can be carried
out, in which stochastic influences will be introduced. The
robustness and stability of the investigated timetable can
be derived according to statistical indicators, which are cal-
culated based on the outputs of several rounds of simula-
tion with different randomly generated influences [7, 8]. In
the area of capacity research, system performance can be
evaluated through simulating randomly generated timetables
for a certain operating program, a process which can, in
addition, identify bottlenecks and determine the quality of
an operating program [9]. The approach of capacity research
is implemented in the software tool PULEIV, developed by
the IEV (Institut für Eisenbahn- und Verkehrswesen der
Universitaet Stuttgart) for flexible analysis, evaluations and
reports [10]. Simulation approaches can not only be used to
identify conflicts, but also to generate a feasible dispatching
timetable to resolve conflicts [11, 12], as well as to study the
relationship between systems performance and dispatching
measurements [13, 14].

At the beginning of development of a certain simulation
tool, its further possible applications are often unknown
by its developers. Therefore, it is difficult to foresee and
to provide specifically desired functions and outputs, even
if the simulation tool would theoretically able to fulfil
said requirements. Hence, an open interface that enables

customisation for user-based, adaptable simulation processes
is a vital factor for the success of a simulation tool. Unfortu-
nately, currently available simulation tools for railway plan-
ning and operations lack, in large part, transparent standards
and open interfaces. Some internal workflows, such as the
applied dispatching algorithm and the implementation of
signalling systems, are not sufficiently documented for users
and third party individuals and, as such, it is difficult for the
end-user to understand the internal assumptions and sim-
plifications made within these tools. The outputs of various
simulation tools are insufficient and not standardised with
insufficient documentation, which prevents users from car-
rying out further evaluation and optimisation. In addition, it
is almost impossible to organise user-defined workflows and
to integrate new functions into the existing simulation tools,
which leads to constraints in their usability and applicability.
The high efforts required for further evaluation decrease the
efficiency and effectiveness of these simulation approaches. In
addition, somewell-known issues, such as deadlock problems
in synchronous simulations, have not been addressed suf-
ficiently. Once deadlocks take place, the simulation process
must be cancelled or be solved manually, which greatly limits
the usability of the simulation tool as well.

A user-based, adaptable simulation tool, PULSim, has
been developed in recent years. In [15, 16], the tool was known
as DoSim. The name has been changed to PULSim in order
to conform to the naming convention of software tools in the
IEV. PULSim provides a platform for railway simulation with
a unifiedmodel, a transparent workflow, and open interfaces.
Critically, PULSim provides the possibility for third-party
applications to be flexibly integrated into the software. The
functionality of PULSim can be extended thanks to its open
interface, and the software has been tested with several
railway networks in Germany. At the moment, the software
is available for download from GitHub (https://github.com/
herrcui/RailView/wiki), with the instructions for installing
and using it provided with demo data. The user manual and
the open interfaces are planned to be comprehensively doc-
umented and published in further development. The Con-
tinuous Integration (CI) for open access and updates will be
implemented as well. In this paper, the model, the workflow,
and the Graphical User Interface (GUI) are presented. Three
special features of PULSim are outlined in particular:

(i) Dispatching mechanism
(ii) Deadlock avoidance
(iii) Open interfaces for user-based adaptable simulation.

An introduction of the model, the workflow, and the GUI of
PULSim is provided in Section 3.1. In Sections 3.2 and 3.3, the
design of the dispatchingmechanismanddeadlock avoidance
are explained. The open interface for user-based adaptable
simulation and its applications are introduced in Sections 4
and 5.

3. Introduction of Simulation Tool PULSim

3.1. The Model, the Workflow, and the GUI of PULSim.
In PULSim, the infrastructure, rolling stocks, and railway

https://github.com/herrcui/RailView/wiki
https://github.com/herrcui/RailView/wiki
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Figure 1: An example of event scheduling and calculation of running dynamics.

operations are modelled as components of railway systems.
Attributes are used to describe the static and the dynamic
information. The static information refers to the invariant
values of the railway systems, for example, the length of
a track, the configuration of a train, and the scheduled
departure time of a train run. The dynamic information will
vary along the duration of the simulation. For example, the
aspect of a signal, the running dynamics of a train, and
the occupancy situation of a track are updated continuously
during the simulation. The model applied in PULSim pro-
vides a basis for multiscale simulation on the microscopic,
mesoscopic, and macroscopic levels [17].

An internal class model of railway systems comes built-
in with PULSim. This model is the further development and
extension from the IEV core model [18]. The publication of
the detailed design of this model, and its workflow, is planned
for 2018. It will also consist of the details of the open interfaces
for interacting with the model along with the software.
Particularly, the basic structures and the path components
based on the infrastructure element model are developed in
the core model, so that the macroscopic, mesoscopic, and the
microscopic models are fully integrated (the infrastructure
element model is a microscopic model to model the basic
infrastructure elements including tracks, turnouts, crossings,
and single and double slips. A basic structure is defined
as a basic occupancy element in which all parts should be
equally occupied, regardless of the design of the operating
program. A path component is a directed edge inside a
block section used for train runs, which can be released
separately as a directed occupancy element. Basic structures
and path components are modelled for themesoscopic level).
This model can be used for various purposes, including
capacity research, bottleneck analysis, and train dispatching
[19]. It is independent of a concrete data format, which
allows users to concentrate on the workflow and the business
logic of railway planning and operations without requiring
knowledge relating to a certain data format. Additional
parsers are required to convert different data formats into the
class model. At the moment, the data format used by RailSys

[1] is supported by PULSim. The development of the parser
to support railML [20] is in progress.

The workflow for an event-driven simulation is applied
in PULSim. An event is defined as an occurrence that may
change the attributes of the system at a certain point in time.
During the simulation process, a series of time points for
the occurrence of an event are identified and continuously
updated. The system evolves over the series of time points.
During a simulation process, the attributes (dynamic infor-
mation) of the system (e.g., the position of a train) may
be changed continuously. In PULSim, only that change of
attribute, which causes interactions between two or more
components or triggers another event, is considered a discrete
event. Otherwise, the changes of the running dynamics, for
example, the continuous variation of train velocity, will be
handled at each discrete time point by the train itself, without
requiring an explicit event. Hence, the event-driven process
in PULSim can be organised efficiently with a limited number
of events.

During the simulation process, a running time calcula-
tion is carried out for each individual train run. The change
of position and velocity of each train will not be treated as an
event. Instead, the events will be scheduledwith respect to the
signalling system. An example of organising an event-driven
simulation is shown in Figure 1. After a train has received a
Movement Authority (MA) at point A, the complete speed
profile will be calculated until the End of Authority (EOA)
at main signal S2. The corresponding events from point A to
EOA S2 are scheduled. At point B, a newMA ending at main
signal S3 is granted.The train movement from B to S3 will be
calculated. Meanwhile, the events already scheduled between
B and S2 will be discarded, since the running dynamics from
B to S2 will be updated with the newly calculated speed
profile. The events from B to S3 will be rescheduled and
updated again.

Once a request of infrastructure resources is sent, the cur-
rent operational situation will be observed by the dispatching
module. The requested infrastructure resources can only be
granted at a conflict-free and deadlock-free situation.
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Figure 2: Screenshot of “Network/Train Run” view in PULSim.

A simple First Come First Served (FCFS) algorithm is
provided by PULSim as a default module to solve occupancy
conflicts. It can be replaced with a customised dispatching
module provided by the user (see Section 3.2). A standard
solution for deadlock avoidance, combinedwith the approach
of searching for feasible resources to reduce false-positive
situations, is provided in PULSim as well (see Section 3.3).

The design of the GUI in PULSim aims to provide
the user with an insightful view during the process of
railway simulation and to support efficient user interaction.
Therefore, the concepts of visualisation and interaction are
considered critical areas of focus. Various user interfaces are
organised in different views. The movement of train runs in
the railway network (the view of “Network/Train Run”), the
information behind the scenes (“Analyse and Evaluation”),
and the interaction between the simulation tool and users
(“Open Interface”) are provided.

In Figure 2, the screenshot of the “Network/Train Run”
view is presented. This is a standard function provided by
almost all railway simulation tools. A control panel can start,
pause, or stop a simulation. Trains are marked in green, red,
or yellow, which represent a train without hindrances, with
hindrances due to occupancy conflicts, or with hindrances
due to deadlocks, respectively. In order to enable a quick
switch among different views, a floating navigator is set on
top of the screen.

The function of tracing the occurrence of events is
provided by PULSim.Within this view, users can observe the
entire workflow of the simulation within the diagram of the
blocking time stairway and running dynamics for each train
run (Figure 3). Other evaluation views for the illustration of
occupancy and hindrance of the running simulation are also
provided. In addition, an “Open Interface” view to achieve
a user-based, adaptable simulation is built into PULSim (see
Section 4).

3.2. Dispatching Mechanism of PULSIM. With conventional
dispatching approaches [21], the dispatching algorithm is
activated once one or more potential conflicts are identified.
However, it might be too late to start train dispatching at the

Figure 3: Screenshot of tracing events and train run.

time of the occurrence of conflicts. Furthermore, it is neces-
sary to check for potential conflicts within the conventional
dispatching systems periodically. The timing for identifica-
tion of conflicts is critical. On one hand, some conflicts may
be overlooked using a long time interval between two rounds
of checks; on the other hand, overly frequent checks might
lead to performance issues.

In PULSim, a new conflict identification/resolution
mechanism is implemented. In contrast with other conven-
tional dispatching approaches, the activation of a designed
algorithm for train dispatching is not initiated at the time of
facing conflicts, but at an earlier time, at which a train has
the chance to occupy the requested infrastructure resources.
For example, if the action to occupy the requested resources
would produce significant hindrances on other trains, the
train will give up the chance of occupancy. Therefore, poten-
tial conflicts from potential hindrances can be prevented
in advance. In addition, this mechanism suits the work-
flow of event-driven simulation. A periodical examination
of conflicts in a fixed time interval is not necessary; any
potential conflicts can be identified and resolved at the time
a Movement Authority is able to be granted.

In order to better illustrate this phenomenon, Figure 4
provides an example of giving up the opportunity of occu-
pancy [15]. Within it, Train T1 is requesting occupancy of the
route from signals S1 to S3. This route is not currently occu-
pied by other trains (conflict-free), and its occupancy will not
cause deadlocks (deadlock-free). Deadlocks may, indeed, be
regarded as a type of conflict in train dispatching. In order to
differentiate between occupancy conflicts and deadlocks, the
term conflict-free and deadlock-free are used in this paper.
There is a train T0 occupying the route from S3 to S5. Its
occupancy time along this route is assumed to be very high
due to a technical failure of train T0. If train T1 occupies the
route fromS1 to S3, trains T2 andT3, whichwill take the route
from S2 to S4, must wait until the technical failure of T0 has
been resolved. It would be more efficient if train T1 were to
give up the chance of occupancy and wait before signal S2.
Therefore, potential hindrances and conflicts can be reduced
or avoided in advance.

The workflow of the dispatching mechanism is shown
in Figure 5. As usual, a request will be pended in case of
conflicts or deadlocks. A special feature for train dispatching
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Figure 5: The dispatching mechanism in PULSim.

is designed when a request for infrastructure resources is
conflict-free and deadlock-free. In this case, the train still has
to evaluate the operational situation before it occupies the
requested infrastructure resources. The decision of whether
or not to give up the chance of occupancy depends on
the applied dispatching algorithm, which is illustrated as
the activity “do dispatching” (see Figure 5). On the basis
of a FCFS strategy, the train will always take the chance
to occupy the requested infrastructure resources. The FCFS
strategy is implemented in PULSim by default, and if a
dispatching strategy other than FCFS is applied, the train
may give up the chance of occupancy according to certain
dispatching objectives (e.g., to reduce total hindrances). The
request will be then pended for the next round of dispatching.
In addition, the dispatching mechanism also supports the
implementation of applying alternative routes.

Although FCFS is currently the only strategy imple-
mented in PULSim, users can customise and integrate their
own dispatching algorithms into the dispatching process.
This is achieved through the open interface and a standard
workflow (see Section 4). Inside the workflow, users can
define their own implementation to calculate the predicted
effects for all possible dispatching actions (to occupy, to give
up, or to choose an alternative route).The actionwith the best
effects (e.g., with the minimal waiting time) will be chosen as
the dispatching decision.

An example of using user-customised dispatching algo-
rithms is published on GitHub (https://github.com/herrcui/
RailView/blob/master/PULSimReleases/scripts/railapp.dis-
patching.services.ExternalDispatchingService.py). Within
this example, the delays experienced by conflicting trains

are retrieved from the simulation model by comparing the
current departure/arrival times with the scheduled depar-
ture/arrival times.The example utilises a simple form of logic
in order to illustrate the usage of the open interface. That
is, the train experiencing the longest delay will receive the
highest priority.

A Java interface is defined for users to provide customised
train dispatching. Through the interface, a list of resulting
states according to the generated possible actions will be
given from PULSim as input. A state is a multidimensional
list, which represents the resulting occupancy situation of
an action for each train. The predicted occupancy situation
includes the lists of the occupied infrastructure resources,
as well as the start and end of the blocking time for each
infrastructure resource. It should be noted that a state is not
conflict-free. Users can implement their own algorithm to
identify and to resolve conflicts. As a basis, all trains predict
their further occupancy situation as if other trains do not
exist. The predicted occupancy situation will then be shifted
or changed according to a certain action. For the action to
occupy the requested infrastructure resources by a train T,
the blocking time of the infrastructure resources for other
trains should be shifted until the infrastructure resources
are released the train T. Similarly, if a train T gives up the
chance of occupancy towait for another train T, the blocking
time of other related trains should also be shifted, until
the infrastructure resources are released by T. Hence, the
current operational situation and the action to be taken are
represented in the form of the resulting states.

Users can implement the method “determineAction” to
determine a dispatching action. The method returns an

https://github.com/herrcui/RailView/blob/master/PULSimReleases/scripts/railapp.dispatching.services.ExternalDispatchingService.py
https://github.com/herrcui/RailView/blob/master/PULSimReleases/scripts/railapp.dispatching.services.ExternalDispatchingService.py
https://github.com/herrcui/RailView/blob/master/PULSimReleases/scripts/railapp.dispatching.services.ExternalDispatchingService.py
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Figure 6: Searching feasible resources to reduce false-positive situations with the Banker’s algorithm [15].

index of the given actions, which indicates the chosen
action according to a specific dispatching objective (e.g.,
with minimal waiting time). At the moment, an algorithm
based on reinforcement learning for train dispatching is being
developed. A preliminary investigation to evaluate the effects
for a certain state and a given action is described in Section 5.

3.3. Deadlock Avoidance Based on Banker’s Algorithm. Dead-
lock problems [22] arewell-known in the area of synchronous
simulation. Some approaches of deadlock avoidance are
proposed in [23–26]. PULSim applies a method based on
the Banker’s algorithm [27], which was initially used for the
purposes of railway simulation in [11]. Once a train requests
to occupy one or several infrastructure resources, a deadlock-
free test will be carried out based on the Banker’s algorithm.
The workflow of this deadlock-free test is straightforward;
if all the required infrastructure resources along the path
of a train are available (in other words, not occupied by
other trains), the train will be identified as a passed train.
All the resources occupied by the passed train will be
then returned to the system. The deadlock-free test will
be executed iteratively for every train, until all trains have
been identified as passed trains. In this case, a deadlock-free
situation can be always guaranteed, since the feasibility of
resource allocation has been proven.

If there are some trains remaining, whose required
infrastructure resources are not available, the situation will
be regarded as being in an unsafe state. It should be noted
that an unsafe state does not necessarily result in a deadlock
situation. A false-positive situation is defined in [11] as a
deadlock-free test result that is read as positive but is actually
negative. False-positive situations should be reduced to avoid
unnecessary waiting time due to the overly strict rules in
deadlock-free tests.

A method to search for feasible resources for reducing
false-positive situations with the Banker’s algorithm is imple-
mented in PULSim (Figure 6). Feasible resources are defined
as one or more connected and not yet granted infrastructure
resources in the further path of a train. If the train occupies
the feasible resources, a circular wait situation should not
take place. The circular wait situation is one of the necessary
conditions for deadlocks [25].Once the circularwait situation
is eliminated, the feasible resources can be granted to the

train without deadlocks, even if the train has not passed the
deadlock-free test through the Banker’s algorithm. In [15], the
approaches to identify feasible tracks as well as the effects of
reducing false-positive situations are presented in detail.

In this method, a request for infrastructure resources will
be at first analysed in accordancewith the Banker’s algorithm.
Upon passing this test, the requested infrastructure resources
can be safely granted to the requesting train. In case a request
fails to pass the test with the Banker’s algorithm, the method
of searching for feasible resources will commence. If feasible
resources are indeed available, the train’s request may still be
approved.

The aforementioned combination of the Banker’s algo-
rithm and the method of searching for feasible resources
can ensure a high applicability and efficiency for deadlock
avoidance. This method has been proven in PULSIM for
several practical applications and case studies. For example, a
real railway network in Germany is used for the case studies,
consisting of 129 stations, including a large terminus station,
and 2,388 train runs. Even with randomly shuffled departure
times of train runs, deadlocks can be successfully avoided.
Another extreme example is also available on GitHub. For a
highly congested network with a high potential of deadlocks,
the software PULSim is still able to simulate all the train runs
without deadlocks.

4. User-Based Adaptable Simulation

4.1. Open Interface of Railway Simulation Tools. A simulation
tool serves as the basis for further investigations into railway
planning and operations, in which the output of a simulation
can be used as the input of other applications. Evaluation of
the simulation output is the most popular use case of these
applications. Therefore, the interaction between a simulation
tool and other applications for evaluation of simulation
output should be enabled.

The interactions for evaluation can be categorised as
either offline or online evaluations. In the case of offline
evaluation, the data generated by the simulation tool will be
initially stored and will be analysed afterwards. This process
is suitable for a middle-term or long-term evaluation with a
very large amount of data.The saved log files can be reused in
the future for other purposes of evaluation without requiring
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an additional run of simulation. With an online evaluation,
the evaluation between a simulation tool and third-party
applications can be achieved efficiently through exchanging
real-time data. A built-in package in the simulation tool or
an open interface supporting direct data access is required for
online evaluation. Sometimes, the output of the third-party
applications will be fed back to the simulation tool. In order
to exchange information for further evaluation and analysis,
open interfaces between a simulation tool and other third-
party applications are provided in PULSim.

When conducting offline evaluation, it is very common
to define the format and the schematic structure of the saved
log files as an open interface. Popular formats of the log files
include Extensible Markup Language (XML) files, Comma
Separated Values (CSV), files or plain text files. As an open
interface, the format and the schematic definition of the
output files should be provided and published in advance.
At the time that a simulation tool is developed, its possible
usage cases may still be unknown. Therefore, it is a challenge
to ensure that the tool provides open interfaces for further
possible applications at an early stage. Currently, an open and
standardised interface for the output of railway simulation
is not available, with each simulation tool possessing its
own definition for the output of simulation. Attempts to
unify various outputs generated from different simulation
tools require considerable effort. Certain simulation tools
output log files without a published interface, which can
be used in internal testing for various special purposes. It
is not recommended to use these data due to the lack of
documentation and support, although the information may
be inferred from the contents of the files.

For online evaluation, the output of simulation can be
retrieved and analysed directly through an open interface.
The process of railway planning and operations can be
evaluated and optimised by tuning the parameters of the
simulation tools in real time. The open interface can be
provided either from an open Application Programming
Interface (API) or in the form of a scripting language.

An open API enables a dynamic data exchange via
directly accessing the simulation tool from other third-party
applications. In the simulation tool OpenTrack, the open API
is provided in the form of web services [28], from which a
third-party application can send messages as commands to
OpenTrack and retrieve the output as status messages back
to the application. The commands and the status messages
are transferred in a machine readable format, according to
the Simple Object Access Protocol (SOAP) over Hypertext
Transfer Protocol (HTTP). An example use case of using the
OpenTrack API for train dispatching is presented in [28].
New dispatching algorithms and prototypes are tested in a
simulation environment, in which the realistic situation is
replaced by the simulation tool OpenTrack. The commands
and status messages in the same format used in reality are
exchanged between the dispatching software andOpenTrack.
Hence, the newly developed dispatching algorithms can be
evaluated in an inexpensive experimental environment.

The system performance and efforts required for the
development and maintenance of an open API solution
should be considered.The amount of data in railway planning

and operations is usually very large. Taking the example of
using a web service with SOAP, the enveloped and transferred
messages via XML data will cause a high overhead for
communication, which will impact the performance of the
system. Large software vendors and tools are often required
for the implementation and development of web service solu-
tions, which makes such a situation infeasible for researchers
and institutes who are interested in rapid development with
lightweight solutions. In addition, the complexity of learning
the web service-based system and the induced efforts for
debugging, testing, and maintaining the entire system are
considerable.

Another option for an open interface is to use scripting
language, which can combine the advantages of both offline
evaluation and online evaluation. A scripting language is a
programming language in the form of a series of imperative
commands, which are executed in a certain run-time envi-
ronment. These commands are interpreted during the run-
time without needing to be compiled. Hence, sophisticated
processes can be customised by users in an adaptable way.
With scripting languages, the output of simulation can be
either exported as log files for offline evaluation, or be
accessed online via the provided interfaces (commands).
Upon the demands and the required system performance, a
user can flexibly decide the mode of interaction. A scripting
language hides the internal structure and the implementation
details of a complex system, which enables the user to
concentrate on the core functions and the integration of the
functions. The complexity of learning the system and the
efforts for development, deployment, and maintenance are
therefore significantly reduced.

Using open interfaceswith scripting language can provide
additional advantages in balancing the requirements of trans-
parency and the complexity in development. It is important
for users to understand the mechanism and the assumptions
of a simulation tool. The open-source method would be
an option to promote transparency and open collaboration.
However, an excessive amount of implementation details of
the complete source code will increase the complexity in
comprehension. It should be noted that most users of railway
simulation tools are interested principally in the domain
logics related to railway planning and operations. Therefore,
open interfaces will provide a moderate level of details for
researchers to enable rapid development and integration of
their own algorithm. As a precondition, the mechanism of
the simulation tool should be published, so that users can
customise their own logic based on the utilised mechanism.
Hence, the internal assumptions and mechanism can be
naturally understood by users according to the well-specified
open interfaces. For example, the internal mechanism of
dispatching systems should be specified in advance (see
Section 3.2). As long as a customised dispatching algorithm
is implemented, the mechanism of train dispatching is
understood by users as well. In the future, the mechanism
of running time calculations and signalling systems will be
published in the form of open interfaces to users as well.

Other simulation tools also provide some open access
to their internals. For example, the parameters used in
RailSys andOpenTrack can be viewed and set through system



8 Journal of Advanced Transportation

Py4J

GatewayServer JavaGateway

PULSim Entry
point

Java Python

Python program

Figure 7: Py2J: accessing Java objects and services from Python.

Py4J

Java Python

Python script
PULSim

(Java)
Listener

(entry point)

ClientServer

Figure 8: J2Py: accessing Python script from Java.

configuration. Users can also interact with OpenTrack
through web services. PULSim provides additional support
for customised simulation workflow and integration of their
own algorithm. In Sections 4.2 and 5, the implementation
of an open interface with scripting language and the appli-
cations of using the open interface provided by PULSim are
presented.

4.2. The PULSim Implementation. In PULSim, a user-based
adaptable interface for the simulation, evaluation, and opti-
misation for different applications is built using scripting
language. Scripting languages can be categorised as either
domain-specific languages or general-purpose languages. A
domain-specific language is specifically designed for a certain
application and platform, and an external parser is needed
to interpret its commands. Additional efforts are required for
users to learn the language. With general-purpose languages,
and plenty of support, libraries and documentation are
available, which usually allows users to obtain sufficient
knowledge of general-purpose languages with lower learning
efforts. In addition, most general-purpose languages are
easily extended for certain special purposes.

Popular general-purpose scripting languages include
Python, Perl, and Ruby. Among others, Python has been
widely used for rapid and efficient development with plenty
of extensions. Particularly, most implementations of machine
learning in recent years have been written in Python.
Therefore, Python is utilised as the scripting language in
PULSim, and the open-source framework Py4J [29] is inte-
grated within the software. Py4J enables Java programs to
access Python code and also provides interfaces for Python

programs to access Java objects. It works in a client-server
mode for both directions.

In order to access Java objects from a Python program,
the class GatewayServer should be at first initiated and started
in Java code, taking an entry class as an entry point. The
Python program will call the methods provided by the entry
point through JavaGateway. Thereby, the Python program
can access Java objects and services provided by PULSim.
The mechanism of accessing Java objects and services from
Python (Py2J) is shown in Figure 7.

To enable the Java code running in PULSim to access a
Python script, a ClientServer class is initialised to start the
Python script, which implements a listener interface defined
in PULSim. Hence, the listener will be used as an entry point
for Java code to access the functions provided by Python.The
mechanism of accessing Python script from Java (J2Py) is
shown in Figure 8.

The examples and the applications of using this bidirec-
tional communication for user-based, adaptable simulation
are described in Section 5.

5. Applications of User-Based
Adaptable Simulation

A very common requirement for user-based, adaptable simu-
lation is the ability to organise and customise several rounds
of simulation as well as the desired output of simulation.
For this purpose, PULSim provides an open interface for
timetable simulation for Python. A simulator for timetable
simulation can be obtained through the interface, in which
users can designate the investigated data of infrastructure,
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Figure 9: User interface for accessing Java services from Python in
PULSim (Py2J).

rolling stocks, and the timetable in the Python environment.
Other configurations, for example, the time period of the
simulation, can also be optionally specified for the simulator.
With a few lines of code, a timetable simulation can be carried
out in the Py2J mode (Figure 7).

The results of the simulation can be further analysed.
For example, the occupancy and hindrance values during the
simulation are matters of interest for purposes of capacity
research. In Figure 9, the user interface for a timetable
simulation with the outputs of occupancy and hindrance is
shown.The editor for the Python program, the Py4J libraries,
and the output window of the running Python program are
integrated into PULSim as well.

In addition to being saved in log files for an offline evalu-
ation, the output can also be directly retrieved by the Python
program for further calculation and online evaluation. This
is especially useful in order to customise a complicated
workflow with many rounds of simulation. For example, to
derive the recommended area of traffic flow within the scope
of capacity research (source [10]) automatically, it is necessary
to seamlessly integrate the software for capacity research with
the simulation tools. Otherwise users would have to shift
between different software tools manually to simulate several
densified timetable variants.The advantage of the user-based,
adaptable simulation can also be gained in the process of
calibration of the parameters for operational simulation. In
[16], an automatic process for calibration is implemented by
the authors using PULSim. It is possible in this case, since the
developers for the calibration system are also the developers
of the simulation tool. However, if developers from a third
party want to implement the calibration process, it is difficult
if they do not have access and understanding of the source
code of the simulation tools. A Py2J interface can provide
the developer with the opportunity to adapt the disturbance
parameters through many rounds of operational simulation
iteratively, without the additional effort of interactingwith the
simulation tool.

Another advantage of user-based, adaptable simulation
is the enhancement of the capabilities of the simulation tool
through third-party software and algorithms. Today,machine

Figure 10: Prediction of total waiting time with TensorFlow (J2Py).

learning plays an increasingly important role in learning and
making predictions about data. Nowadays, many software
packages for machine learning are implemented in Python,
for example, Scikit-Learn [30], Theano [31], and Google
TensorFlow [32]. PULSim is able to access these available
Python-based software tools and to perform a learning pro-
cess through J2Py communication (Figure 8). The desired
functions formachine learning can be initially defined in a lis-
tener in PULSim. A Python script will implement the listener
interface in order to carry out the learning process. PULSim
will provide the training data for the Python-based software
tools, which enables the learning process to be carried out
either offline or online.

The authors are carrying out a case study, which integrates
Google TensorFlow with PULSim to predict the total waiting
time of a dispatching action. The case study is taken from a
real railway network in Germany with 71 stations. There are
in total 1350 trains running in the entire investigated day.The
simulated timetable is not conflict-free; a dispatching action
has to be taken for a certain state with occupancy conflicts.
For a given state, there are several possible dispatching actions
to be taken.The task of the dispatching system is to decide on
a certain action as the dispatching decision, which results in
the minimum possible waiting time. Therefore, the resulting
total waiting time for a given state and a certain action has to
be predicted exactly.This can be achieved through supervised
learning. The object of learning is to minimise the Mean
Squared Error (MSE) between the real waiting time and the
predicted waiting time. During the simulation process, the
states and the actions to be taken are recorded in the form of
resulting states by PULSim as input (see Section 3.2), and the
resulting total waiting time are learned as output. The total
waiting time is learned and predicted by the Python script
within the framework of TensorFlow.

With the case study, 12,000 resulting states and the total
waiting time are fed into a Convolutional Neural Network
(CNN) as training data, and 1,000 resulting states and the
total waiting time are used as validation data. The CNN is at
first trained with the training data and then validated with
the validation data. The average value of the real waiting
time for the training and validation data is 44.63 minutes.
In Figure 10, the results are shown in Google TensorBoard,
which is a tool provided for the visualisation of the learning
process. The training curve represents the change of MSE
for the training data along iterations, and the validation
curve represents the MSE for the validation data along
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iterations. After ten iterations of training on batch data, an
epoch of validation is carried out. Hence, the iterations for
training are ten times the iterations of validation. At the
moment, the mean error of the predicted total waiting time
from the training data is around 1 to 2 minutes, and the
mean error of the predicted total waiting time from the
validation data is around 8 minutes. The accuracy should be
further improved through tuning the hyperparameter of the
model.

6. Conclusion and Perspectives

In this paper, a user-based, adaptable simulation tool PULSim
for railway planning and operations is presented. Supported
by its open interface, users and researchers can rapidly
develop their own algorithms to be integrated with PULSim.
The productivity of using simulation tools for evaluation
and optimisation of railway planning and operations will be
improved significantly.

More interfaces will be provided in the further develop-
ments of PULSim. Special focus will be placed on the inte-
gration of varied signalling systems, dispatching algorithms,
and the flexible configuration of operational simulation. The
further developed interfaces will be built according to the
demands and the feedback from users of the software. For
example, in order to find an optimised setting of block sec-
tions, an interface to allow flexible placement of signals can be
provided.Theposition of signals can be adjusted dynamically,
so that the effects for different variants can be evaluated and
optimised by the user-defined optimisation algorithm. In fur-
ther development, additional dispatching actions, including
the extension or shortening of train paths, along with the
reordering or cancellation of train runs, should be integrated
into PULSim for both railway simulation and real operations
control.

Having the large amount of data generated by PULSim,
various machine learning algorithms can be further applied
to reveal and predict the systembehaviour of complex railway
systems. PULSim enables a simple integration of the simula-
tion platform and popular machine learning software. Fur-
thermore, it is a growing trend to carry out machine learning
combined with the technology of big data. Since PULSim is
developed in Java, it can be naturally integrated with Apache
Hadoop [33], which is a Java-based software framework
for managing and processing large amounts of data. The
efficiency and the effectiveness of railway planning and oper-
ations will be continuously improved through integrating
cutting-edge technologies with PULSim.
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The aim of this paper is to provide an analytical approach for determining operational parameters for metro systems so as to
support the planning and implementation of energy-saving strategies. Indeed, one of the main targets of train operating companies
is to identify and implement suitable strategies for reducing energy consumption. For this purpose, researchers and practitioners
have developed energy-efficient driving profiles with the aim of optimising train motion. However, as such profiles generally entail
an increase in travel times, the operating parameters in the planned timetable need to be appropriately recalibrated. Against this
background, this paper develops a suitable methodology for estimating reserve times which represent the main rate of extra time
needed to put ecodriving strategies in place. Our proposal is to exploit layover times (i.e., times spent by a train at the terminus
waiting for the next trip) for energy-saving purposes, keeping buffer times intact in order to preserve the flexibility and robustness
of the timetable in case of delays. In order to show its feasibility, the approach was applied in the case of a real metro context, whose
service frequency was duly taken into account. In particular, after stochastic analysis of the parameters involved for calibrating
suitable buffer times, different operating schemes were simulated by analysing the relationship between layover times, number of
convoys, and feasible headway values. Finally, some operation configurations are analysed in order to quantify the amount of energy
that can be saved.

1. Introduction

Rail transport systems are undoubtedly the best solution
to satisfy high travel demand in densely populated areas:
they offer high transport capacity, are unaffected by traffic
congestion, and are able to reduce, capturing users from road
transport, greenhouse gas (GHG) and air pollutant emissions.
The importance of rail transport systems has increased in
recent decades since environmental issues assumed a crucial
role in transport policy at all territorial levels, whether
worldwide, continental, country-wide, or at the more local
scale. For instance,most of the EuropeanUnion’s [1] transport
policy targets environmental issues and especially transport
emissions. Indeed, to achieve the EU’s objective to reduce
transport emissions by 60% by the year 2050, two main
strategies are involved: promotion of rail transport for both
passengers and goods and improvement in vehicle energy
efficiency.

Since 72.8% of GHG emissions in the transportation
sector are produced by road traffic [2], it is important to
increase the attractiveness of rail transport.This can be partly
achieved by promoting intermodality between trains and
buses [3–5]. Other strategies for promoting the use of rail
systems are to increase service quality [6–8], reliability [9–11],
and competitivenesswith personal cars, by optimising service
schedules and operations [12–15].

Energy efficiency in rail systems can be achieved by
operating on vehicles, engines, and/or driving styles. In this
paper we refer to driving styles that affect and interact with
schedules: an energy-efficient driving style (or eco-driving)
may need to modify running times and schedules.

Aswill be clarified in the next section, eco-drive strategies
are mainly based on available reserve times on each railway
section (between two stations) or, in some cases, at the
terminus. Indeed, eco-driving increases train running times
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and, if the scheduled timetables are to bemaintained, only the
available reserve time can be used.

When a timetable is designed, reserve times are usually
defined according to the expected regularity of the service,
without considering their (possible) utility in energy-efficient
driving strategies. The aim of this paper is to provide an
analytical approach for defining operational parameters for
metro systems, including reserve times, considering explicitly
their utility for implementing energy-saving strategies.

The paper is organised as follows: in Section 2, railway
energy-efficient driving is examined; in Section 3 the ana-
lytical approach of our proposal is described; in Section 4
the methodology is applied in the case of a real metro line;
finally, conclusions and research prospects are summarised
in Section 5.

2. Railway Energy-Efficient Driving

Reducing the energy consumption of railway systems is cur-
rently considered an important objective in the transporta-
tion sector. Several approaches can be adopted to achieve this
result: the design of low-consumption engines, the provision
of efficient energy recovery systems, and the optimisation of
both schedules, so as to reduce peaks in energy demand and
train diving styles.

Energy-efficient driving, or eco-driving, has been widely
studied in the literature. Most approaches are based on the
application of optimal control theory in the case of railway
contexts [16–18].

The effectiveness of energy-efficient driving strategies was
underlined in [19, 20]. Interesting results were obtained in
[21], where driving profiles were optimised by considering as
constraints the operational requirements of railways. In [22],
an optimisation framework based on a genetic algorithmwas
proposed for minimising energy consumption.

Other papers focusing on this issue are [23–26]; real-time
optimisation was studied in [27, 28]. In [29], the potential
effects of energy-efficient driving profiles on consumption
were studied with a parametric approach in an Italian region;
the results showed that up to 20% of total traction energy
can be saved by optimising speed profiles and up to 35% if
trains are equipped with braking energy recovery systems.
Simulation-based methods can be found in [30–33].

The impact and integration of such procedures within
the more complex problem of optimal train scheduling were
studied in [34, 35]. Finally, in [36] energy-saving driving
methods were applied to freight trains.

The starting point of any analysis is to define themechan-
ical kinetic energy required to move a rail convoy during a
time interval which may be calculated as follows:

𝐸 (Δ𝑡) = ∫Δ𝑡
0

𝑑𝐸 (𝜏) = ∫Δ𝑡
0

𝑃 (𝜏) ⋅ 𝑑𝜏
= ∫Δ𝑡
0

𝑇 (V (𝜏)) ⋅ V (𝜏) ⋅ 𝑑𝜏,
(1)

where 𝐸(Δ𝑡) is the kinetic energy required during time
interval Δ𝑡; Δ𝑡 is the generic time interval; 𝑑𝐸(𝜏) is the
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Figure 1: Speed profile in the case of a Time Optimal (TO) strategy.

increase in kinetic energy at time 𝜏; 𝜏 is the generic time
instant; 𝑃(𝜏) is the instantaneous power at time 𝜏; 𝑑𝜏 is the
generic infinitesimal time interval; V(𝜏) is the instantaneous
speed at time 𝜏; and 𝑇(⋅) is the tractive effort (i.e., tractive
force) at rail wheels which depends on instantaneous speed
V(⋅).

Most approaches proposed in the literature (see, e.g.,
[37–39]) are based on the definition of a reference scenario,
indicated as the Time Optimal (TO) scenario, which consists
in considering the movement of the rail convoy in the
case of maximum performance: the train first accelerates
with maximum acceleration to reach the maximum speed
(acceleration phase), then travels at constant maximum speed
(cruising phase), and finally brakes at maximum deceleration
(deceleration phase). This scenario provides the lowest travel
time but the maximum energy consumption.

Figure 1 provides a generic speed profile in the case of a
TO strategywith the simplifying assumption of instantaneous
variation of acceleration (i.e., the jerk value equal to +∞),
while in real cases, the jerk value is a finite quantity.

The total travel time between two successive stops (i.e.,
stations or red signals) in the case of strategy TO may be
formulated as follows:

𝑡TO = 𝑡acc + 𝑡cru + 𝑡dec, (2)

where 𝑡TO is the travel time in the case of a TO strategy; 𝑡acc
is the time duration of the acceleration phase; 𝑡cru is the time
duration of the cruising phase; and 𝑡dec is the time duration
of the deceleration phase.

Since parameter fluctuations are generally stochastic (e.g.,
a drivermay adopt different values of acceleration, speed, and
deceleration), when designing timetables UIC [40] suggests
increasing the total travel time (i.e., the minimum running
time) by a running time reserve of about 3–8% in order to
provide a reserve in the case of reduced performance, thereby
avoiding the onset of delays. Most Energy-Saving (ES) strate-
gies proposed in the literature are based on adopting different
speed profiles which consume less energy but require more
time. The additional time may be obtained by consuming a
part of the reserve time. In particular, these strategies may be
classified according to two approaches:

(i) Thefirst, where between the cruising and deceleration
phases an additional phase is inserted, referred to as
the coasting phase, where the engine is stopped and
the train moves by inertia
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Figure 2: Speed profile in the case of Energy-Saving (ES) strategy 1.

(ii) The second where a lower maximum speed is
adopted.

Figure 2 provides a generic speed profile in the case of the first
ES strategy with the same assumption of jerk values adopted
in the case of strategy TO. In this case, the total travel time
between two successive stops (i.e., stations or red signals)may
be formulated as

𝑡ES1 = 𝑡acc + 𝑡cru + 𝑡cos + 𝑡dec (3)

or equivalently

𝑡ES1 = 𝑡TO + Δ𝑡ES1, (4)

where 𝑡ES1 is the travel time in the case of the first ES strategy;𝑡cos is the time duration of the coasting phase; andΔ𝑡ES1 is the
increase in travel time in the case of the first ES strategy with
respect to strategy TO.

The increase in travel time due to implementing the first
ES strategy may be calculated by imposing the constancy of
the section length (i.e., the travel distance is independent of
the implemented strategy); that is,

Δ𝑠 = ∫𝑡TO
0

VTO (𝜏) ⋅ 𝑑𝜏 = ∫𝑡ES1
0

VES1 (𝜏) ⋅ 𝑑𝜏, (5)

where Δ𝑠 is the track length between the two successive stops
analysed, VTO(⋅) is the speed profile in the case of the TO
strategy as shown in Figure 1, and VES1(⋅) is the speed profile
in the case of the first ES strategy as shown in Figure 2. Hence,
by replacing (4) in (5), we obtain

∫𝑡TO+Δ𝑡ES1
𝑡TO

VES1 (𝜏) ⋅ 𝑑𝜏 = ∫𝑡TO
0

(VTO (𝜏) − VES1 (𝜏)) ⋅ 𝑑𝜏, (6)

where the increase in travel time, that is, term Δ𝑡ES1, repre-
sents the unknown variable to be determined.

Likewise, Figure 3 provides a generic speed profile in the
case of the second ES strategy with the same assumption of
jerk values adopted in the case of the TO strategy. In this
scenario, the total travel time between two successive stops
may be formulated as

𝑡ES2 = 𝑡acc + 𝑡cru + 𝑡dec (7)
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Figure 3: Speed profile in the case of Energy-Saving (ES) strategy 2.

or equivalently

𝑡ES2 = 𝑡TO + Δ𝑡ES2, (8)

where 𝑡ES2 is the travel time in the case of the second ES
strategy and Δ𝑡ES2 is the increase in travel time in the case
of the second ES strategy with respect to the TO strategy.

Also in the case of the second ES strategy, the increase in
travel time may be calculated by imposing the constancy of
the section length; that is,

Δ𝑠 = ∫𝑡TO
0

VTO (𝜏) ⋅ 𝑑𝜏 = ∫𝑡ES2
0

VES2 (𝜏) ⋅ 𝑑𝜏, (9)

where VES2(⋅) is the speed profile in the case of the second ES
strategy, as shown in Figure 3.

In this case, by replacing (8) in (9), we obtain

∫𝑡TO+Δ𝑡ES2
𝑡TO

VES2 (𝜏) ⋅ 𝑑𝜏 = ∫𝑡TO
0

(VTO (𝜏) − VES2 (𝜏)) ⋅ 𝑑𝜏, (10)

where the increase in travel time, that is, term Δ𝑡ES2, repre-
sents the unknown variable to be determined.

Adoption of the first or second approach depends on
the technological level of the rail system. Indeed, the first
approach requires the need to communicate to the train the
precise point at which the coasting phase begins. By con-
trast, the second approach requires simply communicating
a different speed limit and hence is more straightforward
to implement. However, most of the contributions in the
literature are based on considering the implementation of ES
strategies between two successive stops in order to preserve
arrivals and departures at each station.

Since a metro system may be considered a frequency
service [41, 42] where it is necessary to observe the average
headway between two successive convoys rather than a
timetable generally unknown to users, we propose to apply
the ES strategies by considering as mainstay the arrival
and departure times only at the terminus and not at the
intermediate stations. Hence, we suggest implementing any
strategy by considering the entire outward and return trip.
Obviously, implementation of any optimisation approach for
ensuring lower energy consumption requires the knowledge
and estimation of reserve times according to the formulation
proposed in the paper.
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3. The Analytical Approach

The aim of this paper is to determine the value of reserve
times in a metro system in order to quantify expendable time
resources for reducing energy consumption. The use of an
analytical approach arises from the need to have a system
of equations which allows a priori exclusion of all unfeasible
operative service configurations, as shown below. However,
since both ES strategies described in the previous section are
based on the extension of travel time, the following analytical
formulation can be applied in both cases. Moreover, in the
case of more complex layouts, such as in the case of rail
systems, the proposed approachmay be easily integratedwith
suitable train timetabling optimisation techniques.

Generally, we may define the minimum cycle time,
indicated as CTmin, as the minimum time required by a
convoy to complete the outward trip and the following return
trip and achieve the initial condition. It can be calculated as
follows:

CTmin = ∑
lot

ttlot +∑
sot

dtsot + itot +∑
lrt

ttlrt +∑
srt

dtsrt

+ itrt,
(11)

where ttlot and ttlrt are the travel times associated, respectively,
with links lot and lrt; lot and lrt are the generic links (i.e.,
track sections) associated, respectively, with the outward trip
(ot) and return trip (rt); dtsot and dtsrt are the dwell times
associated, respectively, with platforms sot and srt; sot and
srt are the generic platforms of station 𝑠 for, respectively, the
outward trip (ot) and return trip (rt); and itot and itrt are the
inversion times (i.e., preparation times for the subsequent
trip) associated, respectively, with the outward trip (ot) and
return trip (rt).

However, in the ordinary operations to avoid delay
propagation, the adopted cycle time, indicated as CTord, may
be obtained by increasing the minimum value as follows:

CTord = CTmin + btot + btrt, (12)

where btot and btrt are the buffer times used for recovery of
delays, respectively, in the case of the outward trip (ot) and
return trip (rt) due to variation in travel, dwell, and inversion
times.

Finally, in order to satisfy timetable requirements, the
planned cycle time, indicated as CTplan, may be calculated as
follows:

CTplan = CTord + ltot + ltrt, (13)

where ltot and ltrt are the layover times (i.e., times spent
by a train at the terminus waiting for the subsequent trip)
associated, respectively, with the outward trip (ot) and return
trip (rt).

In this context, in order to maintain a constant headway
between two successive convoys, it is necessary to impose the
following constraints:

0 ≤ btot + ltot ≤ 𝐻 (14)

0 ≤ btrt + ltrt ≤ 𝐻, (15)

where𝐻 is the headway between two successive rail convoys.

The number of convoys, indicated as NC, required to
perform the service may be calculated as

NC = CTplan𝐻 . (16)

By substituting (13) into (16), we obtain

ltot + ltrt = NC ⋅ 𝐻 − CTord. (17)

Likewise, since the layover times must be non-negative,
combining (14) and (15) with the non-negativity condition
produces

0 ≤ ltot + ltrt ≤ 2 ⋅ 𝐻 − (btot + btrt) . (18)

Finally, by substituting (17) into (18), we obtain

CTord𝐻 ≤ NC ≤ 2 + CTord𝐻 − btot + btrt𝐻 . (19)

Therefore, since NC must be an integer value, we obtain the
following constraints:

NCmin = int(CTord𝐻 ) + 1
NCmax = int(2 + (CTord − (btot + btrt))𝐻 ) ,

(20)

where NCmin and NCmax are, respectively, the minimum and
the maximum number of rail convoys required to perform
the service.

A number of convoys lower than NCmin are unable to
ensure a headway of𝐻 due to lack of rolling stock. A number
of convoys higher than NCmax provide an interference in
terms of movements among convoys which prevents them
from maintaining their cycle time.

According to the definition of reserve time provided by
UIC [40], in our approach it is the sum of two quantities, the
buffer time and the layover time; that is,

rtot = btot + ltot

rtrt = btrt + ltrt, (21)

where rtot and rtrt are the reserve times for, respectively, the
outward and return trips.

Since the layover times (i.e., terms ltot and ltrt) represent
quantities that a train loses to maintain the headway, our
proposal consists in adopting these times as storage tanks for
incrementing travel times without affecting service frequen-
cies (expressed in terms of𝐻) so as to implement suitable ES
strategies. Hence, wemay define the total usable reserve time,
that is, the term turt, which represents the sum of the two
layover times; that is,

turt = ltot + ltrt (22)

since in our approach we assume that buffer times (i.e., btot
and btrt) used for recovery of delays are kept intact and are
not used to implement ES strategies.
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In this context, (17) may be expressed as

turt = NC ⋅ 𝐻 − CTord. (23)

Theoretically, the turt value could be split arbitrarily between
the outward and the return trip. Hence, we may define a new
parameter, indicated as 𝛼, which expresses the partition rate
as follows:

ltot = 𝛼 ⋅ turt (24)

ltrt = (1 − 𝛼) ⋅ turt (25)

with 𝛼 ∈ [0; 1].
By substituting (24) into (14), we obtain

0 ≤ 𝛼 ≤ (𝐻 − btot)
turt

. (26)

Likewise, by substituting (25) into (15), we obtain

1 − (𝐻 − btrt)
turt

≤ 𝛼 ≤ 1. (27)

Since parameter 𝛼 has to satisfy jointly (26) and (27), and
it is not possible to state a priori whether (𝐻 − btot)/turt is
greater or lower than 1 − (𝐻 − btrt)/turt, we need to identify
two feasible conditions which are mutually exclusive (i.e.,
disjoint):

(i) Condition 1: 1 − (𝐻 − btrt)/turt ≤ (𝐻 − btot)/turt
(ii) Condition 2: (𝐻 − btot)/turt < 1 − (𝐻 − btrt)/turt.

In the first case, it is possible to identify the feasibility set of
parameter 𝛼 as follows:

max{0; 1 − 𝐻 − btrt
turt

} ≤ 𝛼 ≤ min{𝐻 − btot
turt

; 1} , (28)

while, in the second case, the feasibility set of parameter 𝛼
is an empty set since (26) and (27) identify disjointed sets.
However, by reductio ad absurdum, we may state that the
second condition never occurs. Indeed, condition 2 may be
formulated as

turt > 2 ⋅ 𝐻 − (btot + btrt) . (29)

By substituting (23) into (29), we obtain

NC ⋅ 𝐻 − CTord > 2 ⋅ 𝐻 − (btot + btrt) . (30)

Moreover, by substituting (12) into (30), we obtain

NC > 2 + (CTmin𝐻 ) . (31)

Since, by substituting (12) and (13) into (16), we obtain

NC = (CTmin + (btot + btrt) + (ltot + ltrt))𝐻 , (32)

it is possible to substitute (32) into (31), thus obtaining

(btot + btrt) + (ltot + ltrt)𝐻 > 2. (33)

Combining (14) and (15) results in the following:

0 ≤ (btot + btrt) + (ltot + ltrt)𝐻 ≤ 2 (34)

which expresses a contradiction between condition 2 (which
provides (33)) and the constant headway constraint (which
provides (34)). Therefore, this contradiction implies that
condition 2 never occurs.

In conclusion, although parameter 𝛼 belongs to set [0; 1],
its value cannot be fixed arbitrarily but has to satisfy condition
(28). Hence, we define a minimum, 𝛼min, and a maximum,𝛼max, value of parameter 𝛼, that is,

𝛼min = max{0; 1 − 𝐻 − btrt
turt

}
𝛼max = min{𝐻 − btot

turt
; 1} .

(35)

Importantly, having fixed the infrastructure and the sig-
nalling system, the minimum headway between two suc-
cessive convoys depends on inversion times and the main
features of the signalling system, that is,

𝐻min = max {tsinvot ; tsinvrt ; tslsot; tslsrt; tsmin-ss} , (36)

where 𝐻min is the minimum value of 𝐻; tsinvot is the time
spacing due to the inversion of the rail convoy at the final
terminus of the outward trip; tsinvrt is the time spacing due to
the inversion of the rail convoy at the final terminus of the
return trip; tslsot is the time spacing of the rail convoy at the
last section of the outward trip (to access the first station of
the return trip); tslsrt is the time spacing of the rail convoy at
the last section of the return trip (to access the first station of
the subsequent trip which is an outward trip); and tsmin-ss is
the minimum time spacing allowed by the signalling system
along the line which has to take into account dwell times at
stations and circulation rules (such as the criterion of station
releasing).

Term tsinvot (or equivalently tsinvrt ) and term tslsot (or equiv-
alently tslsrt) are strictly related to the framework of the
infrastructure, signalling system, and the service organisa-
tion. Indeed, these values depend on the place where trains
stop for the buffer and layover times. For instance, if these
times are spent on the inversion track, terms tsinvot and tsinvrt
have to include travel times along inversion tracks, stop
times for waiting for technical inversion operations (such
as the transfer of the driver from the previous head to the
new head which was the previous tail), the buffer time for
recovery delays, the layover time for achieving the planned
headway, and, finally, the times related to the signalling
system functioning (such as the release time for unlocking
the block system). Alternatively, if buffer and layover times
are spent at the first station of the subsequent trip, these times
have to be included in the definition of terms tslsot and tslsrt,
together with the dwell time planned for that station.

Therefore, in both cases, the allocation of layover times
between the outward and return trips (i.e., the value of
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parameter 𝛼) affects the definition of the minimum headway
(i.e.,𝐻min) by means of (36).

The feasibility of a planned headway𝐻may be verified by
means of the following condition:

𝐻 ≥ 𝐻min. (37)

Since the value of 𝐻 and the adopted number of convoys
NC provide univocally the term turt according to (23) and
the allocation of turt between the outward and return trips
(i.e., the value of parameter 𝛼) affects the definition of the
minimum headway (i.e., 𝐻min) by means of (36), formally
(36) may be expressed as follows:

𝐻min = 𝐻min (turt (𝐻,NC) , 𝛼) (38)

subject to

NC ∈ [NCmin (𝐻) ;NCmax (𝐻)] (39)

𝛼 ∈ [𝛼min (𝐻) ; 𝛼max (𝐻)] , (40)

where (39) concisely expresses constraints (20) and (40)
concisely expresses (35).

In this context, in order to verify the feasibility of a
generic headway𝐻 to be planned, for any value of NC which
satisfies condition (39), we may identify an optimal value of𝛼, indicated as 𝛼opt, which minimises𝐻min, that is,

𝛼opt = argmin
𝛼

𝐻min (𝛼) (41)

with

𝛼 ∈ [𝛼min; 𝛼max] (42)

and we can verify whether condition (37) is satisfied.
However, if trains spend buffer and layover times on the

inversion track, variation in parameter 𝛼
(i) does not affect the value of terms tslsot, ts

ls
rt, or tsmin-ss;

(ii) affects term tsinvot , according to a linear strictly increas-
ing function;

(iii) affects term tsinvrt , according to a linear strictly decreas-
ing function.

Alternatively, if trains spend buffer and layover times at the
first station of the subsequent trip, variation in parameter 𝛼

(i) does not affect the value of terms tsinvot , ts
inv
rt , or tsmin-ss;

(ii) affects term tslsot, according to a linear strictly increas-
ing function;

(iii) affects term tslsrt, according to a linear strictly decreas-
ing function.

In both cases, function𝐻min(𝛼) is convex, that is,
𝐻min (𝜆 ⋅ 𝛼1 + (1 − 𝜆) ⋅ 𝛼2)

≤ 𝜆 ⋅ 𝐻min (𝛼1) + (1 − 𝜆) ⋅ 𝐻min (𝛼2)
∀𝛼1, 𝛼2 ∈ [𝛼min; 𝛼max] ∀𝜆 ∈ [0; 1] .

(43)

Moreover, if

max {tsinvot ; tsinvrt } > max {tslsot; tslsrt; tsmin-ss}
∀𝛼 ∈ [𝛼min; 𝛼max] (44)

in the case of buffer and layover times spent at the inversion
track, or

max {tslsot; tslsrt} > max {tsinvot ; tsinvrt ; tsmin-ss}
∀𝛼 ∈ [𝛼min; 𝛼max] (45)

in the case of buffer and layover times spent at the first station
of the subsequent trip, function 𝐻min(𝛼) is strictly convex,
that is,

𝐻min (𝜆 ⋅ 𝛼1 + (1 − 𝜆) ⋅ 𝛼2)
< 𝜆 ⋅ 𝐻min (𝛼1) + (1 − 𝜆) ⋅ 𝐻min (𝛼2)

∀𝛼1, 𝛼2 ∈ [𝛼min; 𝛼max] ∀𝜆 ∈ [0; 1] .
(46)

The convexity (or the strict convexity) of function 𝐻min(𝛼)
allows us to solve the constrained optimisation problem (41)
subject to (42) by adopting traditional solution algorithms for
convex objective function problems.

However, the proposed approach, being considered a
decision support system, has to be applied in planning phases,
that is, by considering ordinary conditions. Obviously, an
extension to the disruption conditionsmay be easily obtained
by affecting operating values with the corresponding dis-
rupted values.

4. Application of the Proposed Methodology

In order to validate the proposed formulation, we applied it
to the case of a real metro line: Line 1 of the Naples metro
system in southern Italy.This line, which is about 18 km long,
connects the suburbs with the city centre, and its outward and
return routes are strongly asymmetric in terms of elevations
(Figure 4), which also entails asymmetry in terms of energy
consumption (as shown in Table 1).

The first step of the application was to calibrate the
commercial software OpenTrack� [43] in order to provide a
mathematical model which allows simulation of all phases
of the metro service (i.e., travel, dwell, and inversion times)
and also exploration of different operational configurations
without the need to apply them physically (i.e., on the
real line). In particular, all infrastructure, rolling stock, and
signalling system data were appropriately adopted for tuning
themodel (details on the calibration techniquesmay be found
in [33, 44, 45]).

Travel, dwell, and inversion times were obtained by
implementing a deterministic simulation of themetro service
(see Table 1).

Likewise, by means of 200 stochastic simulations (for
details on the use of stochastic simulations see, e.g., [46]),
we were able to determine the statistical distribution of all
service parameters so as to provide buffer times and related
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Figure 4: Elevation profile of Line 1 (from Piscinola to Garibaldi).

Table 1: Operational parameters of Line 1.

Parameter

Value
Piscinola-
Garibaldi
direction

Garibaldi-
Piscinola
direction

Travel distance 18.791 km 18.616 km

Total travel time 1,463 s
(24.4min)

1,485 s
(24.8min)

Total dwell time 400 s
(6.7min)

400 s
(6.7min)

Inversion time 307 s
(5.1min)

268 s
(4.5min)

Buffer time[90th percentile] 116 s
(1.9min)

103 s
(1.7min)

Buffer time[95th percentile] 131 s
(2.2min)

116 s
(1.9min)

Buffer time[99th percentile] 159 s
(2.7min)

141 s
(2.4min)

Adopted cycle time CTord[90th percentile] 4,542 s
(75.7min)

Adopted cycle time CTord[95th percentile] 4,570 s
(76.2min)

Adopted cycle time CTord[99th percentile] 4,623 s
(77.1min)

Minimum time spacing along
the line tsmin-ss

110 s
(1.83min)

Energy consumption 279.01 kWh 386.21 kWh

cycle times as functions of an assumed confidence level.
Indeed, differences in performance between the stochastic
and deterministic travel times may be calculated as follows:

𝛿𝑖ot = (∑
lot

tt𝑖,STOC
lot +∑

sot
dt𝑖,STOC

sot + it𝑖,STOC
ot )

− (∑
lot

ttDETlot +∑
sot

dtDETsot + itDETot )

𝛿𝑖rt = (∑
lrt

tt𝑖,STOC
lrt +∑

srt
dt𝑖,STOC

srt + it𝑖,STOC
rt )

− (∑
lot

ttDETlrt +∑
srt

dtDETsrt + itDETrt ) ,
(47)

where 𝛿𝑖ot and 𝛿𝑖rt represent, respectively, the difference in
the case of outward and return trips at the 𝑖th stochastic
simulation;𝑋𝑖,STOC represents the value of variable𝑋 (where𝑋 represents the travel time, dwell time, or inversion time) in
the case of the 𝑖th stochastic simulation; and𝑋DET represents
the value of variable 𝑋 in the case of a deterministic
simulation.

Since stochastic simulations are based on reductions in
train performance, we may assume that

𝑋𝑖,STOC ≥ 𝑋DET ∀𝑖 ∀𝑋 (48)

which implies that

𝛿𝑖ot ≥ 0 ∀𝑖
𝛿𝑖rt ≥ 0 ∀𝑖. (49)

Hence, if we assume that 𝛿𝑖ot and 𝛿𝑖rt are distributed according
to a normal (i.e., Gaussian) distribution, we can calibrate
function parameters (i.e., mean and variance) so as to repro-
duce the observed data by solving the followingminimisation
problems:

[𝜇ot, �̂�2ot] = argmin
𝜇ot ,𝜎
2

ot

𝑍ot (𝛿𝑖ot, 𝜇ot, 𝜎2ot)
[𝜇rt, �̂�2rt] = argmin

𝜇rt ,𝜎
2

rt

𝑍rt (𝛿𝑖rt, 𝜇rt, 𝜎2rt)
(50)

with

𝜎2ot ≥ 0,
𝜎2rt ≥ 0, (51)

where 𝜇ot and 𝜇rt are themeans of the normal distributions in
the case of the outward trip (ot) and return trip (rt);𝜇ot and𝜇rt
are optimal values of 𝜇ot and 𝜇rt; 𝜎2ot and 𝜎2rt are the variances
of the normal distributions in the case of the outward
trip (ot) and return trip (rt); �̂�2ot and �̂�2rt are the optimal
values of 𝜎2ot and 𝜎2rt; 𝑍ot is an objective function which
expresses the distance between the cumulative distribution
of observed values 𝛿𝑖ot and the cumulative distribution of
the normal function of parameters 𝜇ot and 𝜎2ot; 𝑍rt is an
objective function which expresses the distance between
the cumulative distribution of observed values 𝛿𝑖rt and the
cumulative distribution of the normal function of parameters𝜇rt and 𝜎2rt.

The results of the calibration phases (i.e., solution of min-
imisation problems (50)) are shown in Table 2, and compar-
isons between the cumulative distribution of observed values
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Table 2: Normal distribution parameters.

𝜇ot 𝜎2ot 𝜇rt 𝜎2rt
64.114 40.803 56.922 36.247
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Figure 5: Comparison between cumulative distributions in the case
of the outward trip.
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Figure 6: Comparison between cumulative distributions in the case
of the return trip.

and that of corresponding normal functions are proposed in
Figures 5 and 6.

These values were adopted to determine buffer times
in the case of confidence levels equal to 90th, 95th, and
99th percentiles (values are shown in Table 1). Obviously,
the adopted cycle times, that is, CTord, were calculated by
assuming three different confidence levels associated with
buffer time calculation, as shown in Table 1. In particular,
the adoption of buffer times calculated by means of the
proposed statistical approach allows any feasible fluctuation
in operating service parameters to be handled.

The aim of the second test consisted in analysing and test-
ing different operative schemes, and verifying their feasibility
analytically. Indeed, since the planned headway𝐻 affects the

value of the minimum headway of the line (see (38)), it is
necessary to verify whether condition (37) is satisfied.

First, having fixed an operative scheme based on trains
spending buffer and layover times at the first station of the
subsequent trip, the lower bound of𝐻min (i.e., the minimum
headway)may be identified as themaximum among constant
terms, that is, tsinvot , ts

inv
rt , and tsmin-ss.This preliminary analysis

provided a lower bound value of 5.1min due to the inversion
time of the outward trip (i.e., at Garibaldi station), as shown
in Table 1.

Hence, for any planned headway 𝐻 greater than 5.1
minutes, it is possible to fix a corresponding number of
convoysNC satisfying constraints (20) and then calculate turt
in a closed form formulation by means of (23). Since the
adoption of different split rates for layover times affects the
value of𝐻min (as shown by (38)), we solved the optimisation
problem (41) subject to (42) for identifying the minimum
value of 𝐻min to be compared with the planned headway 𝐻
so as to verify the feasibility test (37).

The results of the proposed procedure are summarised
in Tables 3–5, where the italic values indicate the unfeasible
operating schemes (i.e., combinations of planned headway𝐻
and adopted number of convoys NC) which do not satisfy
condition (37).However, testswere performedby considering
different confidence levels in the buffer time estimation.

The results show that the increase in total buffer time (i.e.,
the sum of btot and btrt) was 0.47min from the 90th to 95th
confidence level, 0.88min from the 95th to 99th confidence
level, and 1.34min from the 90th to 99th confidence level.

Moreover, numerical results show that, for any operating
scheme, if the sum of layover times was higher than buffer
time increases, the increase in buffer time was offset by
the reduction in layover time such that their sum (i.e.,
total reserve time according to UIC [40] or equivalently the
sum of (21)) and the minimum headway was kept constant.
Obviously, if the turt value was lower than the increase in
buffer times, their sum could not be kept constant and the
configuration would be unfeasible (see, e.g., headway values
of 5.5 and 7.0 in the case of the 99th confidence level).

Since, in real cases, service frequencies may be different
during a day (e.g., the headway during the peak hours may
be lower than that during off-peak hours), the feasibility
combination of planned headway𝐻 and adopted number of
convoys NC has to be verified for any frequency configura-
tion.

Finally, in order to show the utility of the proposed
approach, we calculated reductions in energy consumption
in the case of some operative schemes.

First of all, we assumed that the ES strategy was imple-
mented by imposing a reduction in maximum speed during
the outward and return trips. Indeed, this approach, which
is described as ES strategy 2 in Section 2 (see Figure 3), may
be easily implemented by affecting signalling system features
(e.g., from the operative centre) without the awareness,
knowledge, and/or preparation of drivers or changes in
the ground-train communication system (i.e., information
related to the beginning of the coasting phase or the new
start-breaking point).
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Table 3: Feasible configuration calculation in the case of the 90th percentile.

𝐻 [min] NCmin NCmax NC turt [min] 𝛼min 𝛼max 𝛼opt 𝐻min [min] Test
5.5 14 15 14 1.30 0.0% 100.0% 41.0% 5.12 OK
5.5 14 15 15 6.80 44.4% 52.5% 48.3% 6.87 NO
6.0 13 14 13 2.30 0.0% 100.0% 44.9% 5.12 OK
6.0 13 14 14 8.30 48.4% 49.0% 48.6% 7.62 NO
7.0 11 12 11 1.30 0.0% 100.0% 41.0% 5.12 OK
7.0 11 12 12 8.30 36.3% 61.0% 48.6% 7.62 NO
8.0 10 11 10 4.30 0.0% 100.0% 47.3% 5.62 OK
8.0 10 11 11 12.30 48.9% 49.3% 49.1% 9.62 NO
9.0 9 10 9 5.30 0.0% 100.0% 47.8% 6.12 OK
9.0 9 10 10 14.30 49.1% 49.4% 49.2% 10.62 NO
10.0 8 9 8 4.30 0.0% 100.0% 47.3% 5.62 OK
10.0 8 9 9 14.30 42.1% 56.4% 49.2% 10.62 NO
12.0 7 8 7 8.30 0.0% 100.0% 48.6% 7.62 OK
12.0 7 8 8 20.30 49.3% 49.6% 49.4% 13.62 NO
14.0 6 7 6 8.30 0.0% 100.0% 48.6% 7.62 OK
14.0 6 7 7 22.30 44.9% 54.1% 49.5% 14.62 NO
15.0 6 6 6 14.30 7.1% 91.4% 49.2% 10.62 OK

Table 4: Feasible configuration calculation in the case of the 95th percentile.

𝐻 [min] NCmin NCmax NC turt [min] 𝛼min 𝛼max 𝛼opt 𝐻min [min] Test
5.5 14 15 14 0.83 0.0% 100.0% 34.0% 5.12 OK
5.5 14 15 15 6.33 43.7% 52.4% 47.9% 6.87 NO
6.0 13 14 13 1.83 0.0% 100.0% 42.7% 5.12 OK
6.0 13 14 14 7.83 48.1% 48.7% 48.3% 7.62 NO
7.0 11 12 11 0.83 0.0% 100.0% 34.0% 5.12 OK
7.0 11 12 12 7.83 35.3% 61.5% 48.3% 7.62 NO
8.0 10 11 10 3.83 0.0% 100.0% 46.5% 5.62 OK
8.0 10 11 11 11.83 48.7% 49.2% 48.9% 9.62 NO
9.0 9 10 9 4.83 0.0% 100.0% 47.2% 6.12 OK
9.0 9 10 10 13.83 48.9% 49.3% 49.0% 10.62 NO
10.0 8 9 8 3.83 0.0% 100.0% 46.5% 5.62 OK
10.0 8 9 9 13.83 41.7% 56.5% 49.0% 10.62 NO
12.0 7 8 7 7.83 0.0% 100.0% 48.3% 7.62 OK
12.0 7 8 8 19.83 49.2% 49.5% 49.3% 13.62 NO
14.0 6 7 6 7.83 0.0% 100.0% 48.3% 7.62 OK
14.0 6 7 7 21.83 44.7% 54.1% 49.4% 14.62 NO
15.0 6 6 6 13.83 5.5% 92.7% 49.0% 10.62 OK

Our proposal was based on two different speed limits
between the outward and the return trips, indicated, respec-
tively, as VLIMot and VLIMrt . Hence, for any feasible operative
scheme (i.e., bold values in Tables 3–5) and for any assumed
confidence levels (i.e., 90th, 95th, and 99th), we calculated the
maximum reductions in energy consumption in the case of
three values of parameter 𝛼 (i.e., split rates):

(i) 𝛼min, which represents the minimum layover time
for the outward trip or, equivalently, the maximum
layover time for the return trip (see (35))

(ii) 𝛼opt, which represents the layover times providing the
minimum headway (see (41))

(iii) 𝛼max, which represents the maximum layover time
for the outward trip or, equivalently, the minimum
layover time for the return trip (see (35)).

Obviously, in the case of 𝛼min = 0, no ES strategy can be
defined for the outward trip (i.e., it is not possible to define
term VLIMot ). Likewise, in the case of 𝛼max = 100%, it is not
possible to perform an ES strategy for the return trip (i.e., it
is not possible to define term VLIMrt ).
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Table 5: Feasible configuration calculation in the case of the 99th percentile.

𝐻 [min] NCmin NCmax NC turt [min] 𝛼min 𝛼max 𝛼opt 𝐻min [min] Test
5.5 15 15 15 5.45 42.2% 52.3% 47.1% 6.87 NO
5.5 15 15 16 10.95 71.2% 26.0% 48.6% 9.62 NO
6.0 13 14 13 0.95 0.0% 100.0% 33.3% 5.12 OK
6.0 13 14 14 6.95 47.5% 48.2% 47.7% 7.62 NO
7.0 12 12 12 6.95 33.1% 62.6% 47.7% 7.62 NO
7.0 12 12 13 13.95 66.7% 31.2% 48.9% 11.12 NO
8.0 10 11 10 2.95 0.0% 100.0% 44.6% 5.62 OK
8.0 10 11 11 10.95 48.4% 48.9% 48.6% 9.62 NO
9.0 9 10 9 3.95 0.0% 100.0% 46.0% 6.12 OK
9.0 9 10 10 12.95 48.6% 49.0% 48.8% 10.62 NO
10.0 8 9 8 2.95 0.0% 100.0% 44.6% 5.62 OK
10.0 8 9 9 12.95 40.9% 56.8% 48.8% 10.62 NO
12.0 7 8 7 6.95 0.0% 100.0% 47.7% 7.62 OK
12.0 7 8 8 18.95 49.1% 49.3% 49.2% 13.62 NO
14.0 6 7 6 6.95 0.0% 100.0% 47.7% 7.62 OK
14.0 6 7 7 20.95 44.4% 54.2% 49.2% 14.62 NO
15.0 6 6 6 12.95 2.3% 95.4% 48.8% 10.62 OK

Since, for any 𝛼 value, it is possible to determine layover
times for the outward and the return trips, the speed limits
were fixed by solving the following optimisation problem in
the case of the outward trip:

VLIMot = argmin
V∗ot

Δ𝑡ot (V∗ot) (52)

subject to

∫𝑡TOot
0

VTOot (𝜏) ⋅ 𝑑𝜏 = ∫𝑡TOot +Δ𝑡ot
0

VESot (𝜏) ⋅ 𝑑𝜏
Δ𝑡ot ≤ 𝛼 ⋅ turt
VESot ≤ VLIMot

(53)

or equivalently in the case of the return trip

VLIMrt = argmin
V∗rt

Δ𝑡ot (V∗rt) (54)

subject to

∫𝑡TOrt
0

VTOrt (𝜏) ⋅ 𝑑𝜏 = ∫𝑡TOrt +Δ𝑡rt
0

VESrt (𝜏) ⋅ 𝑑𝜏
Δ𝑡rt ≤ (1 − 𝛼) ⋅ turt
VESrt ≤ VLIMrt ,

(55)

where V∗ot and V∗rt are the generic speed limit in the case of
the outward trip (ot) and return trip (rt); Δ𝑡ot and Δ𝑡rt are
the increase in total travel time (i.e., the sum of travel times
and dwell times) due to the implementation of the ES strategy
in the case of outward trip (ot) and return trip (rt); 𝑡TOot and𝑡TOrt are the total travel time (i.e., the sum of travel times and

dwell times) in the Time Optimal (TO) condition in the case
of outward trip (ot) and return trip (rt); VTOot and VTOrt are the
travel speeds in the Time Optimal (TO) condition in the case
of outward trip (ot) and return trip (rt); and VESot and VESrt are
the travel speeds in the case of ES strategy implementation in
the case of outward trip (ot) and return trip (rt).

Once the new speed limits have been fixed, it is possible
to calculate the new energy consumption by (1) and hence the
energy consumption reductions as follows:

Δ𝐸ot = 𝐸ES
ot − 𝐸TO

ot ,
Δ𝐸rt = 𝐸ES

rt − 𝐸TO
rt .

(56)

Obviously, in the case of an undetermined speed limit (i.e.,𝛼min = 0 in the case of an outward trip and 𝛼max = 100% in
the case of a return trip), reductions in energy consumption
are null.

The reduction in energy consumption for each cycle may
be calculated as follows:

Δ𝐸TOT = Δ𝐸ot + Δ𝐸rt. (57)

Finally, in order to show the order of magnitude of the
amount of energy saved, we calculated the daily reduction in
energy consumption by adopting the following assumptions:

(i) There are 17 hours (i.e., from 6.00 to 23.00) of metro
service in a day.

(ii) The service frequency is constant throughout the day.
(iii) There is lack of interference among operating trains

and trains moving from or to the depot.
(iv) The transition phase in the morning (TP𝑚) to reach

the planned headway 𝐻, since initially all convoys
are at the depot, and the transition phase in the



Journal of Advanced Transportation 11

Table 6: Energy variations in the case of the 90th percentile.

𝐻 [min] NC 𝛼 VLIMot VLIMrt Δ𝐸ot [kWh] Δ𝐸rt [kWh] Δ𝐸TOT [kWh] Δ𝐸Daily [kWh] Reduction in energy
consumption

5.5 14 0.0% – 57 – 32.7 32.7 5,487.9 4.91%
5.5 14 41.0% 65 61 20.5 20.3 40.8 6,852.5 6.13%
5.5 14 100.0% 58 – 39.8 – 39.8 6,688.6 5.98%
6.0 13 0.0% – 51 – 44.2 44.2 6,888.6 6.64%
6.0 13 44.9% 61 57 34.0 32.7 66.7 10,402.0 10.02%
6.0 13 100.0% 53 – 56.1 – 56.1 8,751.5 8.43%
7.0 11 0.0% – 57 – 32.7 32.7 4,311.9 4.91%
7.0 11 41.0% 65 61 20.5 20.3 40.8 5,384.1 6.13%
7.0 11 100.0% 58 – 39.8 – 39.8 5,255.4 5.98%
8.0 10 0.0% – 44 – 44.1 44.1 5,290.4 6.63%
8.0 10 47.3% 54 52 50.2 38.9 89.1 10,687.9 13.39%
8.0 10 100.0% 45 – 67.5 – 67.5 8,104.5 10.15%
9.0 9 0.0% – 42 – 57.8 57.8 6,246.2 8.69%
9.0 9 47.8% 51 49 59.3 49.1 108.4 11,709.0 16.30%
9.0 9 100.0% 65 – 20.5 – 20.5 2,215.4 3.08%
10.0 8 0.0% – 44 – 44.1 44.1 4,232.3 6.63%
10.0 8 47.3% 54 52 50.2 38.9 89.1 8,550.3 13.39%
10.0 8 100.0% 45 – 67.5 – 67.5 6,483.6 10.15%
12.0 7 0.0% – 36 68.0 68.0 5,233.1 10.22%
12.0 7 48.6% 45 44 67.5 44.1 111.6 8,595.1 16.78%
12.0 7 100.0% 37 – 95.2 – 95.2 7,328.9 14.31%
14.0 6 0.0% – 36 – 68.0 68.0 4,485.5 10.22%
14.0 6 48.6% 45 44 67.5 44.1 111.6 7,367.2 16.78%
14.0 6 100.0% 37 – 95.2 – 95.2 6,281.9 14.31%
15.0 6 7.1% 61 30 34.0 90.1 124.1 7,447.5 18.66%
15.0 6 49.2% 39 38 80.3 70.7 150.9 9,056.9 22.69%
15.0 6 91.4% 31 57 108.0 32.7 140.7 8,439.3 21.14%

evening (TP𝑒) to lead all convoys to the depot may be
calculated as follows:

TP𝑚 = TP𝑒 = (NC − 1) ⋅ 𝐻. (58)

It is worth noting that since in the considered line the depot is
located next to Piscinola station (the suburb terminus) and is
connected to the line by means of two different tracks (one
for each direction), the introduction, variation, and exit of
convoys do not provide any interference to the service.

Obviously, the daily energy saving could be easily calcu-
lated also by removing some of the above assumptions (such
as the variation in service frequency during the day).

Tables 6–8 provide the energy variation for any feasible
operating scheme and for the three confidence levels adopted
in the computation of buffer times. The results showed that
the greater the confidence level, the lower the energy saving
since there is a reduction in total usable reserve time.

Moreover, since an increase in headway (frequency
reduction) provides, on the one hand, an increase in energy
saving for each convoy, but, on the other, a reduction in the

number of convoys required for performing the service, it
is not possible to provide a monotonic trend of the energy-
saving function.

5. Conclusions and Research Prospects

In this paper, we proposed an analytical methodology for
determining all operating parameters (including reserve
times) in the case of metro systems. In particular, calculat-
ing the amount of reserve time is a fundamental step for
implementing suitable Energy-Saving (ES) strategies. Indeed,
as shown in the literature, reduction in energy consumption
may be achieved by reducing performance of convoys (e.g.,
by reducing the maximum travel speed). Obviously, in order
to preserve service quality, it is necessary to compensate the
reduction in performance by consuming dead times (i.e.,
times spent by a train in a stop condition) such as buffer and
layover times.

Generally, buffer times are adopted for recovery of delays,
layover times for waiting for the subsequent trip. Our pro-
posal consists in consuming layover times for energy-saving
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Table 7: Energy variations in the case of the 95th percentile.

𝐻 [min] NC 𝛼 VLIMot VLIMrt Δ𝐸ot [kWh] Δ𝐸rt [kWh] Δ𝐸TOT [kWh] Δ𝐸Daily [kWh] Reduction in energy
consumption

5.5 14 0.0% – 61 – 20.3 20.3 3,406.3 3.05%
5.5 14 34.0% 69 63 13.5 16.4 30.0 5,036.9 4.51%
5.5 14 100.0% 62 – 32.9 – 32.9 5,523.1 4.94%
6.0 13 0.0% – 54 – 34.4 34.4 5,374.1 5.18%
6.0 13 42.7% 62 59 32.9 24.6 57.4 8,958.8 8.63%
6.0 13 100.0% 55 – 49.8 – 49.8 7,771.6 7.49%
7.0 11 0.0% – 61 – 20.3 20.3 2,676.4 3.05%
7.0 11 34.0% 69 63 13.5 16.4 30.0 3,957.5 4.51%
7.0 11 100.0% 62 – 32.9 – 32.9 4,339.6 4.94%
8.0 10 0.0% – 45 – 48.1 48.1 5,768.5 7.23%
8.0 10 46.5% 56 53 46.4 42.0 88.4 10,602.6 13.28%
8.0 10 100.0% 46 – 68.4 68.4 8,204.8 10.28%
9.0 9 0.0% – 43 – 56.4 56.4 6,086.2 8.47%
9.0 9 47.2% 53 50 56.1 40.7 96.8 10,457.5 14.56%
9.0 9 100.0% 43 – 79.1 – 79.1 8,546.4 11.90%
10.0 8 0.0% – 45 – 48.1 48.1 4,614.8 7.23%
10.0 8 46.5% 56 53 46.4 42.0 88.4 8,482.0 13.28%
10.0 8 100.0% 46 –. 68.4 – 68.4 6,563.8 10.28%
12.0 7 0.0% – 37 – 67.6 67.6 5,202.5 10.16%
12.0 7 48.3% 47 45 69.2 48.1 117.2 9,026.7 17.62%
12.0 7 100.0% 38 – 96.4 – 96.4 7,421.4 14.49%
14.0 6 0.0% – 37 – 67.6 67.6 4,459.3 10.16%
14.0 6 48.3% 47 45 69.2 48.1 117.2 7,737.2 17.62%
14.0 6 100.0% 38 96.4 – 96.4 6,361.2 14.49%
15.0 6 5.5% 62 30 32.9 90.1 123.0 7,379.2 18.49%
15.0 6 49.0% 39 38 80.3 70.7 150.9 9,056.9 22.69%
15.0 6 92.7% 31 59 108.0 24.6 132.5 7,952.5 19.92%

purposes, keeping buffer times intact in order to preserve the
flexibility and robustness of the timetable in case of delays.

In order to verify the utility and feasibility of the proposed
analytical approach, we applied it in the case of an Italian
metro line in order to

(i) calculate buffer times as a function of the adopted
confidence levels;

(ii) verify the feasibility of the operating scheme having
fixed the planned headway 𝐻 and the adopted num-
ber of convoys NC;

(iii) calculate the amount of energy consumption reduc-
tion for three different allocations of the total usable
reserve time between the outward and return trips.

The first numerical applications showed that the higher
the planned headway H, the lower the number of convoys
required. Moreover, the higher the planned headway H,
the higher the total usable reserve time (turt). Obviously,
since the allocation of turt between the outward and return
trips directly affects the minimum headway between two

successive trains, the feasibility of any operating scheme may
be verified by means of the proposed approach.

Moreover, having fixed a feasible operating scheme, an
increase in confidence level provides an increase in buffer
time. Hence, if the sum of layover times (i.e., turt) is higher
than buffer time increases, the increase in buffer time is offset
by the reduction in layover time such that their sum and the
minimum headway are kept constant. Obviously, if the turt
value were lower than the increase in buffer times, their sum
could not be kept constant and the configuration would be
unfeasible.

Finally, numerical tests for quantifying the reduction in
energy consumption showed that an increase in headway
provides an increase in the term turt and hence an increase in
energy saving for the single convoy. Higher values of energy
reductionwere identified in the case of split rates (i.e., param-
eter 𝛼) providing the minimum headway where reductions
are up to 22.69%. Hence, for future research, we propose
to improve these performances further by optimising the
allocation of reserve times between the outward and return
trips in order to minimise energy consumption. Moreover,
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Table 8: Energy variations in the case of the 99th percentile.

𝐻 [min] NC 𝛼 VLIMot VLIMrt Δ𝐸ot [kWh] Δ𝐸rt [kWh] Δ𝐸TOT [kWh] Δ𝐸Daily [kWh] Reduction in energy
consumption

6.0 13 0.0% – 59 – 24.6 24.6 3,830.2 3.69%
6.0 13 33.3% 68 62 16.5 20.7 37.2 5,802.0 5.59%
6.0 13 100.0% 61 – 34.0 – 34.0 5,306.1 5.11%
8.0 10 0.0% – 49 – 49.1 49.1 5,894.9 7.38%
8.0 10 44.6% 58 55 39.8 36.3 76.1 9,133.8 11.44%
8.0 10 100.0% 50 – 60.7 – 60.7 7,285.0 9.13%
9.0 9 0.0% – 45 – 48.1 48.1 5,191.6 7.23%
9.0 9 46.0% 55 52 49.8 38.9 88.7 9,581.7 13.34%
9.0 9 100.0% 45 – 67.5 – 67.5 7,294.0 10.15%
10.0 8 0.0% – 49 – 49.1 49.1 4,715.9 7.38%
10.0 8 47.7% 58 55 39.8 36.3 76.1 7,307.0 11.44%
10.0 8 100.0% 50 – 60.7 – 60.7 5,828.0 9.13%
12.0 7 0.0% – 38 – 70.7 70.7 5,443.3 10.63%
12.0 7 47.7% 48 46 65.5 49.9 115.4 8,887.8 17.35%
12.0 7 100.0% 39 – 80.3 – 80.3 6,179.7 12.06%
14.0 6 0.0% – 38 – 70.7 70.7 4,665.7 10.63%
14.0 6 47.7% 48 46 65.5 49.9 115.4 7,618.1 17.35%
14.0 6 100.0% 39 – 80.3 – 80.3 5,296.9 12.06%
15.0 6 2.3% 69 31 13.5 78.1 91.6 5,497.0 13.77%
15.0 6 48.8% 40 39 81.2 54.6 135.8 8,146.4 20.41%
15.0 6 95.4% 32 63 108.5 16.4 125.0 7,499.8 18.79%

stochastic simulations may be adopted to verify benefits in
more realistic cases. Finally, we propose a reduction in the
confidence level adopted in the buffer time calculation in
order to increase the amount of available reserve time.

Obviously, in the case of rail systems (or metro systems
with more complex layouts), it is necessary to integrate the
proposed approach with timetable optimisation techniques.
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Timetables are important for train punctuality. However, relatively little attention has been paid to the people who plan the
timetables: the research has instead been more centred on how to improve timetables through simulation, optimisation, and data
analysis techniques. In this study, we present an overview of the state of practice and the state of the art in timetable planning by
studying the research literature and railway management documents from several European countries. We have also conducted
interviews with timetable planners in Southern Sweden, focusing on how timetable planning relates to punctuality problems.
An important backdrop for this is a large project currently underway at the Swedish Transport Administration, modernizing
the timetable planning tools and processes. This study is intended to help establish a baseline for the future evaluation of this
modernization by documenting the current process and issues, as well as some of the research that has influenced the development
and specifications of the new tools and processes. Based on the interviews, we found that errors in timetables commonly lead
to infeasible timetables, which necessitate intervention by traffic control, and to delays occurring, increasing, and spreading. We
found that the timetable planners struggle to create a timetable and that they have neither the time nor the tools required to ensure
that the timetable maintains a high quality and level of robustness. The errors we identified are (a) crossing train paths at stations,
(b) wrong track allocation of trains at stations, especially for long trains, (c) insufficient dwell and meet times at stations, and (d)
insufficient headways leading to delays spreading.We have identified eleven reasons for these errors and found three themes among
these reasons: (1) “missing tools and support,” (2) “role conflict,” and (3) “single-loop learning.” As the new tools and processes are
rolled out, the situation is expected to improve with regard to the first of these themes. The second theme of role conflict occurs
when planners must strive to meet the demands of the train operating companies, while they must also be unbiased and create a
timetable that has a high overall quality. While this role conflict will remain in the future, the new tools can perhaps help address
the third theme by elevating the planners from first- to double-loop learning and thereby allowing them to focus on quality control
and on finding better rules and heuristics. Over time, this will lead to improved timetable robustness and train punctuality.

1. Introduction

Railways are an important part of the transport system. In
Sweden, trains traveled 153 million km during 2015, which
is an increase of 9% over five years [1]. Passenger traffic
has increased by 16% over the same period, and in 2015
passenger trains made up 83% of all trains. While freight
traffic in 2015 was at the lowest level since 1990, the freight
tonnage transported by rail has risen slightly as the loads have
increased. The capacity is most heavily utilised around the
three major metropolitan areas of Stockholm, Gothenburg,
and Malmö-Lund. A quarter of the metropolitan lines is

utilised at levels associated with high sensitivity to delays, low
average speeds, and little time for infrastructuremaintenance
[2]. On the rest of the network, only about five percent of
the segments are utilised to the same extent. Whenmeasured
during peak loads, these figures are higher across the board.

The punctuality of trains in Sweden has been close to
90% for the last several years [1], with punctuality measured
as a maximum delay of five minutes at the final stop.
This is considered too low by the industry, which has set
a goal that it should be 95% by 2020. This ambition, to
increase punctuality, is the background for our research and
for this paper. Many factors influence punctuality, such as
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weather [3–5], congestion [6], other operational factors [7, 8],
and infrastructure [9]. Previous studies also indicate that
properties of the timetable can have a large impact on delays
and punctuality, that delays often occur at station stops, and
that dwell times are systematically underestimated [10–13].
Thus, there is reason to believe that errors in the timetable
may affect punctuality.

The interaction between infrastructure, capacity, and
timetable planning is found on a strategic, tactical, and
operational level. The strategic level is typically long term,
over several years, and can be related to new infrastructure or
new timetable structures, while the tactical level is related to
producing a timetable implemented in a shorter perspective,
typically one year.This papermainly studies tactical timetable
planning. Operational timetabling is related tomaking short-
term changes to a timetable, often a few weeks or days in
advance.

Timetable planners prepare timetables and other doc-
umentations related to planned changes for passenger and
freight trains. Planners are often faced with the challenges
of working with complex timetabling [14]. In addition to the
complexity of the planning itself, they must be able to deal
with different stakeholders in the railway sector andhave con-
flict resolution skills. A final timetable must satisfy the needs
of travelers and public and private parties, while maintaining
the fairness, transparency, reliability, and safety of the railway
system. The train service specifications are passed to the
timetable planners, who produce the timetables. However,
these specifications can be in violation of guidelines, or there
can be conflicting needs of different train operators. Watson
[14] found that the complexity of the timetabling and capacity
allocation processes can hinder effectiveness, highlighting
the conflicting nature of objectives for timetable planning,
especially in the privatized railway.

While extensive research has been carried out on the
human-machine interface in train traffic control in Sweden
([15–17]; see also [18] for dispatchers in the US) and some
work has been done on the integration of timetable planning
and traffic control [19], relatively little research has been
done focusing on timetable planners and their tools. Watson
[14, 20] covered timetable planning in the UK, which has
many similarities to the Swedish context, and ONTIME [21]
contains some expert judgment on the state of practice in
Sweden. National interest in this topic has increased, as a
large project is currently in progress at the Swedish Transport
Administration, seeking to modernize the interface between
train operating companies and the Transport Administration
by developing new tools and routines for timetable planning.
These tools will, among other things, support more flexible
and optimal planning, improve capacity and punctuality,
shorten planning lead times, and improve transparency and
the handling of engineering works [22]. Since 2011, the
situation with the deregulated passenger train market in
Sweden is also new and rare in an international context, with
the new divisions of responsibility resulting both in new role
conflicts and inmore collaborative decision-making between
stakeholders. To learn more about this, it is useful to talk to
the timetable planners.

As the timetable planning process and methods in Swe-
den are about to undergo significant change over the next
few years, this paper (1) presents the state of practice in order
to establish a baseline and (2) outlines the state of the art in
research, which has inspired and influenced the development
of the new tools and methods. It also (3) gives a description
of the timetable planners current situation in Sweden and (4)
identifies common errors in Swedish train timetables, which
influence the punctuality, as well as the reasons behind them.
Thereby, the paper helps to enable future studies looking to
evaluate the effects and effectiveness of the new tools being
developed and implemented for train timetable planning in
Sweden and elsewhere.

2. Background

Timetabling has largely been studied from a technical
and optimisation perspective (see, e.g., [24]). However,
timetabling can also be studied from an organizational
perspective, using other methods. For instance, Avelino et
al. [25] study the politics of timetabling, comparing the
Dutch and Swiss experiences and illustrating that “timetable
planning is not merely an operational process to be left to
engineers or economists” (pp. 20). Even though the Swiss
have many more train operating companies than the Dutch,
their federal government still takes a much more active and
strategic role in ensuring an optimised travel time over the
whole network. Watson [14] found that the privatization of
British Rail had a negative effect on the timetabling processes.
The problems were a result of poor planning and rushed
implementation of new organization of the British railway
sector. Since then, both the British and Swedish railways have
gained experiences from the new structures with a division
between infrastructure and train operation. However, the
inherent characteristics of the divided structure remain.

The infrastructure manager supplies capacity on the rail-
way, while train operating companies represent the demand
for transport. Timetable planners are squeezed in between
these needs, which sometimes conflict [26]. Watson [14] dis-
cusses timetable planning as a process by which a “demand”
for rail transport (passenger and freight) is connected to the
“supply side” constraints (especially available infrastructure
capacity) in order to produce timetables that meet the
demand.Through train planning, railway administrators seek
to meet the needs of customers while utilising available
resources as well as possible. Efficient and effective train
planning is the key to getting the best possible performance
on a railway network.

Timetabling is governed by several restrictions, such as
safety requirements and organizational policies. A routine or
heuristic approach can be applied to timetabling. Routines
can be defined as “a repetitive, recognizable pattern of
interdependent actions, involving multiple actors” [27, pp.
96]. Heuristics [28] are cognitive rules of thumb, or short-
cuts, that people apply, consciously or unconsciously [29].
Argyris and Schön [30] present learning as understanding
and eliminating the gap between the expected result and the
actual result of an action. This gap can be eliminated either
by making changes (taking corrective measures) within the
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Figure 1: Capacity allocation process in Sweden. Adapted from the Swedish Transport Administration [23].

existing values and norms, or by changing the existing values
and norms. The former is called single-loop learning and
the latter is called double-loop learning. Single-loop learning
is connected to doing things right, in accordance with the
existing values and norms. Double-loop learning is about
doing the right things, by questioning the existing values and
norms. This is a concept we will return to throughout the
paper.

According to Loock and Hinnen [31], organizational
heuristics are the result of collective learning processes. They
found that successful organizations refine their heuristics
over time, as a result of feedback loops. Organizational
heuristics can also interact with individual heuristics and
with improvisation in the decision-making process [32].
Kirkebøen [33] shows that heuristics can be biased, such as
a bias to rely on the information that is most available or
a bias to search for information that confirms rather than
contradicts a decision.

Managerial issues in railway planning have been the topic
of a range of publications, notably Vuchic [34] and Profillidis
[35].Managerial aspects of railway planning include strategic,
tactical, and operational issues, and timetabling is an impor-
tant factor in all these perspectives. A strategic perspective
on railway planning includes selectingmajor investments and
positioning the railway within the overall transport system,
as described by Harris et al. [36]. In a tactical perspective,
timetabling is one step in the planning process. Ceder [37]
describes the train scheduling process in four steps: network
route design, setting timetables, scheduling vehicles, and
assignment of crew. All of these planning steps have been
of interest to researchers, especially from an optimisation
perspective [38]. Operational management issues in railway
planning have also been studied: Veiseth et al. [39] study
how timetable improvements in a Total Quality Management

perspective for operational improvements, and Samà et al.
[40] provide an example of applying optimisation to support
operational management. Roth et al. [18] and Tschirner [41]
also studied aspects of operational management for train
dispatching in traffic control centres, while Watson [14, 20]
considered the contrasting needs andpreferences of timetable
planners and their managers.

2.1. State of Practice in Sweden. The following is an outline
of the current state of practice in Swedish train timetabling,
to give the reader a better understanding of the processes
and tools involved. Rail traffic in Sweden has been gradually
deregulated since competition for some tracks for passenger
trains was allowed 1990, with open access with competition
on all tracks since 2011, while freight services have been
competing on the tracks since 1996 [42].

2.1.1. The Capacity Allocation Process. The annual capacity
allocation process in Sweden is illustrated briefly in Fig-
ure 1, which is reconstructed from the Network Statement
published by the Swedish Transport Administration. This
corresponds to the tactical level of planning described above.
The process as described here is based on the Network State-
ment published by the Swedish Transport Administration
[23] and an excellent account in Hellström [19]. First the
train operating companies send in requests for the capacity
they want during the next year. The timetable planners at
the Transport Administration combine these requests and,
by following their rules and guidelines for how to plan
timetables, come up with a draft that contains all the train
timetables for one year. In case there are conflicting requests,
such that not all trains can be run when and where the train
operating companies desire, there is first a step where the
parties are encouraged to coordinate among themselves. If
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this coordination is unsuccessful, there is a process where the
Transport Administration, together with the parties, tries to
settle the dispute. If these attempts are also unsuccessful, parts
of the infrastructure can be declared to be saturated, and the
planners at the Transport Administration use prioritization
criteria to determine which trains have priority, sometimes
entirely rejecting the other requests. In yet another step, the
train operating companies can appeal the decision of the
planners to an administrative court, if they are unsatisfied
with the planners’ decisions.

The point of departure compared to other European
countries is when the coordination process breaks down.The
United Kingdom [43] has a more qualitative process with an
overarching objective “to share capacity on the Network for
the safe carriage of passengers and goods in the most efficient
and economical manner in the overall interest of current and
prospective users and providers of railway services.” Along
with this objective it has a list of twelve criteria, on which
to assess the fulfilment of the objective. In Germany [44],
priority is given to regular-interval or integrated network
services, cross-border trains, and train paths for freight trains.
If none of these criteria are sufficient, priority is given to the
train paying the higher track charge. In the Netherlands [45],
the track charges for the conflicted train path are raised if an
agreement cannot be found by the parties, to the point that
only one of the actors remains. The Dutch also emphasize
the basic hourly patterns in their capacity allocation process,
striving for a cyclic timetable, something that is not found in
the other countries’ process descriptions.

How trains are prioritized in the timetabling is regulated
in the Network Statement [23]. In the request for capacity,
the train operating companies must classify their trains
according to previously set criteria. For passenger trains,
the expected number of passengers, the share of passengers
who are time-sensitive, the share of regional travelers, and
demands for high speeds are the basis for this categorisation.
Similar criteria are used for freight trains. There are 18
categories for passenger trains, shown in Table 1, and 15 for
freight, which are not shown here. Trains can also have
associations with other trains: these are categorised into
five categories each for passenger and freight, based on
the number of passengers or tonnage of freight, and three
categories for the turnaround of vehicles. Each prioritization
category is linked to a series of social cost estimates, which
are based on the methodology in ASEK [46] and are used to
find a total solution, whichminimises the social welfare costs.
Track charges to be paid by the train operating companies
to the Swedish Transport Administration are determined
using other methods and are not in any way involved in the
prioritization of trains.

Sometimes train path requests, or associations, are not
possible to fulfil, and they are instead excluded from the
timetable. While there is no clear guidance from welfare
economic theory on how to evaluate these exclusions [47],
a cost is still assigned so that large numbers of trains are
not simply excluded. The cost estimate has instead been
calculated roughly in the following way: for each type of train
(each prioritization criteria) an estimate has beenmade based
on how much the travel time can be extended before it is

no longer considered viable to operate the train at all. For
commuter and regional trains, this has been set to 15%, so
that if the travel time of a train had to be extended by more
than 15%, it is assumed that no onewould like to use that train
(there is no documentation or discussion on how these limits
have been determined). The cost of excluding a train is then
set to be equal to the cost of such a train being run to that
maximum limit, which results in a very high cost of excluded
train paths, severely punishing solutions that deny requests
for capacity. A minor detail in the calculation of exclusion
costs is that a template is applied to estimate a reasonable level
of margins for the trains, instead of using the actual size of
margins in the train path. This is done so that companies do
not act strategically in reducingmargins in order to have their
competitors’ trains be excluded instead of their own.

2.1.2. Robust Timetables. Robustness in timetables is primar-
ily achieved by modifying time supplements, headways, and
dwell times (see, i.e., [48]). In Sweden, time supplements are
added in several ways.The first way is included in the runtime
calculation, which is calculated as if the train had a technical
top speed 3% lower than it does. Practically speaking, this
adds a uniformly distributed margin of 3%. This is often
motivated by differences in train driver behaviour and is
described as the primary source of margins in timetables but
in fact only makes up a small fraction of the total margins
[49].

The other explicit way to add time supplements is by
assigning node supplements [50]. On eachmajor railway line,
between two and four stations have been designated as nodes,
while minor lines instead use the first and last stations. The
idea is then to add a number of minutes as time supplements
for trains traveling between two nodes. For passenger trains,
those that have maximum speeds above 180 km/h need four
additionalminutes between each pair of nodes, and those that
have lower maximum speeds instead need three minutes for
each pair of nodes. Trains that travel shorter distances on the
major lines, not reaching a node, require two minutes. The
airport express trains are given an exception, only needing
node supplements of one minute. Freight trains require two
minutes for each set of nodes, or one minute for shorter
distances.

In addition to these two methods, timetable planners use
their discretion in assigning time supplements. One common
practice is to add seconds, so that arrival times occur at whole
minutes. For instance, if a train would arrive at 12:44:27, the
planner might add 33 seconds, so that the arrival instead
occurs at 12:45:00. Over long journeys, this often adds up to
considerable supplements. Supplements are also sometimes
given for trains that are scheduled to stop at a platformwhich
is not on the main track, because this takes slightly longer to
get to, and because engineering works are being done on the
track, requiring lower speeds for part of the journey. These
are meant to correct cases where the runtime calculation is
known to be wrong; however they are not really margins
increasing the robustness.

Headways, the time separation between trains going in
the same direction on the same track, are another important
way to provide robustness. A short separation implies a
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Table 1: Prioritization criteria for passenger trains and their associations, with social cost estimates. Reproduced from Appendix 4 B in the
Swedish Network Statement for 2017 [23]. When alternative timetable solutions are compared to one another, the solution with the lowest
total social cost estimate should be chosen. This entails first calculating the social cost for each train, using the estimates above value travel
time, travel distance, phasing time (shifting departures from the times requested by the train operating companies), and associations between
trains for both passengers and vehicles and then summing up the social cost across all trains in the timetable scenario. The cost estimates for
rejected requests, trains that are not allowed to run in the timetable alternative, are estimated using a slightly different methodology outlined
briefly in Section 2.1.1. Similarly, there is a threshold at which point an association is no longer considered viable, and instead of basing the cost
on the time used, a fixed penalty is applied, as indicated in the column SEK/Assn. The train operating companies are required to (accurately,
to the best of their knowledge) report the prioritization category of each of their trains along with the request for capacity, based on the
identification criteria, and the computation of the social cost estimate is then done in Trainplan for each timetable scenario. Guidelines are
also provided for how to handle new train concepts, where there is no previous knowledge of the number and type of passengers.

Description of
category

Identification criteria for prioritization categories Social cost estimate

Number of
passengers

Share of time
sensitive
passengers

Share of
regional

passengers

Demand for
high speed, few

stops

SEK/min
transport time

SEK/km
transport
distance

SEK/min
phasing time

Heavy commuter ≥700 ≥75% ≥75% 1,150 93 784
Regio-commuter ≥300 ≥75% ≥75% 736 93 474
Regio-commuter ≥300 ≥75% ≥75% 736 93 474
Regio-max ≥200 ≥75% ≥75% 499 76 212
Regio-max ≥75 ≥75% High 499 76 212
Regio-standard ≥75 ≥75% ≥75% 240 27 132
Regio-standard ≥25 ≥25% High 240 27 132
Regio-low ≥25 ≥75% ≥75% 170 29 96
Regio-low ≥75 ≥25% 170 29 96
Regio-low ≥25 ≥25% 170 29 96
Regio-mini ≥0 ≥25% 46 22 10
IC-express ≥200 ≥75% High 753 64 429
IC-standard ≥75 ≥25% 484 41 291
IC-low ≥25 ≥25% 253 38 125
IC-low ≥75 253 38 125
IC-mini ≥0 80 15 31
IC-mini ≥0 80 15 31
Unspecified 35 11 8
Association Passengers SEK/min SEK/Assn.
Conn. pas. max ≥125 647 55,300
Conn. pas. high ≥75 304 26,000
Conn. pas. std. ≥50 190 16,300
Conn. pas. low ≥20 107 9,110
Conn. pas. mini ≥0 30 2,600
Turnaround high 0 37,300
Turnaround std. 0 19,300
Turnaround low 0 11,800

high capacity and throughput but also increases the risk
that delays spread from train to train. In Sweden, minimum
headways are regulated in a document [51], varying from two
to seven minutes, depending on the location. The normal
range, applying to most of the network, is from three to five
minutes. It is unclear from the documentation to what extent
this is a technical minimum and what has been added to
improve robustness, but if headways are higher than required
by the regulations, robustness would be expected to improve.

The third key factor for robustness of timetables is dwell
time. If a dwell time is too short, the departure of the trainwill
be delayed. Correspondingly, if the scheduled dwell time is
longer than required for the exchange of passengers or goods,
the excess time can be used to make up for any previous
delays.The guidelines [52] state that dwell times for passenger
trains should, in general, be two minutes long. Sometimes
longer times are required and other times, if the number of
passengers is small and the train and station are prepared for



6 Journal of Advanced Transportation

Table 2: Timetable planning standards for passenger trains in Sweden.

Robustness measure Norm in the Swedish regulations
Running time supplement +3% across the board, included in run time calculation

Node supplement 3-4 minutes per pair of nodes passed; 2 minutes if partial;
2–4 nodes exist per railway line

Dwell time at stations 2 minutes standard; 1 minute if the number of passengers is small
Minimum headway 2–7 minutes, most commonly 3–5 minutes

a speedier boarding process, one minute can be used instead.
If the number of passengers is very small, it is possible to
schedule a stop without dwell time, merely slowing the train
down to a stop and then starting again immediately, but if
this is done the runtime on the next line section should be
extended, and if passenger numbers increase, the timetable
should be redone and longer dwell times set.

The norms discussed above are summarised in Table 2.
Vromans [53] compiled information on running time sup-
plements used in the Netherlands, the United Kingdom,
and Switzerland, and as required by the UIC which can
be repeated here as a point of reference. While this infor-
mation may appear dated, the timetabling norms have not
changed significantly in Sweden since at least the 1990s,
and there is reason to believe that the norms would be
stable in other countries as well, even though the actual
planning practice may well develop over time. According to
Vromans [53], the Dutch use a running time supplement
of approximately 7% across the board, for passenger trains.
In the United Kingdom, runtime calculations are based on
previous performance rather than physics-based methods,
and the running time supplements are not explicitly defined
[54]. The Swiss [55] use a supplement of 7% for passenger
trains, on top of which they add one minute for every 30
minutes of runtime and additional supplements in some
locations, usually at highly utilised nodes. As a final point
of comparison, the UIC [56] recommends a combination
of time and distance based supplements: between three and
seven percentage points are added to the running time, to
which one should add between one and one and a half
minutes for every 100 km. Unfortunately, we have not found
anynorms or standardswith regard to dwell times or headway
times in other countries.

The complexity of traffic, changing conditions, and sheer
number of decisions makes it difficult for planners to foresee
the punctuality effects of individual decisions on the size and
distribution of margins, headways, and dwell times. Because
of this difficulty, there has not been a convergence around best
practice in timetabling in Sweden, and there has not been
a steady improvement in punctuality [1], which one might
expect if planners were able to learn what works and what
does not. Nonetheless, there has been a significant drift from
the norms in how the timetables are scheduled in practice
[49], as the running time supplements are routinely much
larger in practice than in the norms, while the dwell times
are significantly shorter.

2.1.3. Tools. TheSwedish Transport Administration currently
uses the tool Trainplan to create timetables, a tool which is

also used in theUK railways [14] and is reviewed byHammer-
ton [57]. RailSys is increasingly being used to perform limited
test runs of parts of the timetable using stochastic simulation,
on a more detailed infrastructure model, and can address
many of the issues presented in this paper. As in the UK, the
group of trained users is small and used only as a complement
to the main planning process. These software packages, their
use, and their limits are discussed in depth by Watson [14].
One of the most important constraints is that Trainplan does
not provide automatic conflict detection, meaning that the
planners must check for these manually. As each planner
plans for thousands or tens of thousands of trains per year,
this is a recurring issue. New tools and processes, intended
to improve the quality and efficiency of the timetable process
roughly along the lines discussed in ONTIME [21], are under
development at the Swedish Transport Administration and
are to be rolled out gradually from 2018 through 2020.

With the introduction of information technology and
increasingly powerful computers, simulation is gaining an
increasingly important role in the railways, both in practice
at infrastructure managers and in academia. In the early
2000s researchers at the Royal Institute of Technology began
to model the Swedish railways in the simulation software
RailSys [58]. After several years, the Swedish Transport
Administration began to use this model to perform simu-
lations in different aspects of its practice. This is now an
established part of the process, and parts of the annual
timetable are run through simulations in several iterations
before they are finalised. Larger engineering works are also
simulated regularly in order to estimate the effects on train
traffic and to make appropriate changes to the timetable.
This is being developed further, so that alternate plans for
engineering works can be tested against each other [59].

However, the team of capacity analysts who use RailSys
is still quite small and they are organized as a group of
experts, which is involved inmanyprojects besides the annual
timetable planning. The timetable planning is still done in
Trainplan, and the test runs in RailSys are limited in both
number and scope. Thus, while some of the errors produced
in the planning process are identified and corrected, the
workflow of the planners is not really affected and many of
the errors still go unnoticed.

2.2. State of the Art in Sweden. As a way to utilise the
infrastructure capacity more effectively, the Swedish Trans-
port Administration is funding research for simulation and
optimisation tools for timetabling and rescheduling. Some
of this work is outlined here, to give an idea of the research
and development underway in Sweden, without intending to
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give a comprehensive review.This work creates an important
and interesting backdrop to the ongoing development and
impending implementation of new tools and processes for
timetable planning.

2.2.1.TheCapacity Allocation Process. Thecapacity allocation
process itself, the framework for timetable planning, is also
being developed and improved spearheaded by researchers at
the Swedish Institute for Computer Science. A summary and
roadmap toward implementation is presented in Aronsson
et al. [60]. The background for this is twofold. One issue
is that, with deregulation and the existence of multiple,
competing train operating companies, the demands put upon
the capacity allocation process are fundamentally different
than before. Kreuger et al. [61] list some typical requirements
from train operating companies and their customers, and
based on these they developed a mathematical framework
for detecting and resolving conflicts. The other issue is that
the current allocation process has very long lead times, is
inflexible, and leads to an inefficient capacity utilisation of the
infrastructure. This is described by Forsgren et al. [62], who
found several mathematical opportunities and challenges
following an alternative process, where the decision-making
is postponed as far as possible into the future.

Gestrelius et al. [63] developed an outline for a more
efficient capacity allocation process. In the current process,
train paths are made and used for the entire year. Once
finalised, they are not allowed to be modified; they must
instead be cancelled and replaced by a new train path in the ad
hoc-process, which is not allowed to disturb the surrounding
train paths. This often leads to, for instance, a train stopping
at a certain station every day of the week, to await a meeting
train that only runs on Tuesdays. All other days of the
week, these scheduled stops are entirely unnecessary. The
suggestion for the new process is to only lock down certain
key characteristics of train paths, such as departure times
from some important stations, retaining greater flexibility in
later planning, and operational stages without compromising
the quality of the train paths.

Gestrelius et al. [63] also present a method to generate
these key characteristics based on an annual timetable, using
rolling horizon planning and a mixed integer programming
model, which optimises the train paths for each individual
day, using different delivery commitments for different oper-
ators.They then applied the model on a case study in Sweden
and showed that this allows for a more efficient utilisation of
the infrastructure. Aronsson et al. [64] continued this work
by working to estimate the value of this uncovered capacity,
showing that a large portion of the available capacity is hidden
when using the current planning methods and scheduling
rules.

Working further on improving the process, Svedberg
et al. [65] developed a model to optimise the welfare cost
of different timetable variants, containing competing train
operators, and they applied themodel to a part of the Swedish
rail network. A model like this gives the infrastructure
manager a more correct and transparent way to rule on
which trains should get their requested timetables and which
should be adjusted or excluded.This is increasingly important

as the number of requested train paths is increasing, and
especially as the requests are coming from competing actors.
The welfare cost derived from this framework can also be
used to find the optimal number of departures, find the best
departure times, and estimate the economic value of different
timetable variants.

2.2.2. Robust Timetables. One line of research is directed
at creating timetables that are robust against minor distur-
bances. An important prerequisite is developing methods on
how to measure and quantify this robustness, ideally before
the timetables are put into operation. Andersson et al. [66]
show that there is a clear mismatch between where margins
are placed and where delays occur. They also suggest that
punctuality should be measured at all stops, not only the
final destination. Peterson [67] studied two Swedish train
services, finding that dwell times are usually underestimated
and not sufficiently compensated by margins on the line
and that the precision of the train paths decreases linearly
with the running time. Building on this finding, Khoshniyat
and Peterson [68] modified timetables so that the assigned
minimum time slot in the train path is increased linearly with
the service’s travel time. Based on numerical experiments on a
double track segment of the Swedish SouthernMainline, they
conclude that the modified timetables perform better when
small disturbances are introduced.

Several new ex ante robustness measures have been
proposed. Gestrelius et al. [69] propose that the number of
possible alternative meeting locations between two trains is
a robustness measure, as it gives flexibility for rescheduling.
Khoshniyat [70] developed a headway-based method, which
can improve robustness without imposing major changes
in timetables, and proposes four new measures: Channel
Width, Channel Width Forward, Channel Width Behind,
and Track Switching. Andersson et al. [71] also propose
a new robustness measure: Robustness in Critical Points
(RCP), which is focused on points in the timetable that
are particularly sensitive to delays. Warg and Bohlin [72]
established a timetable performance index to evaluate the
benefits and robustness of a timetable from a passenger
perspective, by combining simulation and socioeconomic
analyses.

Once robustness measures have been proposed, it is
possible to optimise timetables around them. For instance,
Andersson et al. [73] propose a model which reallocates
existing margin time to increase the RCP. This is tested
by simulation runs of an initial timetable and one with
reassigned margins, while introducing small delays. In the
adjusted case, total delays at the end station are 28% lower.
Solinen et al. [74] also use an optimisation model to increase
the RCP throughout a timetable and evaluate the results with
simulation. They found that robustness increased locally, but
that the relationship between ex postmeasures andRCPmust
be studied further.

2.2.3. Tools. One prototype tool based on optimisation,
which has been developed and evaluated, is called theMaraca
[75]. It is used for nonperiodic timetabling and minimises
resource conflicts, thus enabling the user to focus on the
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strategic decisions. Based on a trial of this prototype, Forsgren
et al. [76] show how computer and optimisation based tools
can provide valuable insights, even before full-scale imple-
mentation. Another tool, intended for marshalling yards, is
designed by Gestrelius et al. [77] who design an integer pro-
gramming model to schedule shunting tasks and to allocate
tracks in both the arrival yard and the classification bowl.
This tool has a planning period of four days and optimises
characteristics like shunting work effort, the number or cost
of tracks, and the shunting task start times.

Similarly, the rescheduling of trains in disturbed scenar-
ios is amenable to methods and tools using optimisation.
Krasemann [78] developed an algorithm, which effectively
delivers good solutions within the permitted time, perform-
ing a depth-first search using an evaluation function to
prioritize when conflicts arise, and then branches according
to a set of criteria. Krasemann [79] then shows that the
approach is feasible for practical problems, using the case
of the Iron Ore Line in Northern Sweden and solving many
different delay scenarios to optimality within one minute or
less.

3. Methodology

To produce the material for this paper, we carried out
semistructured interviews with timetable planners working
at the Swedish Transportation Administration’s office in
Malmö. Each interview was approximately an hour long,
recorded, and transcribed in full, which resulted in a written
material of around 50 pages. The results were analysed by
manual categorisation and concentration of meaning.

The Swedish Transport Administration employs about 20
long term timetable planners, who work chiefly in the annual
timetabling process. In addition to these, there are short-
term timetable planners who work in the ad hoc-process.
The Swedish railway is divided into eight regions, and the
southernmost region is planned from the office in Malmö
by four timetable planners, all of whom we interviewed. Two
of the planners were men and two women. All of them have
worked in the industry for many years, at least since 2003 and
going back as far as 1985, andwith timetables for nine ormore
years.

This region is a sort of microcosm of the railway network
in Sweden, and it contains a very diverse mix of railway lines,
train traffic, and capacity utilisation. It includes the Southern
Mainline, one of the most heavily used in the country, dense
commuter systems aroundMalmö-Lund-Helsingborg, heavy
freight traffic mixed with passenger trains on the single-
track Scania Line, sparser passenger traffic around Ystad,
Karlskrona, and Kalmar, and several nonelectrified lines with
local, manual train dispatching and very low traffic volumes.
Thus, while we have only interviewed planners in one region,
those planners have been exposed to a wide variety of
planning conditions and circumstances.

We used a qualitative method because this allowed us to
effectively study the values and priorities of those involved. In
this choice of method, we thus applied a qualitative approach
on a topic that is typically studied using quantitativemethods.
We prepared an interview guide based on four areas which

were identified before the interviews: (1) guidelines and
support, (2) rules of thumb, (3) feedback loops, and (4) trade-
offs, with a handful of guiding questions in each area.

The process of analysing the transcribed material was
carried out in sequence.The first step was to sort the different
interviewer-interviewee exchanges by area, rather than by
chronology, what Kvale [80] and Hammersley and Atkinson
[81] call categorisation. The second step was to concentrate
themeaning of the answers [80] by cutting superfluous words
and sometimes reformulating entire paragraphs into a few
sentences. This was a necessary process, to make it feasible
to get an overview of what was said, and the volume of text
was reduced from 24,500 words to only 4,500. All these steps
were performed manually.

The following has been translated from Swedish and
provides an example of the concentration of meaning:

The transcript
“Unfortunately, the time is short, so we don’t have
time to quality control ourselves, rather it’s like: now
I’ve done that train I hope it’s right. We have two
occasions where Traffic Control go in and check, but
they can’t see everything either. So unfortunately, we
can’t do the kind of quality of work that we would like
because the resources aren’t enough, we have to focus
on getting it done.”
can be condensed to
“We focus on getting it done, and don’t have time for
quality control. The Traffic Control try to check, but
can’t see everything.”

Having concentrated the interview answers, we made a
more detailed sorting, and 16 new subareas were identified.
Following this, we further summarised the contents, reducing
the volume from4,500 to 500words.Thismade itmanageable
to get an overview of the contents. Section 4 contains
translations of these summaries, grouped into the four areas
of the interview guide. An example of this second step of
summarising

“Traffic Control gives daily feedback: insufficient
meeting time, crossing train paths, stopped freight
train before a slop, train stops on the wrong track.”
“Feedback: want the train on another track, crossing
train paths, infeasible timetable. Adjust in ad hoc-
timetable and in dialogue with train operating com-
pany, but not always possible.”
“Traffic control usually tells us: trains are too long, or
always late. Less feedback about punctuality, but there
can be problems around engineeringworks or ad hoc-
trains that only run a single day and make a mess.
We mostly focus on the train numbers that run more
often.”
“A new group is looking at the code ‘suspected error
in the timetable’, finding new errors: shouldn’t have
a meeting with zero dwell time in Mörrum [a small
station], because then the trains lose two minutes.”
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“Easy to miss crossing train paths, because our sys-
tems lack conflict management. You learn after a
while how to handle different locations, but it’s not
written down anywhere.”
can be summarised into
“Traffic control has a lot of feedback. Short meeting
times, crossing train paths, bad track allocation, trains
that are too long, and freight trains stopped in slopes.”

The analysis in Section 5 is based on an alternate reading
of the interview responses. We identified instances in the
interviewswhere the planners described feedback from traffic
control about errors in the timetable, which can be seen in the
examples of translated and concentrated statements provided
above, and we focused on the ones that were mentioned
most frequently among the planners. We also identified
several statements that could explain why errors sometimes
occur in the timetable and condensed these into a list of
eleven reasons. At this point, we looked for different ways to
group and categorise the answers, looking for themes on a
higher analytical level, and came up with the three following
categories, whichwe use in the analysis: (1) “missing tools and
support,” (2) “role conflict,” and (3) “single-loop learning”
(see Argyris and Schön [30] and Section 2 above).These three
categories are used to explain and discuss the reasons behind
the errors more deeply.

4. Results

The questions in the interview guide were structured around
four areas, and we will begin by reporting summaries of
the responses according to each area. These summaries add
to the contextual understanding of the timetable planning
in Sweden and document issues in ways that could not
be achieved by studying documents or guidelines and are
a key part in establishing a baseline for later evaluations
and studies, following the implementation of the new tools
and processes. Further analysis and discussion of interview
responses follows in Sections 5 and 6.

4.1. Learning and Feedback Loops. The planners explained
that the timetabling work is split by lines, with some much-
needed reinforcement at large stations. They state that they
have a large individual responsibility, both in learning what
is necessary and in performing quality control, that it takes
a long time to learn the details of each railway line, and
that there is no time for quality control. It is difficult to
transfer accumulated experience. Even though there is some
education and transfer of knowledge as a line is handed
over, it is insufficient and quite short. The planning method
has been largely the same for the last 20 years or so, but
the work is continuously getting more difficult, due to the
increasing number of trains and engineeringworks. Problems
increasingly occur at the stations, where the capacity is
insufficient. In the past, the reverse used to be true.

There is no systematic evaluation or quality control: it is
up to the individual planners, and they do not have time to
perform it. The feedback loop that exists is from operational
traffic control, most frequently about insufficient meeting

times, crossing train paths, poor track allocation, trains that
are too long for the allocated tracks, and freight trains being
stopped at inclines. However, there is no established system
or routine to keep track of these comments, or to make use
of them, other than making a note mentally or on paper
and trying to remember this information until it can be used
next year.The planners also feel that important preconditions
change from year to year, which makes it difficult to draw
comparisons and lessons between years, making it evenmore
difficult to make use of the loose notes that they make based
on the feedback.

4.2. Support and Guidelines. The planners describe a some-
what contradictory experience of the work environment: the
women describe the atmosphere as open and helpful, while
the male planners describe a lonelier experience. The more
experienced planners work more based on discussions with
the train operating companies than on a strict application of
the guidelines. The one who was newest at the job and who
had more often switched between railway lines stressed the
importance of studying the geography and signalling systems
extensively. The guideline document [52] was mentioned
by all the interviewees, but it is interpreted liberally and
was not described as helpful. A new version is said to
be coming soon, but this has been said for several years.
Trainplan is the main tool and while it does many things,
the version used at the Swedish Transport Administration
does not handle track allocation,manage conflicts, or provide
topographical information. The train operating companies
often agree among themselves and apply detailed timetables.
The planner only adjusts when necessary, and this is done in
dialogue with the train operating companies. As a planner,
one must know which signal-box models are present and
how they work, which is quite complicated without sufficient
technical support.

4.3. Trade-Offs. Although the timetable planners know that
trains are sometimes late, they report that they cannot plan
a timetable based on the trains running late. Engineering
works that move along the line during the year are difficult
to schedule properly, as the location for the delay shifts over
time. Creating new train paths for each scenario is chal-
lenging and discouraged by the capacity allocation process.
The lack of capacity, especially at stations, is mentioned by
several interviewees as the most difficult problem in their
work. It appears to be a bottleneck-problem, rather than one
of sheer volume, where past a certain threshold it becomes
very difficult. The planners try to handle the lack of capacity
in dialogue with the train operating companies, and they all
describe different principles for doing so. The problem of
congestion is exacerbated by the short-termplanners bending
the rules to fit in more trains. Negative margins are often
used for local trains on single-track, so that the scheduled
runtime is shorter than the calculated minimum runtime, at
the request of train operating companies. The explanations
for this vary from person to person, but the planners state
that “it has always been like this.”
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4.4. Rules of Thumb. The planners express that node sup-
plements are the primary way of assigning margins, but
everyone describes a different methodology for assigning
them. Some give descriptions that seem to run counter to
the few rules that are written down. Another very common
practice is to adjust arrival and departure times at control
points so that they occur at whole minutes. At some places,
this is described as required for technical reasons, but it
appears popular even elsewhere. Usually, seconds are added
up to the whole minute but sometimes subtracted. Phasing
supplements are an important tool to make the timetables
feasible. Only the most experienced planner adds a minute
after a scheduled stop, as per an old unwritten rule going
back decades, although others were aware of the practice.
The train operating companies generally set the dwell times.
The planners say that the standard is two minutes, but they
give the impression that shorter times dominate. Local trains
are often given the same arrival and departure times, with
no scheduled dwell time, to avoid waiting unnecessarily in
case the train is delayed or the number of passengers is
small. Dwell times in excess of two minutes are primary for
connections and phasing reasons and in rare cases for trains
going into themountains during holidays, whenmany people
bring skis and similar equipment.

5. Analysis

Here we present the results of an alternate reading of the
responses, focusing on the errors that occur in timetable plan-
ning, the reasons behind them, and three themes running
through these reasons.

The Swedish timetable planners described receiving daily
feedback from traffic control; see the excerpts in Section 3,
which are primarily centred on four areas: (a) crossing train
paths at stations, (b) wrong track allocation of trains at
stations, especially long trains, (c) insufficient dwell and
meet times at stations, and (d) insufficient headways leading
to delays spreading. To give a rough idea of the relative
frequency of these errors, throughout the transcripts the
planners explicitly mention receiving feedback relating to (a)
five times, (b) nine times, (c) six times, and (d) twice. The
issue of crossing train paths is mentioned frequently as a
difficult issue: 15 times throughout the transcripts, suggesting
that the planners areworking hard on finding and eliminating
such errors, with partial success.

Based on the interviews, we have also identified eleven
reasons why the timetables sometimes lack quality, allowing
the occurrence of errors. These reasons were not explicitly
stated or described as such but were identified by reading and
sorting through the transcripts. We have also identified three
common themes that run through the list: “missing tools and
support,” “role conflict,” and “single- rather than double-loop
learning” (trying to follow the established norms rather than
trying to establish the right norms, see Argyris and Schön
[30]). This is all summarised in Table 3.

The leftmost column in Table 3 contains an identifying
number, used in the following sections. The second column
from the left describes the reason for lacking quality, and
the centremost column identifies which of the four common

errors (a)–(d) is associated with this reason.These four errors
are discussed further in the table text. The three rightmost
columns illustrate how the eleven reasons map onto the three
themeswe have identified. Each of these themes are discussed
in the following sections.

5.1. Missing Tools and Support. One theme running through
the responses is that the proper tools to perform timetable
planning are missing. This is most clearly illustrated by
reasons (2)–(5) in Table 3. Based on the answers given, such
tools would free up time and allow a shift in focus from
the details to quality assurance and a better overview of the
timetable. The planners state that they must keep track of
which model of signalling control is present at each location
and how it works. This is complicated and the planners
described that there is very little support available.

The main tool used by the planners in Sweden also lacks
functions for track planning and conflict management and
does not provide topographical information.These functions
were intended to be part of the current software tool, when it
was procured in the early 2000s, but the implementation of
these modules was cancelled, allegedly because the quality of
infrastructure data was too poor. New tools for both planning
and control of traffic are under development, and the planners
hope that these important functions will be implemented in
the coming years.

The guiding document for timetable planning was men-
tioned by all four planners but was not very helpful and is
interpreted liberally. A new version is said to be arriving soon,
but this has been said for several years. The planners also
state that the problem of insufficient capacity is worsened
by operational timetable planners being less rigorous in
following the guiding documents, when inserting new trains
into the gaps that do exist.

5.2. Role Conflict. Another underlying theme is the inherent
role conflict of timetable planners, which is best illustrated
by reasons (6)–(9) in Table 3; an overly liberal interpretation
of the planning rules and guidelines is that train operating
companies ask for shortcuts to fit more trains into the
timetable, that train operating companies request short dwell
times to avoid trains waiting, and that there is no clear
strategy for the location and size of time supplements.

One example of this conflict is how the decision to deny
a train request, because of capacity constraints, is described
as difficult and controversial. Denied requests can be, and
often are, challenged through the formal capacity allocation
process described in Section 2.1.1, which leads to a lengthy
and difficult legal process of showing that everything was
done correctly and transparently. Producing a timetable,
which cannot in practice be executed as scheduled, andwhich
is likely to cause delays, is not subject to the same formal
procedures or complaints.

Another example is how the more experienced planners
focusmore ondiscussions aimed at reaching a consensuswith
the train operating companies than on a strict application
of the guidelines. In Sweden, the train operating companies
mostly agree between themselves and apply with detailed
timetables, which the planners only adjust when necessary
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Table 3: Reasons why errors occur in timetables. The four types of associated errors are (a) crossing train paths at stations, (b) wrong track
allocation of trains at stations, especially long trains, (c) insufficient dwell and meet times at stations, and (d) insufficient headways leading to
delays spreading. (a)-(b)make the timetable infeasible without intervention from traffic control, are therefore considered themost critical, and
can be described as inadvertentmistakes. (c)-(d) systematically lead to delays occurring, increasing, and spreading and aremade intentionally
to accommodate the train operating companies, even if the consequences are not fully understood. Note the high extent to which these errors
are focused around stations.

Number Reason for lacking quality, description Associated
errors

Theme 1.
Missing tools
and support

Theme 2. Role
conflict

Theme 3.
Single- rather than
double-loop learning

(1)
Insufficient time for quality assurance of
timetables

(a), (b),
(c), and
(d)

X

(2)
Too many issues to keep in mind manually for
planners (a), (b) X X

(3)
Work is becoming more difficult due to
increasing congestion (a), (b) X

(4)
Congestion on stations, especially large and
complex stations

(a), (b),
(c), and
(d)

X

(5)
Missing tools for track allocation and conflict
management (a), (b) X

(6)
Liberal interpretation of the planning rules and
guidelines (c), (d) X

(7)
Train operating companies ask for shortcuts to
fit more trains into the timetable (c), (d) X

(8)
Train operating companies want short dwell
times to avoid trains waiting (c) X

(9)
No clear strategy for the location and size of
time supplements (c), (d) X X

(10)
Poor feedback and evaluation of timetables; no
routine for continuous improvement

(a), (b),
(c), and
(d)

X

(11)
Poor knowledge transfer to new planners; poor
documentation

(a), (b),
(c), and
(d)

X

and then in dialogue with the companies, doing what they
can to squeeze the trains in. For instance, insufficient dwell
times and negative margins are often given to local trains on
single tracks, on request from the train operating companies.
The rationale for this differs from planner to planner, but “it
has always been done like this.”

5.3. Single-Loop Learning. The last theme is best illustrated
by reasons (1)-(2) and (9)–(11) in Table 3 and refers to the
concept described in Argyris and Schön [30] and Section 2.
The timetable planners have a large amount of individual
responsibility: in the number of timetables that they must
create, in learning the relevant signalling control systems,
in applying the rules and guidelines, in assigning margins,
in creating robustness, and in controlling the quality. They
show that it takes a long time to learn the geography and that
there is no time for quality control. The task gets harder and
harder because the number of trains and engineering works
are increasing.

There is no systematic evaluation. This is up to each
planner, and they say that they do not have the time.
Important preconditions change from year to year, which

makes it difficult to compare between different timetables and
to transfer the notes made about feedback and errors from
one year to the next one. This contributes to the conditions
described in ONTIME [21, p. 37] which also commented on
the timetabling process in Sweden: “the accumulated know-
how of train dispatchers and train drivers is not fed back to
the timetable construction process to any larger extent.” It is
also difficult to transfer accumulated experience: even though
there is some education and transfer of knowledge to new
planners, it is described as insufficient and too short.

The planning work in Sweden is centred on finishing the
timetables in time, while keeping in mind all the technical
details and constraints of different signalling control systems
and rolling stock, the topography, crossing train paths, track
allocation, and so on. This is a direct parallel to the situation
in the UK described by Watson [14, p. 112], where “achieve
all timetable production timescales” is listed as the number
one priority among timetable planners at Network Rail and
“error free” only as number six, in a ranked list of eight
priorities. The British timetable planners that Watson [20, p.
312] interviewed primarily requested “help with elimination
or reduction of the repetitive data manipulation tasks that
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delay them from tackling the ‘interesting’ conflict resolution and
resource minimisation work.”

The lack of support and proper tools means that there
simply is not enough time or energy left to assess whether the
rules and guidelines are the best or most appropriate ones to
use. There is not enough time to consider what would make
the timetable better, or to ensure that the errors fromprevious
years are not repeated. If the implementation of new tools
can help to streamline the workflow for timetable planners,
the planners could use more of their time considering how to
make the timetable better and more robust.

6. Discussion

This paper is focused on how the timetable process and
the decisions of timetable planners contribute to delays and
nonpunctuality. Timetable properties have been shown to be
important and that changes to the timetable are relatively
easy, quick, and inexpensive to make, in comparison to
changes to infrastructure, rolling stock, and maintenance
practices.While we show that timetable plannersmake errors
that lead to delays, we do not suggest that this is the most
important contributor to delays overall.

It is also important to distinguish between what timetable
planners do, which contributes to nonpunctuality, and what
they do to contribute to punctuality. In the interviews, it
is made clear that planners are really struggling to create
a feasible, error-free timetable and that they need more
assistance. Before this is addressed, there is no time left in
the process for them to increase robustness. There is clearly
a need for tools to help generate and prove feasible timetables
more quickly. Once the planners have these tools they can
focus on improving the robustness.

The importance of new tools directed at helping generate
timetables more quickly and verifying that they are feasible
and error-free is also evident from the interviews. As these
new tools and processes are being developed and imple-
mented, it is interesting to consider and discuss the role of
timetable planners in the future. One viewpoint that is often
raised is that the planners will go from drawing timetables
to monitoring the systems that draw them. The focus will
shift from creating 𝑎 timetable, to creating a better timetable.
However, the current system already assumes that this is
the case. The results of this paper suggest that planners are
already entrusted with a large degree of discretion and are
solely responsible for creating good, robust timetables. The
problem is that they currently do not have the means to meet
that responsibility, because the task of creating 𝑎 timetable is
too demanding and time-consuming. If provided with better
tools and support and if the feedback loops were improved, it
would be possible for the planners to rise to the challenge in
the future. As is, they do not appear to be anxious or worried
that they will lose their jobs to automation: the impression is
perhapsmore of frustration that the tools do not work as they
should.

Conflicting train paths, track allocation, and constraints
due to different signalling control systems could all be
handled well through software, but the tools currently used
do not do this. As new tools and routines are implemented,

it is important to ensure that these important functions are
included and that enough high quality data is provided for
the systems.While the role conflict cannot be entirely avoided
by technology, new tools and processes can diminish the
consequences by no longer permitting things such as negative
margins and very short dwell times. Thus, more egregious
errors could, perhaps, be eliminated. The planners would
then also have more support when denying some requests
from the train operating companies, but this support could
be given in other, less technical ways. Adjusting the penalty
associated with excluding trains, which is severe and lacking
any theoretical basis, would be one such measure that could
easily be implemented on a policy level.

It would also be helpful to clarify the roles and respon-
sibilities between the different parties. With a separation
between the infrastructure manager and the train operating
companies, it is conceivable that both parties would like to
assume responsibility for ensuring that the timetable has a
high quality.The train operating companies might want to be
responsible, because timetables are core part of their business
with significant impacts on their customers’ experience. The
case is also strong for the infrastructure manager to assume
responsibility, because it needs to coordinate traffic from
many different companies, as well as engineering works.
However, the results of this paper indicate that neither
party assumes the responsibility. Clarifying the roles by
clearly stating which party is responsible for the quality and
robustness of the timetable would help make this interaction
more constructive.

The results presented in this paper suggest that both
researchers and practitioners should focus more on identi-
fying and improving the relevant feedback loops, to achieve
a higher level of learning among those involved. Single-loop
learning is both a technical and organizational issue. Since
the tools are lacking, planners are hard-pressed merely to
finish their work.The time is simply not sufficient to perform
quality control. Because there is no systematic review of the
quality and outcome, there is no way to begin to improve
the rules and guidelines, or to create a better timetable. This
supports the findings in Watson [14], Hellström [19], and
ONTIME [21]. As the tools do not provide enough assistance,
the focus is, and must be, on creating a timetable before
creating a better timetable. Creating a better timetable is what
we imagine the timetable planners of the future will be tasked
with doing, when more of the work has been automated and
the software tools provide far more assistance. Rather than
trying to manually execute all the details, they will choose
which heuristics, goal-functions, and constraints to apply in
different scenarios to achieve the best overall results.

This study focuses on Sweden. In the literature, we have
seen large similarities with the United Kingdom, which uses
the same tools and has a similarly deregulated market. The
new tools that are currently being implemented in Sweden
have recently been implemented, by the same supplier, in
both Norway and Denmark. Experts from the infrastruc-
ture manager and largest train operator in the Netherlands
[82] describe similar issues with errors causing delays and
infeasibility there. We believe that the planning process is
largely similar across most European countries, although
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the level of deregulation and competition between train
operating companies for capacity may vary, as will the tools
and contexts.

Reflecting on the methodology, we found it very reward-
ing to interview the people involved in the actual work of
planning in a structured way, and we found them to be
surprisingly frank and forthcoming.We are also pleased with
howmuchmore information can be extracted from the inter-
views when the transcripts are concentrated, categorised,
and sorted. It is a very time-consuming process, but in our
experience, it makes the initial investment of conducting and
transcribing the interviews evenmoreworthwhile. Being able
to query the transcribedmaterial fromdifferent angles, rather
than being bound by the initial structure provided by the
interview guide, is also very valuable and one of the key
methodological takeaways for us.

As a final note, the findings in this study have been
reported to both managers and experts at the Swedish
Transport Administration on several occasions. They have
expressed a keen interest in the research, in its results, and
in spreading the findings deeper into the organization and
the planning process. The problems with the current set of
software arewell known internally, which is one of the reasons
for the large and currently ongoing project of replacing it.
More surprise has been expressed on the theme of role
conflict, in the perceived lack of internal support for timetable
planners to go against the wishes of the train operating
companies, for the benefit of the overall timetable. The
managers realise that this is a question of leadership, where
they can and must improve. The issues around learning and
feedback also generated extensive interest and discussion on
the role of timetable planners in the future once the software
provides better support and on how to more systematically
implement methods and routines for continuous learning
and improvement.

7. Conclusions

Theprocess of timetable planning in Sweden has beenmostly
stable since the beginning of the new millennium, with only
minor changes in the processes, norms, and tools used.
Over the next few years this will change, following a very
significant investment in developing new tools and routines.
The large shift that this is brought about presents a rare
opportunity to study amajor transition in timetable planning.
Any large investment like this should be evaluated seriously,
to assess the effects and draw lessons for the future.This paper
helps establish the baseline for such an evaluation. Finally,
a growing research interest into robust timetables, for more
punctual train traffic, also justifies studying the timetable
planners and process.

Studying the Network Statements of European railways,
we found that the processes are largely similar; the dif-
ference is mainly in how to prioritize when two or more
train operating companies have requested the same train
slot. Whereas Sweden uses social cost estimates based on
the theory of welfare economics, the British use a more
qualitative assessment based on eleven predefined criteria;
Germany selects the train that would pay the highest track

charges, while the Dutch successively raise the track charges
for the conflicting trains until only one party is willing to run
the train.

Based on interviews with timetable planners in Swe-
den, we found that errors in timetables commonly lead to
infeasible timetables, which necessitate intervention by traffic
control, and to delays occurring, increasing, and spreading.
The errorswe identified are (a) crossing train paths at stations,
(b) wrong track allocation of trains at stations, especially for
long trains, (c) insufficient dwell and meet times at stations,
and (d) insufficient headways leading to delays spreading.The
situation is very reminiscent of the one described by Watson
[14] in the UK, preceding our study by almost a decade: the
timetable planners really struggle to create a timetable to
begin with, and they do not manage to produce one without
errors.

Reading through the transcripts of the interviews, we
have identified eleven reasons for these errors, and running
through these reasons, we have identified and discussed three
themes: (1)missing tools and support, (2) role conflict, and (3)
single-loop learning. The first theme, that proper tools and
support are missing, is mostly a technical issue. The second
theme is that of a role conflict for planners, which is mostly
an organizational issue. On the one hand, they must strive to
meet the demands of the train operating companies and, on
the other hand, they must be unbiased and create a timetable
that has a very high quality overall. The third theme is that
planners, both individually and as a collective, appear to be
stuck in single-loop learning [30], which is both a technical
and organizational issue.

Appendix

Interview Guide

Note. The questions are translated from Swedish. Questions
in italic were optional, intended to follow up.

Introductory Questions

Can you please tell me briefly about yourself and your
background?
Can you please tell me briefly about how you work
with the upcoming annual timetable?

Questions on Feedback

How long have you worked here?
Can you please tell me a little about what you have
learned since you started working here?
Can you please talk briefly about how the work has
changes since then?
Approximately how is the work divided between
those of you who create the annual timetable?
Can you please give some examples of how you
exchange knowledge and experiences, between col-
leagues?



14 Journal of Advanced Transportation

Can you please explain briefly how those of you who
create the annual timetable evaluate it, after the fact?
Can you please give some examples of how you tie
back to earlier timetables, coming into the annual
timetable for 2017?
On what level of detail is this feedback done?
Can you please briefly state what the punctuality looks
like on the lines, trains and stations you plan for?

Questions on Guidelines

Can you please tell me about the guidelines and
support you have available when you create an annual
timetable?
Can you please give an example of when you turned
to the guidelines?
Can you please give an example of when you used
“Olsson’s minute”? [A running time supplement of one
minute directly following a scheduled stop, named after
a timetable planner working several decades ago]
Can you please give examples of where you allocate
“node supplements”?
How often do you have to allocate supplements for
trains using secondary tracks?
Can you please talk a little about what tools you use
when creating a timetable?
Can you please give an example of how close you stick
to the timetables applied for by the train operating
companies?
How specific are the train operating companies’ appli-
cations with regards to dwell times?
How binding are the train operating companies’ appli-
cations with regards to dwell times?
How specific are the train operating companies’ appli-
cations with regards to run times?
How binding are the train operating companies’ appli-
cations with regards to run times?
How specific are the train operating companies’ appli-
cations with regards to arrival times?
How binding are the train operating companies’ appli-
cations with regards to arrival times?

Questions on Rules of Thumb, Heuristics

What do you typically use as a dwell time for passen-
ger trains?
Can you please give examples of factors that con-
tribute to your allocating a longer or shorter dwell
time?
Can you please give examples of when you allocate a
longer dwell time?
Can you please give examples of when you allocate a
shorter dwell time?

What difference does the train type make?
What difference does the volume of passengers make?
What difference do the punctuality statistics make?
Can you please give an example of when margins are
needed in a timetable?
If you believe they are required, where do you allocate
the margins?
Can you please give examples of how you decide on
the size of margins?
Can you please talk a little about which factors come
into play here?
What difference does the location make?
What difference does the train type make?
What difference does the volume of passengers make?
What difference do the punctuality statistics make?

Questions on the Trade-Offs in Timetable Planning

Can you please talk a little about the trade-offs you
make in your work, creating the annual timetable?
Can you please give some examples of difficult trade-
offs you have made recently?
Trade-offs between short and reliable journey times?
The trade-off betweenmargins at stations or on the line?
The trade-off between concentrated and distributed
margins?
Can you please give an example of where youwillingly
created a delay for a train?
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With the rapid development of multiyards railway intermodal terminal (MYRIT) construction in China, performance evaluation
has become an important issue for terminal design and management departments. Due to the complexity of the multiyards
terminal and the associated rail network, the train moving process and related terminal operations have become more complicated
compared with the traditional intermodal container terminal. However, in general simulation platforms, the train moving process
is simplified and train route scheduling rules are not considered in existing simulation models. In order to provide an accurate
and comprehensive quantitative evaluation tool for MYRIT, a simulation platform based on the Timed Petri Net model has been
developed, which can offer decision support for terminal design and management departments. In this platform, a yards and
facilities layout module has been created to give simulation users access to designing the railway network on this platform. And
a train route dispatching simulation method has been integrated to provide an accurate simulation of the train moving process.
Based on a real case of Qianchang railway intermodal terminal that is located in Fujian Province, China, the platform is thoroughly
validated against historical data. And the test scenarios show that train routes arrangement and handling equipment configuration
both have a significant influence on overall terminal performance, which need to be carefully considered during terminal design
and management.

1. Introduction

In the past several years, the Chinese logistics industry
has undergone a rapid development. Along with the trends
toward the growing demands quantitatively and qualitatively
on the freight transportation system [1], a large-scale inter-
modal terminal construction plan has been implemented by
China Railway Corporation. According to the official docu-
ment, 33 1st-class, 175 2nd-class, and 300 3rd-class modern
railway intermodal terminals will be built from 2015 to 2017.
Different from the intermodal container terminals that have
been widely constructed in Europe or America in the past
decades, the intermodal terminal in China usually contains
multiple cargo yards, which can be called amultiyards railway
intermodal terminal (MYRIT). MYRIT is a kind of compre-
hensive intermodal terminal which comprises distinguished
types of cargo yards in order to offer multimodal transport
services to different types of cargoes. A typical MYRIT is

shown in Figure 1, which contains a bulk cargo (e.g., coal and
ore) yard, a container yard, a special cargo yard, and others.

In MYRIT, different cargo yards provide services to
different kinds of cargoes and contain independent facilities
(railway tracks, storage area, handling equipment, etc.),
resulting in a very complex process of terminal design which
involves a huge number of decisions [2]. For a better terminal
design, one of the effective methods is simulation, which can
provide performance evaluation of terminal design schemes
based on a simulation model. In fact, intermodal terminals
can be regarded as a kind of discrete event dynamic system
(DEDS), of which the states only get changed at discrete
points in time as a result of stochastic events [3].

Due to the complexity of the MYRIT and the associ-
ated railway network, the train moving process simulation
becomes an important issue for overall terminal evalua-
tion. With various cargo yards, the internal railway net-
work involves more tracks, switches, and signals, and the
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Figure 1: Typical layout of multiyards railway intermodal terminal.

interaction of train routes becomes more complicated, which
has a significant influence on the train moving process.
However, in existing simulation platforms, there has been
a lack of simulation methods which can provide a detailed
simulation of the train moving process. The train moving
process has been simplified in most general simulation
models, which will lead to an inaccuracy in the terminal
evaluation.

In order to provide an accurate and comprehensive
simulation ofMYRIT, a simulation platform is developed and
presented in this paper which can be used as an analysis
and predictive tool for terminal design and management
departments. In this platform, a yards and facilities layout
module has been invented which can be used for inputting
and editing the railway network of a multiyards terminal,
and a train route dispatching simulation method (TRDSM)
has been created to provide an accurate simulation of the
train moving process considering basic dispatching rules.
The architecture and the simulation model of the platform
are elaborated in this paper, and it should be noted that
this platform is dedicated to rail/road intermodal terminals,
and terminals which involve waterway transportation like
container ports are not applicable to this system.

The remaining part of this paper is organized as follows.
In the following section, a literature review of intermodal
terminal optimization and management based on simulation
techniques is provided. Then, in Section 3, an overview of
operations of MYRIT and the framework of this simulation
platform are presented. In Section 4, the simulation models
based onTimed Petri Net (TPN) and key simulationmethods
integrated in the platform are expounded. In Section 5, the
function introduction of the simulation platform thatwe have
developed is given. In Section 6, validation and some test
scenarios of the simulation platform are detailed. Finally, a
summary of this study follows and possible extensions on
intermodal terminal simulation are identified.

2. Literature Review

Simulation techniques have been used successfully in termi-
nal planning, design, and optimization problems, and there
are many literatures in this field. Rizzoli et al. [4] built a
simulation model of the flow of intermodal terminal units
(ITUs) among and within inland intermodal terminals using

MODSIMIII as a development tool. During the simulation,
various statistics are gathered to assess the performance of
the terminal equipment. Another simulation tool dedicated
to model a single terminal was introduced by Benna and
Gronalt [5]. Terminal layout, arrival patterns of trains and
trucks, and container settings were specified as part of the
input data. A general overview of the macro and micro
model was provided by Ballis and Golias [6]. They tested the
micro model for 17 different terminal layouts with varying
numbers of tracks and cranes as well as lifting technologies.
Marinov and Viegas [7] provided a yard simulationmodeling
methodology for analyzing and evaluating flat-shunted yard
operations using SIMUL8. A comparative evaluation tool for
rail/road freight transport terminals has been developed by
Ballis and Golias [8], which consists of three models (an
expert system, a simulation model, and a cost calculation
model). Fugihara et al. [9] provided a way of simulation tech-
nology which can generate several benefits in the distribution
center projects.

This paper focuses on the simulation of rail/road inter-
modal terminals; however, some literatures with regard to
seaport terminal simulation can also be used as references.
Hartmann [10] provided an approach for generating sce-
narios of seaport terminals which can support solving opti-
mization problems in container terminal logistics. Vis [11]
compared the use of manned straddle carriers with that of
automated stacking cranes. The total travel time required to
handle all container moves was applied as a performance
measure to determine the yard layout for the seaport termi-
nal. A computer simulation model with on-screen animation
graphics which can simulate the operations of a container
terminal equipped with straddle carriers was introduced by
Ballis and Abacoumkin [12]. Based on this model, different
configurations (changes in yard layout, equipment number
and productivity, truck arrival pattern, and service discipline)
of the simulated system can be evaluated. Shabayek and
Yeung [13] developed a simulation model to simulate Kwai
Chung container terminals in Hong Kong, using Witness
software. The layout of the port and the incoming and
outgoing routes for container vessels were considered in the
model, which can provide a prediction of terminal operations
with a high order of accuracy.

PetriNet iswidely used for the description of the structure
and dynamics of DES [14]. For more details of the Petri Net
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theory and modeling, refer to Peterson [15] and David and
Alla [16]. A great number of successful Petri Net models
have been designed for terminal simulation and optimization
throughout the world. Some of the most relevant ones are
expanded in the following paragraphs. Dotoli et al. [17]
addressed the issue of modeling and managing Intermodal
Transportation Systems (ITS) at the operational level. The
system is highly complex, with various types of conveyances
alongside scheduling aspects. A Timed Petri Net framework
was built to model the ITS, which contains the tollbooth,
highways, truck, railway, port, and ship subsystems. A similar
exploration has been performed by Maione and Ottomanelli
[18]. A container terminal simulation model was proposed
within the theoretical framework of Petri Nets, which allows
taking into account the different aspects of the considered
system. Lee et al. [19] presented the development and appli-
cation of simulation models for air cargo terminal operations
using Timed Color Petri Net (TCPN). The TCPN is able to
simulate the operations of various types of material handling
equipment and is validated based on actual cargo retrieval
schedules records. A high-level Petri Net model which
contains timed predicate/transition net has been provided
by Hsu et al. [20]. This model aims at solving the three
essential operational problems (berth allocation problem,
quay crane assignment problem, and quay crane scheduling
problem) of container terminals simultaneously, which can
result in good overall system performance. Cavone et al. [21]
proposed a procedure for planning and managing resources
in intermodal terminals, which integrates Timed Petri Nets
and Data Envelopment Analysis. Silva et al. [22] described
the modeling of a container terminal using Petri Net with
predicates, which allowed the evaluation of different configu-
rations and combinations of transport equipment, providing
a very complete port system simulation. A general modeling
framework based on Timed Petri Net was constructed by
Dotoli et al. [23], which allowed simulating and evaluating
the performance of key elements within the intermodal
transportation chain. In the Petri Net model, places represent
resources and capacities or conditions, transitions model
inputs, flows, and activities into the terminal, and tokens
represent intermodal transport units.

Previous findings show that the simulation method has
been very effective and was widely used in the field of
terminal optimization and management. These manuscripts
provide valuable supports for our work; the simulation
framework, control methods of the terminal entities, and
Petri Net models of terminal activities are used as references
in our simulation platform. However, there has been a lack
of simulation methods considering multiple cargo yards,
and most papers focus on container terminal simulation.
With only one type of cargo, the structure of the container
terminal and the associated railway network is relatively
simple compared with MYRIT. The simulation model of the
train moving process is simplified to a single discrete event
in great majority of existing studies, and detailed train route
scheduling rules are not considered. However, due to the
complexity of the rail network in MYRIT, the interaction
of train movements can have a significant influence on the
train moving process and terminal performance. Therefore,

a detailed simulation method of the train moving process
considering train route dispatching rules has been considered
as an important element in this platform.

3. Framework Design

MYRIT is a kind of multimodal freight hub where different
types of cargoes are delivered and picked up by trains or
trucks. Cargoes arrive at terminal by trains/trucks and are
unloaded in corresponding yards by cargo-handling appli-
ances (gantry cranes, forklifts, reach stackers, etc.). Certain
goods are picked up by trains/trucks directly, while some
goods need to be processed and stored within the terminal
for a period of time before they are picked up. Various
facilities and equipment are needed to finish these tasks,
such as railway tracks, platforms, handlingmachineries, truck
parking lots, and repertories, which constitute a large-scale
intricate logistics system. In this section, the main operations
of MYRIT which are considered in the TPN model are
introduced, and the framework of the simulation platform is
described as well.

3.1. Overview of MYRIT Operations. The main operations
in MYRIT can be divided into three components, namely,
the train operations, the truck operations, and the cargo-
handling operations.

3.1.1. Train Operations. There are four prime steps of train
operations. When an inbound train arrives at the terminal,
it enters the receiving-departure yard (or arriving yard) first
and then undergoes an arrival inspection (cargo information
check, safety inspection, etc.) conducted by a surveyor. After
that, according to the type of goods carried by the train, the
occupancy states of tracks in the corresponding cargo yard
are checked. If there are idle side tracks within the yard,
the inbound train will move into the target yard under the
command of the train dispatching office. The cargo load-
ing/unloading operations are implemented inside the cargo
yard bymeans of certain cargo-handling appliances.The type
and mechanical model of appliances depend on the physical
nature of the cargoes. In case the loading/unloading machine
is busy, the train will stay on the side track and wait to be
served. When the cargo loading/unloading task is finished,
the outbound train will move back to the receiving-departure
yard (or departure yard), and a departure inspection will be
carried out. At last, the outbound train leaves the terminal
at the time required by the timetable. It should be noted
that, sometimes, the outbound train can leave the terminal
from the cargo yard directly without entering the departure
yard.The typical trajectories of train operations are shown in
Figure 2.

3.1.2. Truck Operations. Trucks arrive at MYRIT to deliver
cargoes to outbound trains or to pick up cargoes from
inbound trains. When a truck arrives at the entrance gate
of the terminal, it joins a first-in first-out (FIFO) queue
and waits for arrival inspection which is implemented by
the gate system. The arrival inspection includes collecting
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Figure 2: Trajectories of train operations.

information of trucks and goods through a high-resolution
camera, weighing arrival trucks, and providing guidance
information for truck drivers. Several factors can influence
the work efficiency of arrival inspection, such as the number
of gates, the number of entrance channels, the location of
gates, and the degree of automation of gate information
management system.

After the arrival inspection, the arrival truckmoves to the
corresponding cargo yard according to the guidance informa-
tion from the gate system. When the truck enters the cargo
yard, in the majority of cases, it will join a FIFO queue in the
loading/unloading area. If there are available cargo-handling
machineries, the truck loading/unloading procedure begins.
When the truck has been loaded or unloaded, it will move to
the exit gate of the terminal. Similar to the entry process, the
departure truck needs a departure inspection at the exit gate.

In addition to the trucks mentioned above, there is
another type of trucks which are called the shuttle trucks.
Shuttle truckswork inside the terminal and are used for trans-
porting goods between different cargo yards. The number of
shuttle trucks is much lower than the number of external
trucks which will leave the terminal when the loading and
unloading tasks are completed. Shuttle trucks can be regarded
as a kind of equipment resources of MYRIT. The sketch map
of the truck operations within MYRIT is shown in Figure 3.

3.1.3. Cargo-Handling Operations. There aremultiple types of
handling machineries inMYRIT, such as gantry cranes, front
lifters, reach stackers, and forklifts. Each kind of machinery
has different mechanical properties and serves different
types of cargoes in diverse cargo yards. The cargo-handling
operations can be divided into two types according to the
delivery direction of the goods: the train-truck operation
which represents the handling operation of goods delivered
by trains and picked up by trucks and the truck-train
operation which represents the handling operation of goods
delivered by trucks and picked up by trains. In this section,
the train-truck cargo-handling operation is introduced as a
representative.

When the cargo which is delivered by inbound trains
is about to be unloaded within the cargo yard, one of the
following three circumstances is given:

(i) If the corresponding truck which is used for picking
up the cargo has arrived at the cargo yard, the cargo will be
unloaded directly from the inbound train to the truck. In this
situation, only one loading/unloading operation is required.

(ii) If the corresponding truck cannot catch up with the
deadline (the timewhen the inbound train has been unloaded
andmust leave), the cargowill be unloaded to the storage area
inside the cargo yard and stored there. After that, when the
corresponding truck arrives at the cargo yard, the cargo will
be loaded from the storage area to the truck. In this case, two
loading/unloading operations are required.

(iii) If the cargo needs special storage condition (e.g.,
refrigerated container) or the cargo needs to be processed
inside MYRIT (e.g., express parcels need to be sorted in
the sorting workshop of MYRIT before they are picked up
by shippers), it will be unloaded to the shuttle truck and
delivered to the corresponding area (as shown in Figure 3).

The process of truck-train operation is basically contrary
to the process of the train-truck operation and also can be
divided into three cases. Due to the limitation of the space
and avoidance of repetition, the details of this procedure are
not discussed here.

3.2. Framework of Simulation Platform. Based on the opera-
tions overview of MYRIT, the framework of this simulation
platform is shown in Figure 4.The framework has four layers,
namely, the Petri Net layer, the simulator layer, the layout
layer, and the user layer, which are elaborated as follows:

(i) Petri Net layer: the Petri Net layer is the basis of
the simulation platform which composes three TPN
models, that is, the train operation model, the truck
operation model, and the cargo-handling model.

(ii) Simulator layer: the simulator layer contains the core
simulation modules and key methods integrated in
this platform, including the train generation method,
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the truck generation method, and the train route
dispatching simulation method.

(iii) Layout layer: the layout layer contains the yards and
facilities layout module which allows users to design
or modify the yards and facilities (tracks, switches,

signal machines, etc.) locations by adjusting certain
parameters. Three types of parameters are designed
as follows:

(a) Position parameters, which determine the rela-
tive position relation (horizontal and vertical)
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between certain cargo yard and the receiving-
departure yard.

(b) Order parameter, which determines the relative
position relation among different cargo yards.

(c) Type parameter, which determines the type of
certain cargo yard. According to the layout of
rail tracks, cargo yards can be classified into 3
types: through-type cargo yard, stub-end-type
cargo yard, and mixed-type cargo yard.

(iv) User layer: the user layer contains the operation
control module, the simulation project database, the
simulation results database, and related interfaces.
Simulation users are able to access this layer to set up
a simulation project, control the simulation progress,
and obtain the simulation analysis results via user-
friendly interfaces.

4. Simulation Model

Petri Net is a widely used tool using graphic elements as
a representation to describe the structure and dynamics
of DEDS, such as computer systems and manufacturing
systems. TPN is a bipartite diagraph described by the five-
tuple as shown in the following formula:

TPN = (𝑃, 𝑇,Pre,Post, 𝐹) , (1)

where 𝑃 represents the set of places with |𝑃| = 𝑚, 𝑇 is the set
of transitionswith |𝑇| = 𝑛, Pre is the preincidencematrixwith
Pre: 𝑃 × 𝑇 → 𝑁𝑚×𝑛, Post is the postincidence matrix with
Post: 𝑃 × 𝑇 → 𝑁𝑚×𝑛, and the function 𝐹: 𝑇 → 𝑅+ specifies
the timing associated with each transition.

A simulation model has been established based on TPN
in this study. There are three types of transitions used in this
model: immediate transition, stochastic transition, and deter-
ministic timed transition. Corresponding to the operations of
MYRIT, the TPN model is segmented into three submodels
which are the train arrival and departure model, the truck
arrival and departure model, and the cargo-handling model.

4.1. Train Arrival and Departure Model

4.1.1. Train Generation Method. This platform provides two
types of train generationmethods.The first one is to generate
inbound trains according to a fixed timetable input by
simulation users. Each train arrival time is generated based
on a historical record of train arrival events. This method
applies to the terminals which have been put into use and is
particularly useful to perform trace-driven simulation.

The second method is to generate inbound trains arrivals
according to a stochastic mathematical distribution which is
specified by simulation users.This generationmethod applies
to the terminals that are still in the stage of design or construc-
tion, and it can be used to test alternative arrival patterns.

4.1.2. Train Route Dispatching Simulation Method. As intro-
duced above, TRDSM is created to simulate the train dis-
patching operation which can provide an accurate simulation

R3

R2 R1

Figure 5: Diagram of train route samples.

of the train moving process. According to the relationship
between two different train routes, train routes pairs can be
divided into two types: conflicting train routes pair (CTRP)
and parallel train routes pair (PTRP). Train routes in CTRP
contain some of the same equipment. As shown in Figure 5,
train route 𝑅1 (the golden line) shares a section of track
(marked by the red circle) with train route 𝑅2 (the blue line),
whichmeans if train route𝑅1 is occupied by a train, then train
route 𝑅2 becomes unavailable as well because it is impossible
for two trains to move on the same track simultaneously.

Contrary to the CTRP, there is no space conflict in PTRP.
Train route 𝑅1 is independent of train route 𝑅3 (the green
line), whichmeans if one train occupies𝑅1, another train can
occupy 𝑅3 at the same time.

Based on the analysis of different types of train routes
pairs, the framework of the TRDSM is presented in Figure 6,
and the main steps are as follows.

Step 1 (train route database presetting). There are various
train routes in MYRIT. The train routes of different types of
trains and different train move events are diverse. All train
routes should be set by simulation users in advance according
to the station operation regulations, and all the preconfigured
train routes are stored in the database.

Step 2 (generating trainmove request). Trainmove request is
generated from the trains which have finished the preceding
operation and are ready to move to the next operating
location or the trains which have been added to the waiting
queue for available train route. When a train move request is
generated, the corresponding train routewill be invoked from
the train route database.

Step 3 (examining the availability of train route). The avail-
ability of train route is determined by the availabilities of the
key points (switches and signal machines) within it. To be
specific, only when all key points of the train route are not
occupied can this train route be available. Otherwise, this
train route is unavailable and the corresponding train will
join the FIFO queue.

Step 4 (generating train move event). If the train route is
available, it will be occupied by the train and a train move
event will be generated. The occupancy states of the key
points in this train route will be updated based on the real-
time location of the moving train.

Step 5 (examining the waiting queue). If all train move
requests have been executed, the method stops. Otherwise,
another train move request is generated according to the
FIFO rules, and the method returns to Step 2.
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Figure 6: Framework of train route dispatching simulation method.

4.1.3. Description of Train Arrival and Departure Model. The
TPNmodel of train arrival and departure process is presented
in Figure 7. Train generation is represented by a stochastic
transition T1. For an inbound train (P1), when it is about to
enter the arriving yard (or the receiving-departure yard) (T2),
the availabilities of the destination track and the correspond-
ing train route must be checked; places P3 and P4 are added
to represent the available destination track and the available
train route, respectively. Similarly, for each train moving
event (T4, T7, T8, and T9), the availabilities of tracks and
train routes must be checked. The availability inspection of
train route is realized based on TRDSM, which is represented
by an immediate transition T10. To check the availabilities of
train routes, the real-time location information of the train
which is expressed by several places (P17, P19, P20, and P22)
needs to be acquired. Places P5 and P6 represent the empty
inbound train and the loaded inbound train, respectively.
Correspondingly, P7 indicates the train which has been
loaded and P8 indicates the train which has been unloaded.

For outbound trains, two places (P9 and P10) are added
to represent trains with different departure modes. Place P9
indicates the trains which can leave the terminal directly
without moving to the departure yard (or the receiving-
departure yard), while place P10 indicates the trains which
need to finish the departure inspection at the departure
yard before leaving the terminal. Transition T6 is added to
distinguish different train departure modes.

4.2. Truck Arrival and Departure Model

4.2.1. Truck Generation Method. A truck generation method
is designed to generate stochastic arrivals of trucks according
to certain mathematical distribution. According to the study
by Rizzoli et al. [4], the truck arrival pattern can be approxi-
mately described by the negative exponential distribution.

4.2.2. Description of Truck Arrival and Departure Model.
When a truck is generated by the truck generation method
(T11), it joins a FIFO queue at the entrance gate. An arrival
inspection (T12) will begin if there is a free entrance channel
which is represented by the place P38.

Considering that the time cost of the truck moving
process is not fixed, the truck moving process inside the
terminal (from the terminal gate to a certain cargo yard and
vice versa) is represented by two stochastic transitions (T14
and T17). And the time cost of truck moving is produced
based on stochastic distribution. Place P37 indicates the
available parking spaces within the cargo yard. And T18 is
a deterministic timed transition which represents the depar-
ture inspection of outbound trucks. The TPNmodel of truck
arrival and departure process is also presented in Figure 7.

4.3. Cargo-Handling Model. Corresponding to the cargo-
handling operations, the cargo-handling model can also be
divided into two submodels, the train-truck cargo-handling
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Figure 7: TPN model of multiyards railway intermodal terminal.

model and the truck-train cargo-handling model which are
shown in Figure 7. In this section, the train-truck model is
introduced as a representative.

The cargo which needs processing operation in MYRIT
(or needs to be stored in a special area) is represented by place
P47. This kind of cargo needs to be picked up by the shuttle
trucks and carried to the corresponding area (T28). Three
deterministic timed transitions (T27, T29, and T31) are added
to represent the cargo unloading event from trains to shuttle
trucks, the cargo unloading event from shuttle trucks to the
machining region (or storage area for special goods), and
the cargo loading event from machining region (or storage
area for special goods) to consignee’s trucks, respectively.The
processing operation is represented by transition T30. Place
P52 represents the resources for processing operation and P53
represents the available shuttle trucks.

Normal cargo which does not need to be machined
or stored in the special area is represented by place P40.
Place P41 represents the cargo as described in case (i) in
Section 3.1.3 which can be picked up by trucks directly. Place
P42 represents the cargo which needs to be stored within
the terminal temporarily. The cargo unloading event and the

storage process are represented by transitions T24 and T25,
respectively. Place P48 indicates the available storage space.

Four transitions (T32, T33, T46, and T47) are added to
connect different submodels. T32/T46 indicates the event of
generating loaded outbound truck/train when the loading
operation has been finished, and T47/T33 represents the
event of generating empty outbound truck/train when the
unloading operation is completed.

5. Multiyards Railway Intermodal Terminal
Simulation Platform

Based on the TPN model, a multiyards railway intermodal
terminal simulation platform is developed, using C# as
a development tool. The MYRIT simulation platform can
provide realistic reproduction of the main logistic activities
and entities flows (e.g., trains, trucks, and cargoes) which
occur inside the terminal. It can be used to evaluate the
terminal design scheme andmanagement strategies based on
the quantitative analysis of simulation results and to provide
decision support for terminal planning and design. In this
section, a brief introduction of this platform is presented.
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Figure 8: Interface of terminal layout planning.

Figure 9: Interface of train route presetting.

As mentioned above, terminal layout has a significant
impact on the train operations and should be determined
from the very beginning of setting up a simulation project.
In this platform, a graphical interface (as shown in Figure 8)
for layout planning of MYRIT is provided, where simulation
users can design or modify the terminal layout by setting the
parameters as introduced in Section 3.2.

Once the terminal layout has been identified, the struc-
ture of the internal railway network of MYRIT can be deter-
mined. Simulation users should preset train routes according
to the station operation regulations via an interface of train
route presetting as shown in Figure 9. The internal railway
network of MYRIT is described by the lines which represent
the rail tracks and the points with unique ID numbers which
represent the center points of the turnouts. Each train route
can be represented by a sequential list of ID numbers as
shown in Figure 9 (e.g., the red train route is represented
by the numeral string “44-45-1-2-3-12”). The intersections
among various train routes may cause train congestion in the
rail yard and can lead to efficiency decline of train operations.

A statistical analysis of the performance of storage area
can be provided by the platform. As shown in Figure 10,
a sketch map of the operation in cargo yard during the
simulation is reported. A train is being unloaded within the

cargo yard and a truck arrives to pick up cargo.The real-time
volume curve of the cargoes which are stored in the storage
area is displayed. Based on the detailed records of the cargo
volumes, the utilization ratio of storage area in a certain cargo
yard can be calculated, as shown on the right side of Figure 10.

In Figure 11, several indexes of the cargo volumes are
reported. The pie chart shows the proportion of the quantity
of each type of goods to the total volume of goods during
the simulation period. And from the histogram, the volume
of each type of goods delivered by trains and trucks and the
volume of each type of goods picked up by trains and trucks
can be obtained. A group of line charts show the relationships
between the volumes of inbound cargo and outbound cargo.

Based on the TRDSM, this platform can provide elaborate
reproduction of the trainmoving process within the terminal,
and major time information of the train moving process
can be accessed by users via the interface as shown in
Figure 12. A detailed statistical analysis of train performance
can be obtained on the platform based on the simulation
results. Several statistical charts about train operation time
are reported in Figure 13. Among them, the first chart shows
the number of trains and the time consumption of trains
staying at the cargo yard.
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Figure 10: Snapshot of the platform interface during simulation.

Figure 11: Statistical analysis of cargo volumes based on the simulation results.

The utilization ratio of handling equipment can also be
analyzed. An example of the historical record of the crane
utilization ratio in the container yard during the simulation
period is shown in Figure 14. Utilization ratio is one of the
key indicators of handling equipment, which reflects the busy
degree of the equipment resources. In general, low utilization
ratio may indicate that there is a problem of equipment
redundancy, and high utilization ratio (in a reasonable range)
means the handling equipment is fully used. Therefore, from
the perspective of investment benefit, high utilization ratio
is more likely to be beneficial for the investors. However,
exorbitant high utilization ratio also means possibility of
having lengthy truck queue in the cargo yard. Therefore, the
queue length of trucks needs to be analyzed as well. The
sample result of truck queue length in cargo yard is presented
in Figure 15.

6. Validation and Test Scenarios of
Simulation Platform

Validation is extremely important in the validation phase
to ensure that the result of the simulation model is able to
reproduce the reality under different conditions [24]. In this
section, a simulation case of Qianchang railway intermodal

terminal has been performed to verify the capacity of the
platform of reproducing the real terminal behavior. And two
test scenarios are presented to investigate the impact of vari-
ations of train route arrangement and handling equipment
configuration on terminal performance.

6.1. Simulation Case Setup. The simulation case is set up
based on the Qianchang railway intermodal terminal which
is located in Fujian Province, China. Qianchang railway
intermodal terminal provides transport services of various
types of cargoes, including commercial vehicles, electrome-
chanical equipment, steel products, and cold chain goods.The
intermodal terminal covers an area of more than 2 square
kilometers which contains one receiving-departure yard and
seven independent cargo yards. These cargo yards consist of
a bulk cargo yard for steel products, a bulk cargo yard for
grain crops, a container yard, a bulky cargo yard, an express
cargo yard, an automobile cargo yard for commercial vehicles,
and a special cargo yard for cold chain cargoes. The layout of
Qianchang terminal edited by the yards and facility module
of the simulation platform is shown in Figure 16.

The initial data used in the validation is provided by the
Qianchang railway intermodal terminal based on a monthly
statistical report. The dataset spans a 30-day period and
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Figure 12: Time information of the train moving process.
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Figure 13: Statistical analysis of train performance.

Idle time
Service time

12 24 36 48 60 72 84 96 108 1200
Time (h)

0

20

40

60

80

100

U
til

iz
at

io
n 

ra
tio

Figure 14: Crane utilization ratio in container yard.

records detailed information on several key performance
indicators which include the cargo volumes, average train
loading/unloading time, average truck terminal dwell time,
and utilization rate of handling machineries.
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Figure 15: Queue length of trucks in bulk cargo yard.

6.2. Results and Analysis. Considering the variability in the
simulation procedure, the results used for validation are
summarized from a set of 500 simulations, which provide
reliable simulation statistics of the activities within the inter-
modal terminal. The efficiency of the constructed simulation
framework ensures that a single repetition costs about 4.7
seconds on a 2.5GHz i5-3210M dual-core processor with
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Figure 16: Yards layout of Qianchang railway intermodal terminal.
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tion datasets.

4 GB of RAM. To provide intuitive comparative analysis
results in the validation phase, most simulated values are
normalizedwith respect to the values in the historical dataset,
which means the value of 1 corresponds to the actual value in
the real life system.

In Figure 17, we present a bar plot of the normalized cargo
volumes (the total volume and the respective volumes for
each type of cargo) of the historical data and the simulation
data which are in the 95% confidence interval. The black
bars on histograms indicate the minimum and maximum
of the simulation data. Although the trains and trucks are
generated according to the historical record, the specific
capacity of each railway wagon and truck and all types of
delays (the delays that are related to the lack of railway tracks,
handling equipment, and warehouses) introduce variabilities
in the quantity of cargo volume. The differences between

the simulated and actual data are very limited. The biggest
difference of simulated data in 95% confidence interval is
below 2%, which suggests good agreement with the historical
dataset.

A similar study is performed in the case of utilization rates
of handling machineries, as presented in Figure 18, where the
bars also indicate the limits of the 95% confidence interval.
The utilization rates of machineries in seven cargo yards are
measured and displayed in the histograms, which vary widely
from yard to yard. The utilization of handling equipment
in the express cargo yard almost reached 50%, while the
utilization rates in grain crops yard and special cargo yard
are below 20%. Returning to the analysis of the validation,
the similarity of handling machineries utilization is again
noticeable. As shown in Figure 18, the differences between
the simulated utilization rates and real utilization rates are
below 2%, and 95% of the simulation results lie within 5% of
the expected value, whichmeans the simulation platform can
reproduce the activities of handling machineries accurately.

Figures 19 and 20 display the normalized train load-
ing/unloading time accumulated by each train from the
historical and simulation dataset in the same order. In
specific, each loading/unloading time is normalized with
respect to the actual mean loading/unloading time which
is 266.0 minutes. As shown in Figure 19, most data points
are scattered in the interval from 0.3 to 2.0 and have no
apparent patterns. However, a noticeable feature is that some
data points are concentrated on the horizontal line with the
value of 0.4 (as shown by the orange dotted line in Figure 19)
and are relatively far from the rest of the points. These data
points correspond to the container trainswhich can be loaded
or unloaded with higher stevedoring efficiency with the
support of gantry cranes. In fact, the historical average load-
ing/unloading time of container trains is 100.3minutes which
is only 37.6% of the overall mean loading/unloading time.

These characteristics are all reflected in the simulated
results as shown in Figure 20. To verify the similarities
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Figure 19: Historical train loading/unloading time distribution.

between the historical data and simulation data in the future,
we employ the two-sample Kolmogorov-Smirnov test to
assess the quantitative differences between the distributions.
The progressive significance coefficient (𝑝 value) is 0.553
which is significantly higher than the typical mark of 0.05.
This verification indicates that the simulated train load-
ing/unloading time distribution is statistically not different
from the historical record and hence describes an accurate
representation.

To verify the simulation accuracy of truck operation
procedures, the total dwell time at the intermodal terminal
is calculated as one of the key performance indicators.
Considering the large quantity of trucks which are more than
30,000, it is difficult for the scatter plot to display the inherent
law of the data intuitively. Therefore, histograms are used
to describe the distribution of the total truck dwell time,
which are shown in Figures 21 and 22. Similarly, the dwell
time of each truck has been normalized with respect to the
historical mean dwell time, and the simulated distribution is
drawn based on the simulation results which are in the 95%
confidence interval.

As shown in the histograms, the simulated dwell time
distribution is very similar to the actual time distribution
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Figure 20: Simulated train loading/unloading time distribution.
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Figure 21: Historical distribution of total terminal dwell time of
trucks.

overall. Both distributions have multipeaks, and great major-
ity of data points are clustered in the section from 50% to
150%of themeandwell time. It is easy to explain this relatively
strong variation in the dwell time distribution. In Qianchang
intermodal terminal, there are multiple types of trucks. Due
to the differences in cargo characteristics, the dwell time of
different types of truck tends to have obvious differences. In
fact, the historical mean dwell time of container trucks is
23% less than the average dwell time of special cargo trucks.
In Figure 22, the red continuous vertical line indicates the
value of the historical mean dwell time, and the green dotted
line illustrates the average simulated dwell time within the
95% confidence interval, and the difference is negligible. The
two distributions have been again compared in terms of the
two-sample Kolmogorov-Smirnov test, with 𝑝 value of 0.484,
which is significantly larger than 0.05.The test result indicates
that the simulation platform reproduces the activities of the
real life system accurately.

In order to further verify the effectiveness of the simu-
lation data, the mean error 𝐷(𝑄) which is proposed in the
literature [25] (defined in (2)) is introduced to quantify the
mean absolute percentage error. In (2), 𝑄 is defined as a
quantity of one indicator,𝑄ℎ is introduced as notation for the
historical value of this indicator, and𝑄𝑠 is defined as the value
of the respective indicator obtained in the 𝑖th simulation.
Furthermore, the percentage error between the simulated
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Table 1: Simulation error coefficient results.

Cargo type Error coefficients Indicators
Cargo volume Utilization rate Loading/unloading time Dwell time

Express cargo 𝐷(𝑄) 0.012944 0.011589 0.018251 0.008871𝐸(𝑄) 0.50% 0.94% 1.81% 1.75%

Bulky cargo 𝐷(𝑄) 0.016761 0.035432 0.015348 0.015244𝐸(𝑄) 0.65% 0.98% 1.53% 1.52%

Grain crops 𝐷(𝑄) 0.020680 0.022395 0.021014 0.012596𝐸(𝑄) 0.82% 0.70% 2.10% 1.26%

Automobile 𝐷(𝑄) 0.011556 0.015392 0.000179 0.048468𝐸(𝑄) 0.80% 0.59% 0.02% 3.83%

Container 𝐷(𝑄) 0.011646 0.012187 0.000863 0.003889𝐸(𝑄) 0.22% 1.01% 0.09% 1.53%

Iron products 𝐷(𝑄) 0.012918 0.020601 0.014844 0.003483𝐸(𝑄) 0.92% 1.62% 1.48% 1.88%

Special cargo 𝐷(𝑄) 0.011461 0.019520 0.010384 0.034711𝐸(𝑄) 0.69% 1.70% 1.04% 3.47%
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Figure 22: Simulated distribution of total terminal dwell time of
trucks.

data and the historical value is described by 𝐸(𝑄), which is
defined in (3).

𝐷 (𝑄) = 1𝑛
𝑛∑
𝑖=1

𝑄𝑠 (𝑖) − 𝑄ℎ𝑄ℎ , (2)

𝐸 (𝑄) = 1 − (
1𝑛
𝑛∑
𝑖=1

𝑄𝑠 (𝑖)𝑄𝑠 )
 ⋅ 100. (3)

A detailed error coefficient analysis of the four key
performance indicators is summarized in Table 1. The mean
error 𝐷(𝑄) and the percentage error 𝐸(𝑄) of each type of
cargo are calculated based on the historical record and the
simulation data which are in the 95% confidence interval.
The mean errors of the cargo volumes are obviously small,
which is consistent with the results in Figure 17. The error
coefficients of truck dwell times are relatively higher, which
can be explained as follows. Since there is no fixed timetable
for truck activities (which is different from trains), the trucks

are designed to mainly follow the principle of FIFO rule in
the simulation model, which is mentioned in Section 4.2.
However, in practice, the queuing rule is more flexible and
is easy to be artificially changed, which obviously affects the
dwell time of trucks. As for trains, the arrival and departure
time of trains are determined by the timetable, which reduces
the variabilities in the simulation process to a certain extent.
This deviation can be narrowed by introducing more flexible
queuing rules into the simulation model in the future.

In general, the similarities between the simulation data
and the actual record are noticeable. The biggest percentage
error is smaller than 4%, and the percentage errors of
most performance indicators are less than 2%. Following the
comprehensive analysis of both qualitative and quantitative
features, the simulated results have been proved to have good
agreements with the historical values, which is able to verify
the validity of this simulation platform.

6.3. Test Scenarios. Having established the convincing per-
formance of the model via several validation studies, we now
aim to use the platform as a decision-support and predictive
tool. Some test scenarios of relevance for the activities in
MYRIT have been formulated.

In Section 6.3.1, we describe the impact of train route
arrangement on train operation efficiency. Two train route
schemes are analyzed based on simulation results. Then, in
Section 6.3.2, we pursue to investigate the effects of handling
equipment configuration variation on loading/unloading
operations. Some suggestions on equipmentmanagement are
given according to the simulation analysis.

6.3.1. Train Route Arrangement. Train moving procedure is
one of the most important terminal activities within MYRIT.
This process has an instant impact on the train operations and
can influence all relevant workflows of the terminal. Inside
the MYRIT, each train must move in accordance with the
prescribed train route. Due to the complexity of the railway
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Figure 23: Two local train routes’ arrangement schemes of Qianchang railway terminal.

Table 2: Performance indicators of the train moving process based on simulation tests.

Train type Scheme A Scheme B
MDTRY (min) MDTCY (min) MDTRY (min) MDTCY (min)

Bulky cargo 31.8 323.8 33.7 318.7
Grain 31.7 217.8 33.9 212.6
Container 31.9 428.2 34 422.5
Steel 32 120.8 33.1 130.7
Special cargo 117.4 392.4 121.2 422.5

line topology in MYRIT, train route arrangement can have
a significant influence on train moving efficiency and is an
important issue in the field of terminal management.

The goals of train route arrangement include reducing
routes conflicts and improving trainmoving efficiency. Based
on the simulation platform, the performance of certain train
route arrangement can be analyzed, and different arrange-
ment schemes can be compared and selected based on sim-
ulation results. In this section, we construct a simulation test
which contains two partial train route arrangement schemes
of Qianchang railway intermodal terminal.The detailed train
route schemes are shown in Figures 23(a) and 23(b).

The two train route schemes shown in Figure 23 showpart
of the overall train route arrangement scheme of Qianchang
terminal, which mainly contain the train routes of entering
cargo yards and leaving cargo yards. According to the direc-
tion, the train routes which are shown in these two schemes
can be divided into three types: the train routes of entering
bulky, special, and grain cargo yards which are named 𝐸1,
the train routes of leaving bulky, special, and grain cargo
yards which are named 𝐿1, and the train routes of leaving
container and steel cargo yards which are named 𝐿2. The
detailed arrangements of 𝐸1 routes in Scheme A and Scheme
B are different, while other train routes in the two schemes are
the same. To investigate the influences of these two train route
schemes on the efficiency of the train moving procedure,
simulation experiments are implemented.With the exception
of the train routes variation, all other parameters are designed
in the same manner as in the validation study.

Table 2 summarizes the results of the investigation.
Two indicators are used to analyze the train operation
efficiency, which are the mean dwell time in receiving yard
(MDTRY) and the mean dwell time in cargo yard (MDTCY).
Each indicator is calculated based on the values from 500
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Figure 24: Differences of MDTRY between Scheme A and Scheme
B.

simulation repetitions which are in the 95% confidence
interval. Since the inspection time in receiving yard and
the loading/unloading rates in cargo yards are the same
in the two simulation experiments, the indicators of dwell
time can reflect the performances of train moving efficiency.
Figures 24 and 25 present the visualizations of the findings
in Table 2, which show the value differences on indicators
between Scheme A and Scheme B.

We notice an obvious increase on MDTRYs when using
Scheme B as shown in Figure 24. Compared with Scheme A,
the MDTRYs of bulky, grain, and specially cargo trains have
been extended by about 6%, which indicates that the routes𝐸1 in Scheme B have more conflicts with other train routes.
The train routes of entering cargo yard for container and steel
cargo trains are the same in both Scheme A and Scheme B.
However, the MDTRYs of container and steel cargo trains
in Scheme B are still about 3% larger than the MDTRYs in
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Figure 25: Differences of MDTCY between Scheme A and Scheme
B.

Scheme A. In terms of dwell time in cargo yard, theMDTCYs
of container and steel cargo trains in SchemeB have increased
sharply compared with the MDTCYs in Scheme A, while the
MDTCYs of bulky, grain, and special cargo trains have been
reduced. This phenomenon indicates that, in Scheme B, the
performance of 𝐿1 train routes has been improved compared
to Scheme A; however, the conflicts between 𝐿2 and other
train routes have become more serious.

The reason of the simulation results needs to be analyzed.
There are train routes conflicts in both SchemeA and Scheme
B. In Scheme A, routes 𝐸1 mainly have conflicts with routes𝐿1, while in Scheme B, routes 𝐸1 mainly have conflicts with
routes 𝐿2. However, the number of trains which need to
occupy 𝐿1 and the number of trains that need to occupy 𝐿2
are different. In fact, the total number of container and steel
cargo trains is 52% larger than the total number of bulky,
grain, and special cargo trains, which makes the conflicts
between 𝐸1 and 𝐿2 much more serious than the conflicts
between 𝐸1 and 𝐿1. Hence, the MDTRY of bulky, grain,
and special cargo trains and the MDTCY of container and
steel cargo trains are all increased when using Scheme B.
In addition, since the MDTCY of container and steel cargo
trains increased, these types of trains need to wait more for
available side tracks in the receiving yard, which leads to an
increase in the MDTRY of container and steel cargo trains.
Although the MDTCY of bulky, grain, and special cargo
trains decreased when using Scheme B, the MDTCY of all
trains in Scheme B is still 3.9% larger than that of Scheme A.

Therefore, in general, Scheme A has advantages over
Scheme B in train operation efficiency. And in reality, Scheme
A is adopted by the dispatch department of Qianchang
terminal.The simulation tests show that the number of trains
is one of the key factors in train route dispatching. It can be
inferred that when the quantity of trains changes greatly, train
routes schemes need to be adjusted accordingly.

6.3.2. Handling Equipment Configuration. The second set of
investigations is constructed in order to study the impact
of varying handling equipment configuration on perfor-
mance indicators of loading/unloading operation. Generally,
increasing the quantity of handling equipment can reduce the
loading/unloading time and improve the operation efficiency.

However, the quantitative relationship between the perfor-
mance indicators of loading/unloading operation and the
equipment quantity needs to be analyzed, which can provide
decision-support information for the terminal managers.

Considering the realistic quantity limitations of the
machineries, we are interested in what happens when the
quantity of handling equipment is varied from 50% to 150%
of the current value in Qianchang terminal. The increment
is set to 25%, leading to a total of 5 studies, each designed
to collect statistics from 500 simulations. The performance
indicators include themean laytime of train (MLT Train), the
mean laytime of truck (MLT Truck), the mean waiting time
for handling operation of train (MWT Train), and the mean
waiting time for handling operation of truck (MWT Truck),
which are calculated from the 95% confidence interval of the
simulation results and are normalized with respect to the
historical values. The results are shown in Figure 26, where
we present the lower, upper, and mean values of the relevant
indicators obtained from the simulation tests.

It can be observed that increasing the handling equipment
quantity can lead to a decrease in laytime and waiting time
of trains and trucks. However, the sensitivities of the four
indicators are different.

As the machinery quantity increases, the decreases of
MLT Train and MLT Truck are both almost linear, which
is easily understood. However, the variation of MLT Train
is much bigger than the variation of MLT Truck. This
phenomenon is caused by the difference between the equip-
ment usage pattern of trains and that of trucks. In general,
most types of trains can be unloaded/loaded by multiple
handling machineries at the same time. Therefore, with the
increase of handling equipment, the loading/unloading rates
of trains rise simultaneously. Nevertheless, except for bulk
cargo trucks and express cargo trucks, many types of trucks
(e.g., bulky cargo trucks, container trucks, and automobile
trucks) can only be served by one handling machine due
to the characteristics of goods. Thus, with the increase
of handling equipment quantity, the growth of the overall
loading/unloading rate of all types of trucks ismoremoderate
compared with trains. And little variation of MLT Truck can
be observed with the increase of handling equipment.

We notice a strong link between the MWT Train/
MWT Truck and machinery quantity dynamics. A 50%
decrease of handling equipment can cause almost 130%
increase of the waiting time of trains and almost 100%
increase of the waiting time of trucks. Very large variation of
waiting time indicates that reduction of availablemachineries
can significantly reduce the efficiency of loading/unloading
operation. Hence, maintaining an efficient stevedoring ser-
vicing is vital to the terminal system.

As the handling equipment quantity increases, both
the means and variations in MWT Train and MWT Truck
decrease obviously. However, the rates of decline gradually
slow down. It can be inferred that, even with more handling
machineries, the waiting time of trains and trucks in the
terminal does not completely disappear. In fact, with another
50% increase of handling equipment (200% of the current
value), only 8% decrease of MWT Train and 5% decrease
of MWT Truck can be obtained. We can conclude that,
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Figure 26: Impact of handling equipment configuration variation on loading/unloading operation efficiency.

in Qianchang intermodal terminal, increasing the handling
equipment to more than 150% of the current value would
only lead to negligible improvements of loading/unloading
efficiency. With this conclusion, future investment and man-
agement of handling equipment can be considered in a
reasonable and efficient manner.

7. Conclusions and Future Work

A simulation platform for providing a quantitative evaluation
ofMYRIThas been presented.The simulationmodel includes
three sub-TPN models which correspond to the three major
operations of MYRIT. In this platform, a yards and facilities
layout module has been created where users can flexibly
design or modify the terminal layout, and a TRDSM has
been designed to provide an accurate simulation of the
train moving process. Based on a comprehensive simulation
analysis of Qianchang railway intermodal terminal, the sim-
ulation platform has been proved to be able to reproduce the

activities of the real life system accurately. In addition, useful
suggestions for terminal design and management can be
obtained based on simulation tests of train route arrangement
and handling equipment configuration.

Compared with existing simulationmodels, this platform
has advantage in providing a detailed simulation of train
moving process considering train routes dispatching rules.
The results in the case study indicate that integrating the
control method of train route dispatching can significantly
improve the simulation accuracy of MYRIT. In general,
this simulation platform can be used as an evaluation and
analysis tool for terminal planning and design departments.
Moreover, with the support of the yards and facilities module
and the TRDSM, it can also be used as a management
decision-support tool for dispatching managers.

Some limitations of the current simulation platform
and the simplification procedure within the TPN model
need to be analyzed, which can be considered as suggested
improvements to the platform in future research.
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Firstly, in the TPN model, the truck moving process has
been simplified as one discrete event, and the connections
between adjacent trucks and truck congestion circumstances
are not considered, which will lead to inaccurate simulation
results when the truck flow rate of the terminal is huge.
This could be improved by integrating a car-following model
into the simulation platform. Secondly, the basic queuing
rule adopted by the platform is FIFO policy. Nevertheless, in
some circumstances, the EDD (earliest due date) or WSPT
(weighted shortest processing time first) rules can be used
to reduce the delay time, and sometimes queuing rules are
artificially determined. In most situations, this is a suitable
assumption, since most of the terminal activities are required
to follow the principle of FIFO rule. However, a study of
mixed queue policy might provide possible improvement.
Finally, an optimizationmechanism is not taken into account
in the framework, which can be improved. For example,
numerous optimization methods have been proposed in the
field of train route scheduling [26–28]. Some of the methods
can be integrated into the platform to perform a simulation-
based train route optimization for terminal managers. And
in terms of determining equipment configuration or terminal
layout, developing an integral approach considering multiple
input scenarios can be a valuable future research direction,
which can assist the terminal designers in a good terminal
design.
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