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Train timetabling is crucial for passenger railway operation. Demand-oriented train timetable optimization by minimizing travel
time plays an important role in both theory and practice. Most of the current researches of demand-oriented timetable models
assume an idealized situation in which the service order is fixed and in which zero overtaking exists between trains. In order
to extend the literature, this paper discusses the combinatorial effect of service order and overtaking by developing four mixed-
integer quadratic programming timetablingmodels with different service order as well as overtaking conditions.With the objective
of minimizing passengers’ waiting time and in-vehicle time, the models take five aspects as constraints, namely dwell time, running
time, safety interval, overtaking, and capacity. All four models are solved by ILOG CPLEX; and the results, which are based on
Shanghai-Hangzhou intercity high-speed rail data, show that either allowing overtaking or changing service order can effectively
optimize the quality of timetablewith respect to reducing the total passengers’ travel time.Although optimizing train overtaking and
service order simultaneously can optimize the timetable more significantly, compared to overtaking, allowing the change of service
order can help passengers save total travel time without extending the train travel time. Moreover, considering the computation
effort, satisfying both of the conditions in the meantime, when optimizing timetable has not got a good cost benefit.

1. Introduction

Railway timetabling is the basis for train operation, whose
quality affects the service level and the efficiency of the whole
network. In the form of timetables, the railway operators
provide access to their transport products for consumers;
passengers then choose the appropriate train according to
the schedule. The quality of the train schedule determines
whether the passengers are satisfied with the train service,
which influences the railway operators’ competitiveness in
the passenger transportation market. However, it is quite
difficult to design a timetable that can meet the needs of both
operators and passengers; thus, the train timetabling problem
has attracted much attention from researchers over the past
few decades.

1.1. Literature Review. Railway timetabling has been widely
addressed by providing a closed analytical form for determin-
ing the involved time rates, e.g., travel times, dwell times [1],

inversion times, buffer times [2], reserve times, and layover
times [3]. Besides, some researchers have studied the problem
of train timetable optimization to improve its performance
by considering stop-skipping [4–6], overtaking, and service
scheduling [7, 8].

Many researchers have studied the problem from the
perspective of railway operators; meanwhile, various train
schedule optimizationmodels have been established to mini-
mize the total travel time of all trains in a system. Two kinds of
timetables have been studied in this literature, namely, cyclic
timetables and noncyclic timetables.

Most studies on cyclic train timetables are based on the
Periodic Event Scheduling Problem (PESP) model that was
put forward by Serafini and Ukovich [9]. In 1993, Voorhoeve
[10] first provided aPESP-basedmodel that takes into account
the main operating constraints, such as dwell time, running
time, and safety headway. Odijk [11] designed a cutting plane
algorithm to solve the PESP model. This method can quickly
obtain the train timetable of a small railway network. In
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addition, some researchers [12, 13] transformed the PESP
model into the Cycle Periodicity Formulation (CPF) model,
which can reduce the number of constraints and variables. A
stochastic optimization model was developed by Kroon [14]
to allocate the time supplements and buffer times in a given
cyclic timetable to enhance the robustness of the timetable.
Liebchen [15] integrated many nonstandard requirements
and other planning phases into PESP. Caimi [16, 17] devel-
oped a timetable model with partial periodicity. Zhou [18]
modeled the multiperiodic train timetabling problem to
simultaneously optimize operation periods, arrival times, and
departure times of various types of trains of all periods.
A cyclic train timetable is easier and more convenient for
passengers to remember exactly the arrival times and the
departure times. However, a cyclic timetable is not sensitive
to irregular passengers’ demand, which can result in long
waiting time under low frequency and a waste of capacity
under high frequency.

With regard to the noncyclic train timetabling problem,
Szpigel [19] first studied the optimal train scheduling problem
on a single line track and presented a linear programming
model originally based on job-shop scheduling problem to
minimize the total travel time, while the best crossing and
overtaking positions are determined. The problem is proved
to be NP-hard by Cai [20] and Caprara [21], so it is difficult to
obtain the optimal solution, especially for large-scale cases.
In Carey [22], total service running time was the objective,
and binary variables were used to describe the precedence
between service. Higgins [23] provided a lower bound that
allows the branch-and-bound algorithm to find the optimal
solution of complex instances in a reasonable time. Lindner
[24] developed a timetable model by minimizing the total
operation cost. In order to find the suboptimal solution,
Zhou and Zhong [25] developed a bi-criteria train scheduling
model. With effective dominance rules, utility evaluation
rules, and a beam search algorithm, the train scheduling
model considered the acceleration and deceleration times
and solved by a branch-and-bound algorithm. Caprara [26]
designed train timetables. The train timetables took into
account several additional constraints, which arose in real-
world applications and provided a Lagrangian heuristic algo-
rithm for real-world instances. Zhou and Zhong [27] studied
a single-track train timetabling problem, aiming to minimize
the total travel time. They proposed lower bound rules and
heuristic upper bound construction methods to improve
computational performance. Cacchiani [28] proposed a col-
umn generation approach to solve train timetabling problem.
R.L. Burdett [29] extended a discrete sequencing approach
for train scheduling, considering multiple overtaking con-
flicts and compound moves. Corman [30] described a train
dispatching support tool to manage more saturated railway
networks by changing dwell times and train orders and
routes. Cordone [31] proposed a mixed-integer nonlinear
model with a nonconvex continuous relaxation. In the same
year, to construct a feasible NWBPMJSS train schedule,
satisfying the blocking and no-wait constraints in job-shop
environments, Liu [32] proposed a two-stage hybrid heuristic
algorithm. Canca [33] proposed a tacticalmodel to determine
optimal policies of short-turning and nonstopping at certain

stations, considering the objective of minimizing the arrival
times of the last shuttle. Kroon [34] dealt with connection
problem in cyclic passenger railway timetabling. Fröidh [35]
discussed how different dwell times and skip-stop operation
affected capacity. To minimize delays after an unexpected
event perturbs the operations, Pellegrini et al. [36] proposed
a mixed-integer linear model for the real-time railway traffic
management problem and represented the infrastructure
with fine granularity. Considering the stopping and skipping
stations for skip-stop rail operation, Lee et al. [37] proposed
a mathematical model; and a Genetic Algorithm is used to
solve the model. Chen [38] integrated optimization of train
service headways and stop-skipping strategy to improve the
operation efficiency and service quality of a BRT system.
He also proposed a genetic algorithm to solve the problem.
Castillo et al. [39] presented a time partition technique to
reduce the complexity of the problem. Liu [40] considered
different kinds of headway time; an integer linear program-
ming and a branch and price algorithm are proposed to
optimize the timetable.

In recent years, passenger demand for service quality has
grown ever higher, while the supply capacity of rail service
operators has increased as well. Therefore, some researchers
focus on the dynamic passenger demand and construct
models to maximize the benefit of passengers.

In [41] and [42], Niu studied the time-dependent charac-
teristics of passenger demand and formulated a timetabling
model under oversaturated conditions tominimize passenger
waiting times at stations. A local improvement algorithm
was presented to find the optimal timetables for individual
stations and a genetic algorithm was provided to solve the
whole line problem. Barrena [43] discretized the time horizon
and assumed that the arrival of passengers in each small
interval is subject to a uniform distribution. A nonlinear
programming model was formulated and solved by branch-
and-bound algorithm. The algorithm is insufficient to solve
the large-scale case, so Barrena [44] introduced Riemann’s
sum theory to calculate the passenger waiting time and
developed a simulated annealing algorithm to solve large
instances of the problem within short computation times.
Sun [45] proposed the concept of equivalent time to syn-
chronize train operations and passenger demand, then he
provided a mixed-integer programming model that allows
for train capacity constraints in order to design demand-
driven timetables for metro services. The capacitated metro
service timetabling problem can simply be solved by CPLEX.
Canca [46] presented a nonlinear integer programming
model to meet the dynamic passenger demand; this model
can also be used to measure the timetable quality and to
offer the service provider a trade-off between service quality
and operational cost. Niu [5] considered time-dependent
demand and skip-stop patterns; a nonlinear integer program-
ming model with quadratic and quasi-quadratic objective
functions was proposed to compute the total passenger
waiting time under both minute-dependent demand and
hour-dependent demand. However, the above studies only
considered passenger waiting time at stations; the in-vehicle
travel time is ignored. Wang [47, 48] proposed a nonlinear
nonconvex model, the objective function of which is total
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energy consumption and total passenger travel time. A set
of possible approaches is used to solve the model. Besides,
the iterative convex programming approach is proved to
provide a better trade-off between the quality of solution
and computational time. Xu [49] proposed a multiobjective
timetable optimization approach to minimize the passen-
ger time and energy consumption. Robenek et al. [50, 51]
proposed the Elastic Passenger Centric Train Timetabling
Problem (EPCTTP) model with the objective of maximizing
the train operating company’s revenue. Robenek [52] pro-
posed a hybrid timetable combining the benefits of cyclic and
demand-oriented timetables. Hassannayebi et al. [53] applied
an adaptive and variable neighborhood search algorithm to
optimize the train timetable problem. Yin [54] developed a
timetable optimizing model, considering the dynamic pas-
senger demands and energy saving objective. A Lagrangian
relaxation-based heuristic algorithm is proposed to solve the
model. Zhang [6] considered flexible skip-stop scheme and
proposed a mixed-integer nonlinear programming model to
minimize the average passenger travel time. Shen [55] and
Zhang [56] proposed timetabling model to minimize the
passenger travel time under congestion conditions. Liu [57]
considered joint routing and scheduling between freight and
passenger trains and proposed a model to study the robust
passenger train timetable. A branch-and-bound framework
with hybrid heuristics is used to solve themodel. A systematic
comparison among the typical existing studies is shown in
Table 1.

Table 1 shows that all of the timetable models are based
on dynamic passenger demand in the existing literature. In
summary, all models fix the service order and do not allow
trains to overtake one another. These assumptions are made
to simplify themodel; however, they create certain drawbacks
to this approach.

First, the assumption of fixed service order or zero
overtaking can lead to more travel time of passengers,
especially when there are more than one stop plan for trains.
Taking Figure 1 as an example, there are three stations on a
railway line, represented as Station 1, Station 2, and Station
3, respectively; there are three trains, Train 1, Train 2, and
Train 3, which is a stop train, a nonstop train, and a stop train,
respectively. The given service order is shown in Figure 1(a).
The time-dependent OD matrix is shown in Table 2. The
original timetable can satisfy passenger demand. However,
we can see from the OD matrix that there are some long-
distance travelers between stations 1 and 3 at the second
minute and some short-distance travelers between stations
2 and 3 at the fourth minute. If Train 2 overtakes Train
1 at Station 2 (Figure 1(b)), passengers’ waiting time will
decrease. From the OD matrix, we also notice that there are
many long-distance travelers between stations 1 and 3 at the
fourth minute. If we change the service order (Figure 1(c)),
passengers’ in-vehicle time will decrease. Moreover, if over-
taking and variable service order is permitted simultaneously
(Figure 1(d)), passengers’ in-vehicle time and passengers’
waiting time will decrease. Detailed results of each situation
are shown in Table 3. Obviously, variable service order and
overtaking are necessary to reduce total travel time. If one
optimizes the timetable with the given order and there is

not any overtaking, it is difficult to obtain a satisfactory
solution. As the number of trains increases, and the number
of combinations of service orders and overtaking becomes
much larger, the gap between the obtained solution and the
real optimal timetable can be expected to widen.

Second, the assumption of zero overtaking can cause
infeasible solutions of the model to be obtained for large-
scale instances. When dealing with large numbers of trains,
for example, the trains cannot be assigned within the given
time period due to the capacity problem.

In order to overcome the two drawbacks mentioned
above, this paper provides a mixed-integer quadratic pro-
gramming model, in which the train departure order at the
origin station is not defined in advance and overtaking is
allowed for any pair of trains. The model takes the dwell
time, running time, safety interval, overtaking, and capacity
as constraints, with the objective of minimizing the sum of
passengers’ waiting time and in-vehicle time.

The remainder of this paper is structured as follows.
Section 2 describes the problem and some basic assumptions;
Section 3 presents four models based on the combinatorial
condition of service order and train overtaking, as shown in
Table 4. The passenger demand for the Shanghai-Hangzhou
intercity high-speed rail provides the input data for the
proposedmodels and the computational results are compared
in Section 4. Sensitivity analysis is shown in Section 5. We
discuss the passenger delays and the train robustness in Sec-
tion 6. We conclude with the paper’s main contributions and
propose the problems that need to be further investigated.

1.2. Main Contribution. To the best of our knowledge, many
demand-oriented timetable models have been developed.
Besides, stop-skipping conditions have been considered in
some of the models [5, 6]. However, the combinatorial
influence of train service order and overtaking condition
on the timetabling is not fully elucidated in these existing
studies. Through the illustration, we can find that changing
train service order and overtaking condition exactly reduces
the passengers’ total travel time.Therefore, this paper tries to
fill this gap by comprehensively investigating the timetabling
with different operating conditions, e.g., the fixed order with
zero overtaking, the variable order with zero overtaking,
the fixed order with overtaking, and the variable order with
overtaking.

2. Problem Statement

2.1. Demand-Oriented Timetable Design Problem. The
demand-oriented timetable design problem is here defined
as finding an optimal timetable that contains arrival times,
departure times, order number, and overtaking properties for
each train at each station on a railway line, given a certain line
stopping plan for all services and time-dependent passenger
demand during the planning period. It is especially designed
for railway lines in which each direction runs relatively
separately, e.g., in medium and long distances railway lines.
The links of both directions, turn back time, and rolling stock
issues are not considered. The goal is to meet the passenger
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Table 1: Overview of existing demand-oriented timetabling models.

Model Type Objective Unset Service
order

Overtaking
allowed

Skip
stop Algorithm

Niu [42] Non-linear AWT × × × Genetic
Algorithm

Barrena [43] linear AWT × × × Branch-and-cut

Barrena [44] Non-linear AWT × × × Adaptive large
neighborhood

search

Shang [58] Non-linear TTT × × × Branch and
bound

Sun [45] MIP AWT × × × Branch and
bound

Canca [46] Non-linear
AWT and
Operational

benefit
× × × Branch and

bound

Niu [5] Non-linear AWT × × √ Branch and
bound

Wang [47] Non-linear
Non-convex TTT and energy × × × Iterative convex

programming

Wang [48] Non-linear
Non-convex AWT × × × Sequential

quadratic
programming

Yin [59] Stochastic
TTT and train
operational

costs
× × × Approximate

dynamic
programming

Note: AWT = average passenger waiting time; TTT = total passenger travel time.
×: not considered in the model;√: considered in the model.
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Figure 1: Illustration of timetable.

demand, more explicitly, to minimize the total travel time of
all passengers.

We focus on designing a demand-oriented timetable for
a single bidirectional railway line, so that train overcrossing
is not necessarily considered. The railway line is defined as

stations and sections (see Figure 2). The planning period is
defined as 𝑇 = [𝑇0, 𝑇1], which is discretized into times of
length 𝛿. The departure times and arrival times of each train 𝑖
at station𝑚 are indicated as two integers within the planning
period: 𝑑𝑚𝑖 ∈ [𝑇0, 𝑇1], 𝑎𝑚𝑖 ∈ [𝑇0, 𝑇1]. The time-dependent
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Figure 2: Representation of one direction of railway line.

Table 2: Passenger demand.

OD Time
1 2 3 4 5 6 7 Total

1-2 30 0 0 0 0 0 0 30
2-3 0 0 10 20 0 0 0 30
1-3 10 20 0 50 0 0 0 80

passenger demand of the railway is represented by the OD
matrix for each 𝛿.
2.2. Assumptions and Notations

2.2.1. Assumptions. In order to construct the timetabling
model based on passenger demand, we introduce the follow-
ing assumptions:

(1) The dynamic passenger demand is known with accu-
racy to the minute. This assumption is reasonable,
because, nowadays, most railways are equipped with
automatic fare collection systems; from this sys-
tem, the time-dependent OD matrix can easily be
obtained.

(2) For a given input of line plan, the total capacity of
all trains is larger than the total passenger demand,
so that all passengers arriving at the stations can be
served.

(3) Passengers board train according to a first-in, first-
served rule. Passengers may take the train that arrives
second if they can arrive at their destination station
earlier by taking this train.

(4) Each train has a capacity; when the number of
passengers achieves this capacity, nomore passengers
can be loaded until at least one passenger alights.
When an arrival train is full, no further passengers
can board and passengers at this station will continue
to wait until a train that is not full arrives.

(5) The departure time of the last train for each station
is known, which is the deadline for the arrival time
of passengers. This assumption is to ensure that all
passengers arrive at their destination stations during
the planning horizon [5].

(6) The temporal gap between the moment when a
passenger enters (leaves) a station and the moment
when the same passenger boards (alights) the train is
neglected.

2.2.2. Notations

Parameters𝑁: The set of trains, 𝑖, 𝑗 ∈ 𝑁.𝑆: The set of stations,𝑚, 𝑛 ∈ 𝑆.𝑇: The study period.𝑡: Index of time interval, 𝑡 ∈ 𝑇.𝑇𝑚: The departure time of the last train from stationm.𝑡𝑎𝑐𝑐: Acceleration time needed to reach maximum speed.𝑡𝑑𝑒𝑐: Deceleration time needed to stop from maximum
speed.𝜏𝑚,𝑛𝑖 : Coupled-stop index, equal to 1 if train 𝑖 stops at both
station𝑚 and station n, otherwise, equal to 0.ℎ𝑑𝑚: The departure headway for two consecutive trains at
station𝑚.ℎ𝑎𝑚: The arrival headway for two consecutive trains at
station𝑚.

M: A large positive integer.𝐶𝑖: The maximum number of passengers that train 𝑖 can
load.

Data𝑝𝑚,𝑛(𝑡): The number of passengers arriving at the station
m who want to go to station n within the time interval 𝑡.𝑠𝑚𝑖 : Skip-stop index, equal to 1 if train 𝑖 stops at station𝑚,
otherwise, equal to 0.𝑟𝑚𝑖 : Minimum running time of train 𝑖 from station 𝑚 to
station𝑚+1; running time equals to the sum of pure running
time, acceleration time, and deceleration time.Δ𝑟𝑚𝑖 : Allowed deviation of running time of train 𝑖 from
stationm to station𝑚 + 1.𝑝𝑟𝑚𝑖 : Pure running time of train 𝑖 from station𝑚 to station𝑚 + 1.𝑤𝑚𝑖 : Minimum dwell time of train 𝑖 at station𝑚.Δ𝑤𝑚𝑖 : Allowed deviation of dwell time of train 𝑖 at station𝑚.

Decision Variables:𝑑𝑚𝑖 : The departure time of train 𝑖 at station𝑚.
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Table 3: The result of each situation.

Fixed order,
zero overtaking

Fixed order,
allowing
overtaking

Variable order,
zero overtaking

Variable order,
allowing
overtaking

Passengers’ waiting
time 60 10 100 60

Passengers’
in-vehicle time 280 290 200 220

Passengers’ travel
time 340 300 300 280

Table 4: Combinational conditions of different models presented in
this paper.

Service order Train overtaking
Zero overtaking Allowing overtaking

Fixed order Model M1 Model M2
Variable order Model M3 Model M4

𝑎𝑚𝑖 : The arrival time of train 𝑖 at station𝑚.𝑧𝑚𝑖 (𝑡): Binary variable, equal to 1 if a passengerwho arrives
at station 𝑚 in time interval 𝑡 can get on train 𝑖, otherwise,
equal to 0. Whether the passenger has the chance to get on
the train or not depends on the passenger’s arrival time and
the departure time of the train. If the passenger’s arrival time
is smaller than the departure time of the train, the passenger
has the chance to board the train, otherwise, the passenger
has no chance to board the train.𝐿𝑚,𝑛𝑖 (𝑡): Binary variable, equal to 1 if the passenger who
arrives at station𝑚 in time interval t successfully gets on train𝑖, otherwise, equal to 0.Whether a passenger can successfully
gets on the train depends not only on the of the passenger’s
arrival time and the departure time of the train, but also on
the remaining capacity of the train.𝑞𝑚𝑖,𝑗: Binary variable, equal to 1 if train j overtakes train 𝑖 at
station𝑚, otherwise, equal to 0;𝑥𝑚𝑖𝑗 : Binary variable, equal to 1 if train 𝑗 departs from
station𝑚 before train 𝑖, otherwise, equal to 0.𝑦𝑚𝑖𝑗 : Binary variable, equal to 1 if the train 𝑗 arrives at
station𝑚 before train 𝑖, otherwise, equal to 0.𝑏𝑚,𝑛𝑖 : The realized number of passengers boarding train 𝑖
from the station𝑚 to station 𝑛.𝐶𝑎𝑝𝑚𝑖 :Thenumber of passengers on train 𝑖 after departing
from station𝑚.𝑇𝑠𝑚,𝑛𝑖 : Waiting time of passengers boarding train 𝑖 from
the station𝑚 to station 𝑛.𝑇𝑟𝑚,𝑛𝑖 : In-vehicle time of passengers boarding train 𝑖 from
the station𝑚 to station 𝑛.
3. Models

In this section, we construct four mathematical program-
ming models according to different combinations of service
order and overtaking conditions to design demand-oriented
timetables, as follows:

(i) Model M1: fixed service order and zero overtaking
timetabling model. In this model, service order at the
origin station is fixed and train overtaking is strictly
prohibited.

(ii) Model M2: fixed service order and limited overtaking
timetabling model. In this model, service order at the
origin station is fixed and only adjacent trains are
allowed to overtake each other.

(iii) Model M3: variable service order and zero overtaking
are allowed.

(iv) Model M4: unfixed service order and extended over-
taking timetablingmodel. In thismodel, service order
at the origin station is allowed to change and overtak-
ing is allowed between any two arbitrary trains.

3.1. Fix Service Order Zero Overtaking Model M1. In this
model, the service order at the origin station is predefined and
trains cannot overtake each other.Thedetails of themodel are
described as follows.

3.1.1. Objective Function. The objective function of model M1
is set to minimize the total travel time of passengers. The
travel time of a passenger on a single railway line is defined
as the sum of the passenger waiting time at stations and in-
vehicle time.The literature [60] shows that the perceived time
elapsed inside and outside of the trainmay be different, so the
perceived total travel time is represented as a weighted sum
of waiting time and in-vehicle time, as shown in the following
formula:

min
𝑁∑
𝑖=1

𝑆−1∑
𝑚=1

𝑆∑
𝑛=𝑚+1

(𝜔1 ∗ 𝑇𝑠𝑚,𝑛𝑖 + 𝜔2 ∗ 𝑇𝑟𝑚,𝑛𝑖 ) (1)

where 𝜔1 is the weight of passenger waiting time at stations
and 𝜔2 is the weight of in-vehicle time.

(1) Passenger Waiting Time at Stations. The number of
passengers who get on train 𝑖 from station𝑚 to station 𝑛 can
be computed from the following formula:

𝑏𝑚,𝑛𝑖 = 𝑇𝑚∑
𝑡=1

𝐿𝑚,𝑛𝑖 (𝑡) ∗ 𝑝𝑚,𝑛 (𝑡) ∗ 𝜏𝑚,𝑛𝑖 (2)
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The total waiting time for train 𝑖 for passengers who arrive
at station𝑚 within time interval t and want to go to station 𝑛
can be computed from the following formula:

𝑇𝑠𝑚,𝑛𝑖 = 𝑏𝑚,𝑛𝑖 ∗ (𝑑𝑚𝑖 − 𝑡)
(𝑖 = 1 . . . 𝑁, 𝑚 = 1 . . . 𝑆 − 1, 𝑛 = 𝑚 + 1 . . . 𝑆) (3)

(2) In-Vehicle Time of Passengers. The in-vehicle time of
passengers who get on train 𝑖 at station 𝑚 to station 𝑛 can
be computed from the following formula:

𝑇𝑟𝑚,𝑛𝑖 = 𝑏𝑚,𝑛𝑖 ∗ (𝑎𝑛𝑖 − 𝑑𝑚𝑖 )
(𝑖 = 1 . . . 𝑁, 𝑚 = 1 . . . 𝑆 − 1, 𝑛 = 𝑚 + 1 . . . 𝑆) (4)

3.1.2. Constraints

(1) Dwell Time Constraints. Generally speaking, the lower
limit of dwell time is determined by signaling system, door
opening, and closing time. The upper limit of dwell time is
determined by the number of passengers and line capacity.
To simplify these complex influencing factors, it is defined
within a scope.

𝑤𝑚𝑖 ∗ 𝑠𝑚𝑖 ≤ 𝑑𝑚𝑖 − 𝑎𝑚𝑖 ≤ (𝑤𝑚𝑖 + Δ𝑤𝑚𝑖 ) ∗ 𝑠𝑚𝑖
(𝑖 = 1 . . . 𝑁, 𝑚 = 2 . . . 𝑆 − 1) (5)

(2) Running Time Constraints

𝑟𝑚𝑖 ≤ 𝑎𝑚+1𝑖 − 𝑑𝑚𝑖 ≤ 𝑟𝑚𝑖 + Δ𝑟𝑚𝑖
(𝑖 = 1 . . . 𝑁, 𝑚 = 1 . . . 𝑆 − 1) (6)

𝑟𝑚𝑖 = 𝑝𝑟𝑚𝑖 + 𝑠𝑚𝑖 ∗ 𝑡𝑎𝑐𝑐 + 𝑠𝑚+1𝑖 ∗ 𝑡𝑑𝑒𝑐
(𝑖 = 1 . . . 𝑁, 𝑚 = 1 . . . 𝑆 − 1) (7)

(3) Headway Constraints. The adjacent trains need to meet
the arrival interval and the departure interval in order to run
safely. In this model, one train is not allowed to be overtaken
by another train, so the service order will not change along
any sections of the railway line. Thus, the constraints can
be written as the arrival headway and departure headway
constraints for two adjacent trains, as in the following:

𝑎𝑚𝑖+1 − 𝑎𝑚𝑖 ≥ ℎ𝑎𝑚 (𝑖 = 1 . . . 𝑁 − 1, 𝑚 = 2 . . . 𝑆) (8)

𝑑𝑚𝑖+1 − 𝑑𝑚𝑖 ≥ ℎ𝑑𝑚 (𝑖 = 1 . . . 𝑁 − 1, 𝑚 = 1 . . . 𝑆 − 1) (9)

(4) Character of the Variable 𝑧𝑚𝑖 (𝑡). If a passenger arriving at
station𝑚within time interval 𝑡 has the chance to get on train𝑖, the passenger arriving at stationmwithin time interval 𝑡−1
has the chance to get on train 𝑖 too, so the variable 𝑧𝑚𝑖 (𝑡)is
nonincreasing. For example, in Figure 3, if train 𝑖 departs at
time interval 4, 𝑧𝑚𝑖 (1) = 𝑧𝑚𝑖 (2) = 𝑧𝑚𝑖 (3) = 𝑧𝑚𝑖 (4) = 1, while
the remaining values are equal to 0.

Hence 𝑧𝑚𝑖 (𝑡 − 1) >= 𝑧𝑚𝑖 (𝑡)
(𝑡 = 2 . . . 𝑇𝑚, 𝑖 = 1 . . . 𝑁, 𝑚 = 1 . . . 𝑆 − 1) (10)

m
0 1 2 3 4 5 6 7

1 1 1 1 0 0 0

i

· · ·

· · ·zmi (t)

Figure 3: Character of variable 𝑧𝑚𝑖 (𝑡).
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· · ·

dmi

zmi (t)
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Figure 4: The relationship between 𝑧𝑚𝑖 (𝑡) and 𝑑𝑚𝑖 .

(5)TheRelationship between 𝑧𝑚𝑖 (𝑡) and 𝑑𝑚𝑖 . If a train departs at
the end of time interval t, then 𝑧𝑚𝑖 (𝑡) = 1, 𝑧𝑚𝑖 (𝑡 + 1) = 0, then𝑧𝑚𝑖 (𝑡) − 𝑧𝑚𝑖 (𝑡 + 1) = 1, so the relationship between 𝑧𝑚𝑖 (𝑡) and𝑑𝑚𝑖 can be written as formula (11). For example, in Figure 4,
if train i departs at time interval 4, 𝑧𝑚𝑖 (4) = 1, 𝑧𝑚𝑖 (5) = 0,
obviously 𝑧𝑚𝑖 (4) − 𝑧𝑚𝑖 (5) = 1.

𝑑𝑚𝑖 =
𝑇−1∑
𝑡=1

𝑡 ∗ (𝑧𝑚𝑖 (𝑡) − 𝑧𝑚𝑖 (𝑡 + 1)) (11)

(6)The Relationship between 𝑧𝑚𝑖 (𝑡) and 𝐿𝑚,𝑛𝑖 (𝑡). If the variable𝐿𝑚,𝑛𝑖 (𝑡) = 1, then the variable 𝑧𝑚𝑖 (𝑡) must be equal to 1. If
the variable 𝑧𝑚𝑖 (𝑡) = 0, then the variable 𝐿𝑚,𝑛𝑖 (𝑡)must be 0. If
the variable 𝐿𝑚,𝑛𝑖 (𝑡) = 0, the variable 𝑧𝑚𝑖 (𝑡) is not necessarily
equal to 0.The relationship between 𝑧𝑚𝑖 (𝑡) and 𝐿𝑚,𝑛𝑖 (𝑡) can be
written as the following formula:

𝐿𝑚,𝑛𝑖 (𝑡) <= 𝑧𝑚𝑖 (𝑡)
(𝑡 = 1 . . . 𝑇𝑚, 𝑖 = 1 . . . 𝑁, 𝑚 = 1 . . . 𝑆 − 1, 𝑛 = 𝑚 + 1 . . . 𝑆) (12)

(7) Train Choice Constraint. Formula (13) means that the
passenger arriving at station 𝑚 who wants to go to station 𝑛
can only choose one train.

𝑁∑
𝑖=1

𝜏𝑚,𝑛𝑖 ∗ 𝐿𝑚,𝑛𝑖 (𝑡) = 1
(𝑚 = 1 . . . 𝑆 − 1, 𝑛 = 𝑚 + 1 . . . 𝑆)

(13)

(8) Train Capacity Constraints. The number of passengers on
the train 𝑖 after departing from station 𝑚 must be less than
or equal to the train capacity. This constraint can be written
as formula (14). The number of passengers on train 𝑖 after
departing from station 𝑚 is equal to the total number of
passengers boarding at station𝑚 and previous stationsminus
the number of passengers getting off at station𝑚 and previous
stations.Moreover, the number of passengers on train 𝑖 after
departing from station 𝑚 is also equal to the number of
passengers boarding at station 𝑚 and previous stations who
want to go to the stations after station𝑚. Therefore, it can be
written as formula (15).
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𝐶𝑎𝑝𝑚𝑖 ≤ 𝐶𝑖 (𝑖 = 1 . . . 𝑁, 𝑚 = 1 . . . 𝑆 − 1) (14)

𝐶𝑎𝑝𝑚𝑖 =
𝑚∑
𝑚=1

𝑆∑
𝑛=𝑚+1

𝑇
𝑚∑
𝑡=1

𝑝𝑚 ,𝑛 (𝑡) ∗ 𝐿𝑚 ,𝑛𝑖 (𝑡) ∗ 𝜏𝑚 ,𝑛𝑖

− 𝑚−1∑
𝑚=1

𝑚∑
𝑛=𝑚+1

𝑇∑
𝑡=0

𝑝𝑚 ,𝑛 (𝑡) ∗ 𝐿𝑚 ,𝑛𝑖 (𝑡) ∗ 𝜏𝑚,𝑛𝑖

= 𝑚∑
𝑚=1

𝑆∑
𝑛=𝑚+1

𝑇
𝑚∑
𝑡=1

𝑝𝑚 ,𝑛 (𝑡) ∗ 𝐿𝑚 ,𝑛𝑖 (𝑡) ∗ 𝜏𝑚,𝑛𝑖

(15)

3.2. Fix Service Order Allowing Overtaking Model M2. The
model M2 fixes the service order at the origin station and
allows adjacent trains to overtake one another. In this model,
it is assumed that a train can be overtaken at most once. In
order to realize the overtaking between two adjacent trains, a
dummy variable 𝑞𝑚𝑖,𝑗 is introduced, where 𝑞𝑚𝑖,𝑗 equals 1 if train𝑖 can overtake train 𝑗, otherwise 𝑞𝑚𝑖,𝑗 equals 0. The following
constraints from (16) to (25) are used to replace constraints
(8) and (9):

𝑎𝑚+1𝑖+1 + ℎ𝑎𝑚+1 − 𝑎𝑚+1𝑖 <= 𝑀(1 − 𝑚∑
𝑘=1

𝑞𝑘𝑖,𝑗)
(𝑖 = 1 . . . 𝑁 − 1, 𝑗 = 𝑖 + 1, 𝑚 = 1 . . . 𝑆 − 1)

(16)

𝑎𝑚+1𝑖−1 + ℎ𝑎𝑚+1 − 𝑎𝑚+1𝑖+1 <= 𝑀(1 − 𝑚∑
𝑘=1

𝑞𝑘𝑖,𝑗)
(𝑖 = 1 . . . 𝑁 − 1, 𝑗 = 𝑖 + 1, 𝑚 = 1 . . . 𝑆 − 1)

(17)

𝑎𝑚+1𝑖 + ℎ𝑎𝑚+1 − 𝑎𝑚+1𝑖+2 <= 𝑀(1 − 𝑚∑
𝑘=1

𝑞𝑘𝑖,𝑗)
(𝑖 = 1 . . . 𝑁 − 1, 𝑗 = 𝑖 + 1, 𝑚 = 1 . . . 𝑆 − 1)

(18)

𝑎𝑚𝑖 + ℎ𝑎𝑚 − 𝑎𝑚𝑖+1 <= 𝑀 ∗ 𝑚−1∑
𝑘=1

𝑞𝑘𝑖,𝑗
(𝑖 = 1 . . . 𝑁 − 1, 𝑗 = 𝑖 + 1, 𝑚 = 2 . . . 𝑆)

(19)

𝑑𝑚𝑖+1 + ℎ𝑑𝑚 − 𝑑𝑚𝑖 <= 𝑀(1 − 𝑚∑
𝑘=1

𝑞𝑘𝑖,𝑗)
(𝑖 = 1 . . . 𝑁 − 1, 𝑗 = 𝑖 + 1, 𝑚 = 1 . . . 𝑆 − 1)

(20)

𝑑𝑚𝑖−1 + ℎ𝑑𝑚 − 𝑑𝑚𝑖+1 <= 𝑀(1 − 𝑚∑
𝑘=1

𝑞𝑘𝑖,𝑗)
(𝑖 = 1 . . . 𝑁 − 1, 𝑗 = 𝑖 + 1, 𝑚 = 1 . . . 𝑆 − 1)

(21)

𝑑𝑚𝑖 + ℎ𝑑𝑚 − 𝑑𝑚𝑖+2 <= 𝑀(1 − 𝑚∑
𝑘=1

𝑞𝑘𝑖,𝑗)
(𝑖 = 1 . . . 𝑁 − 1, 𝑗 = 𝑖 + 1, 𝑚 = 1 . . . 𝑆 − 1)

(22)

i-1 i i+1 i+2
m-1

m

m+1

Figure 5: Diagram of train overtaking.

𝑑𝑚−1𝑖 + ℎ𝑑𝑚−1 − 𝑑𝑚−1𝑖+1 <= 𝑀 ∗ 𝑚−1∑
𝑘=1

𝑞𝑘𝑖,𝑗
(𝑖 = 1 . . . 𝑁 − 1, 𝑗 = 𝑖 + 1, 𝑚 = 2 . . . 𝑆)

(23)

𝑆−1∑
𝑚=2

𝑞𝑚𝑖,𝑗 <= 1 (𝑖 = 1 . . . 𝑁, 𝑗 = 𝑖 + 1) (24)

𝑞𝑚𝑖,𝑗 ∈ {0, 1} (25)

The above constraints also adjust to the situation in
which the trains do not overtake each other. For example,
if the trains do not overtake each other, ∑𝑚𝑘=1 𝑞𝑘𝑖,𝑗 = 0, then
constraints (19) and (23) can secure the safety arrival interval
and the safety departure interval, while the other constraints
will always be satisfied when 𝑞𝑚𝑖,𝑗 is equal to 0.

If train 𝑖+1 overtakes train 𝑖 at station𝑚, i.e.,∑𝑚𝑘=1 𝑞𝑘𝑖,𝑗 = 1,∑𝑚−1𝑘=1 𝑞𝑘𝑖,𝑗 = 0, as illustrated in Figure 5, then constraints (19)
and (23) can secure the safety interval for train 𝑖 and train
i+1 before the overtaking stationm. When train i+1 overtakes
train 𝑖 at station 𝑚, the service order becomes i-1, i+1, i, i+2.
Constraints (16) and (20) can secure the safety interval for
train 𝑖 and train i+1 after the overtaking station 𝑚. Likewise,
the constraints (17) and (21) can secure the safety interval for
train i−1 and train i+1 after the overtaking station m, and
the constraints (18) and (22) can secure the safety interval
for train 𝑖 and train i+2 after the overtaking station m. The
constraints (24) ensure that train 𝑖 can be overtaken by train
i+1 at most once.

3.3. Variable Service Order Zero Overtaking Model M3.
Model M3 does not fix the service order, and zero overtaking
is allowed. A dummy variable𝑥𝑖𝑗 ∈ {0, 1} is introduced, which
represents the running order of train 𝑖 and train 𝑗. Since this
order does not change when train runs along the railway line,
so the value of this variable for any two trains is the same in
all sections. If train j runs after train 𝑖, then 𝑥𝑖𝑗 = 1, otherwise,𝑥𝑖𝑗 = 0. Now the headway constraints of Model 1 can be
reformulated as constraints from (26) to (29).

𝑎𝑚𝑗 − 𝑎𝑚𝑖 ≥ ℎ𝑎𝑚 ⋅ 𝑥𝑖𝑗 −𝑀 ⋅ (1 − 𝑥𝑖𝑗)
(𝑖 = 1, 2 . . . 𝑁, 𝑗 = 1, 2 . . . 𝑁) (26)
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Figure 6: Safety interval constraints.

𝑎𝑚𝑖 − 𝑎𝑚𝑗 ≥ ℎ𝑎𝑚 ⋅ (1 − 𝑥𝑖𝑗) −𝑀 ⋅ 𝑥𝑖𝑗
(𝑖 = 1, 2 . . . 𝑁, 𝑗 = 1, 2 . . . 𝑁) (27)

𝑑𝑚𝑗 − 𝑑𝑚𝑖 ≥ ℎ𝑑𝑚 ⋅ 𝑥𝑖𝑗 −𝑀 ⋅ (1 − 𝑥𝑖𝑗)
(𝑖 = 1, 2 . . . 𝑁, 𝑗 = 1, 2 . . . 𝑁) (28)

𝑑𝑚𝑗 − 𝑑𝑚𝑖 ≥ ℎ𝑑𝑚 ⋅ 𝑥𝑖𝑗 −𝑀 ⋅ (1 − 𝑥𝑖𝑗)
(𝑖 = 1, 2 . . . 𝑁, 𝑗 = 1, 2 . . . 𝑁) (29)

3.4. Variable Service Order Allowing Overtaking Model M4.
Model M4 does not fix the service order at the origin station
and allows arbitrary trains to overtake one another. Two new
binary variables are introduced to represent the order of train
arrivals and departures, namely 𝑥𝑚𝑖𝑗 and 𝑦𝑚+1𝑖𝑗 . As is shown in
Figure 6(a), if𝑑𝑚𝑗 −𝑑𝑚𝑖 > 0, namely train j departs from station
m after train i, then 𝑥𝑚𝑖𝑗 = 0, otherwise, 𝑥𝑚𝑖𝑗 = 1. As is shown
in Figure 6(b), if 𝑎𝑚+1𝑗 − 𝑎𝑚+1𝑖 > 0, namely if train j arrives at
stationm+1 after train i, then 𝑦𝑚+1𝑖𝑗 = 0, otherwise 𝑦𝑚+1𝑖𝑗 = 1.

The safety constraints of model M3 can be written as
equations containing the service order variables𝑥𝑚𝑖𝑗 and𝑦𝑚+1𝑖𝑗 ,
as shown in (30) and (31). These two kinds of constraints
can be used to ensure the safety departure interval and safety
arrival interval, in the situation where the service order at the
origin station is not fixed.

ℎ𝑑𝑚 ≤ 𝑑𝑚𝑗 − 𝑑𝑚𝑖 + 𝑇 ∗ 𝑥𝑚𝑖𝑗 ≤ 𝑇 − ℎ𝑑𝑚
(𝑖, 𝑗 = 1 . . . 𝑁, 𝑗 > 𝑖, 𝑚 = 1 . . . 𝑆 − 1) (30)

ℎ𝑎𝑚 ≤ 𝑎𝑚𝑗 − 𝑎𝑚𝑖 + 𝑇 ∗ 𝑦𝑚𝑖𝑗 ≤ 𝑇 − ℎ𝑎𝑚
(𝑖, 𝑗 = 1 . . . 𝑁, 𝑗 > 𝑖, 𝑚 = 2 . . . 𝑆) (31)

In order to illustrate how constraints (30) and (31) ensure
the safety interval and allow arbitrary trains to overtake one
another, the following proof is given.

Proof of Constraint (30).

Situation 1. Train j departs from station𝑚 after train 𝑖
Left-Hand Side of Constraint (30). As shown in Figure 6(a), if
train j departs from station m after train 𝑖, then 𝑥𝑚𝑖𝑗 = 0; in

order to meet the safety departure interval, 𝑑𝑚𝑗 − 𝑑𝑚𝑖 ≥ ℎ𝑑𝑚 is
necessary.

Right-Hand Hand of Constraint (30). Let 𝑚 = 𝑆 − 1; then the
equation 𝑑𝑆−1𝑗 + 𝑟𝑆−1𝑗 = 𝑎𝑆𝑗 is always satisfied, where 𝑎𝑆𝑗 is the
arrival time at station 𝑠 of train 𝑗.

Because 𝑎𝑆𝑗 ≤ 𝑇, we have 𝑑𝑆−1𝑗 + 𝑟𝑆−1𝑗 = 𝑎𝑆𝑗 ≤ 𝑇;
Because 𝑟𝑛𝑆−1 >= ℎ𝑑𝑆−1 (the running time is usually larger

than the safety interval), we have the equation 𝑑𝑆−1𝑗 <= 𝑇 −
𝑟𝑆−1𝑗 <= 𝑇 − ℎ𝑑𝑠−1;

Therefore, at station S−1, 𝑑𝑆−1𝑗 − 𝑑𝑆−1𝑖 ≤ 𝑇 − ℎ − 𝑑𝑆−1𝑖 <=
𝑇 − ℎ𝑑𝑠−1;

When 𝑚 ≤ 𝑆 − 1, 𝑑𝑚𝑗 < 𝑑𝑆−1𝑗 ≤ 𝑇 − ℎ𝑑𝑠−1, 𝑑𝑚𝑖 ≥ 0, so
𝑑𝑚𝑗 − 𝑑𝑚𝑖 < 𝑇 − ℎ𝑑𝑚;

Therefore, the consistency of the constraint (30) is proved.

Situation 2. Train 𝑖 departs from station𝑚 after train 𝑗
If train 𝑖 departs from station 𝑚 after train 𝑗, in order to

meet the safety departure interval, 𝑑𝑚𝑖 −𝑑𝑚𝑗 ≥ ℎ𝑑𝑚 is necessary.
Multiplying both sides of the equation by −1, then adding T,
we have the equation 𝑑𝑚𝑗 − 𝑑𝑚𝑖 + 𝑇 ≤ 𝑇 − ℎ𝑑𝑚, namely, the
right-hand side of (30) is proved.

Because train 𝑖 departs from station m after train 𝑗,
according to the proof above, 𝑑𝑚𝑖 − 𝑑𝑚𝑗 <= 𝑇 − ℎ𝑑𝑚 must be
satisfied. Multiplying both sides of the equation by −1, then
adding T, we have the equation 𝑑𝑚𝑗 − 𝑑𝑚𝑖 + 𝑇 >= ℎ𝑑𝑚, so the
left-hand side of (30) is proved.

Proof of the Constraint (31).

Situation 1. Train 𝑗 arrives at station𝑚 after train 𝑖
Left-Hand Side of Constraint (31). As shown in Figure 6(a), if
train j arrives at station m after train i, in order to meet the
safety arrival interval, 𝑎𝑚𝑗 − 𝑎𝑚𝑖 ≥ ℎ𝑎𝑚 is necessary.
Right-Hand Side of Constraint (31). Because 𝑎𝑚𝑗 ≤ 𝑇 and 𝑎𝑚𝑖 =𝑑𝑚−1𝑖 + 𝑟𝑚−1𝑖 ≥ ℎ𝑎𝑚, therefore, 𝑎𝑚𝑗 − 𝑎𝑚𝑖 ≤ 𝑇 − ℎ𝑎𝑚 is always
satisfied.

Situation 2. Train 𝑖 arrives at station𝑚 after train 𝑗
If train 𝑖 arrives at station m after train j, in order to

meet the safety arrival interval, 𝑎𝑚𝑖 − 𝑎𝑚𝑗 ≥ ℎ𝑎𝑚 is necessary.
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Table 5: Pure running time of each section.

Section 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
Pure running time (min) 5 6 5 6 5 7 6 5

Multiplying both sides of the equation by −1, then adding T,
we have the equation 𝑎𝑚𝑗 −𝑎𝑚𝑖 +𝑇 ≤ 𝑇−ℎ𝑎𝑚, thus the right-hand
side of constraint (31) is proved.

If train i arrives at stationm after train j, then, according to
the proof above, 𝑎𝑚𝑖 −𝑎𝑚𝑗 <= 𝑇−ℎ𝑎𝑚 is necessary. Multiplying
both sides of the equation by −1, then adding T, we have the
equation 𝑎𝑚𝑗 −𝑎𝑚𝑖 +𝑇 ≥ ℎ𝑎𝑚, so the left-hand side of constraint
(31) is proved.

According to the proof above, we can conclude that
constraints (30) and (31) can ensure the safety departure
interval and safety arrival interval of two arbitrary trains.
These two sets of constraints also allow trains to overtake each
other at stations.

4. Case Study

4.1. Case Description. In this section, an illustrative case
study is provided to validate the effectiveness of the pro-
posed model.The high-speed railway system from Shanghai-
Hangzhou is selected. As is shown in Figure 7, there are nine
stations on this line, Hangzhoudong, Yuhang, Hainingxi,
Tongxiang, Jiaxingnan, Jiashannan, Jinshanbei, Songjiang-
nan, and Shanghai Hongqiao, which are, respectively, marked
as 1, 2, 3, 4, 5, 6, 7, 8, and 9. The pure running time of each
section is shown in Table 5. The dynamic passenger demand
of the Shanghai-Hangzhou intercity high-speed rail in China
provides the input data to examine the proposedmodels.The
study period is 8:00-9:00 and the passenger arrival rate of
station 1 during this period is shown in Figure 8. The whole
dataset can be found. The passenger demand of the other
stations is similar to that of station 1, but the numbers are
relatively small. Through the passenger arrival rate curve, we
can find how the passenger demand changes with time. Eight
trains are planned during this period and they are designated
as t1, t2, t3, t4, t5, t6, t7, and t8.The line planning is illustrated
in Figure 9.

The parameters of the model are set as follows: 𝜔1 = 𝜔2 =1, acceleration time is 2min, deceleration time is 3min, safety
arrival time for every station is 3 min, safety departure time
for every station is 3 min, the minimum dwell time at each
station is 2min, the deviation of dwell time at station 1, station
2, and station 4 is 4 min, the deviation of dwell time at the
other stations is 0 min, and the deviation of running time is
0 min. The capacity of each train is 600.

The fourmodels are allmixed-integer quadratic program-
ming, so the ILOG CPLEX (version 12.6) is used to solve the
problem running on CPU i3-3110M with 2.4 GHz and 4G
RAM.

4.2. Results

4.2.1. Overall Results. The results of the four models are
shown in Table 6, and the time and space diagrams of the four

models are shown in Figures 10(a)–10(d). The timetables of
four models are listed in Appendixes.

From Figures 10(a)–10(d), we can find that the service
order or allow overtaking condition can significantly influ-
ence the optimal result. For example, in model M1, where
the service order is fixed and overtaking is not allowed, the
result order is exactly the same as the original order, namely,
t1, t2, t3, t4, t5, t6, t7, t8. InmodelM2, where the service order
from the first station is fixed and overtaking between adjacent
trains is allowed, the optimal solution shows the service order
at station 1 in M2 is the same as M1, namely, t1, t2, t3, t4, t5,
t6, t7. Train t3 overtakes train 𝑡4 at station 6, meaning that the
service order changes to t1, t5, t6, t4, t3, t2, t7, t8 after station
6. In model M3, the service order is not fixed and overtaking
is not allowed, the optimal service order becomes t4, t2, t6, t1,
t3, t5, t7, t8. In model M4, the service order is not fixed and
overtaking is allowed for any pair of trains. The result order
of trains at station 1 is changed to t2, t1, t6, t5, t3, t4, t7, t8.
After station 6, the service order is changed to t2, t1, t6, t5,
t4, t3, t7, t8. The results show that model M4 can effectively
adjust the service order according to the dynamic passenger
demand. We can also easily find that the optimal solution of
model Mi−1 is also a feasible solution of Model Mi.

4.2.2. The Influence of Service Order and Overtaking on
Passenger Travel Time. Table 6 shows that the total passenger
travel times are 196570 min in M1, 190330 min in M2,
189832 min in M3, and 187962 min in M4, respectively.
Compared with fixed order zero overtaking model M1, the
total passenger travel time of the variable order allowing
overtaking model M4 is reduced by 4.4%. Compared with
fixed order zero overtakingM1, the objective value of variable
order zero overtaking model M3 is reduced by 3.4%. And
compared with fixed order zero overtaking model M1, the
objective value of fixed order allow overtaking model M2 is
reduced by 3.2%. All of the results above show that modelM4
performs best among the four models, which demonstrates
that the timetable based onM4 can effectively reduce the total
travel time of passengers andmeet passengers demand better.
The reason could be that allowing overtaking of trains not
only decreases the running time of fully occupied passenger
trains, but also reduces passengers’ waiting time.

Moreover, the effects of service order and train overtaking
condition on the quality of the solution are different. In
Figure 11, by comparing the total passenger travel times of
M1 and M3, we can see that if overtaking is not allowed,
the value decreases by 3.4% by optimize the service order.
In contrast, by comparing the value of M2 and M4, we
can see that if overtaking is allowed, the value decreases by
1.08%. With regard to the train overtaking condition, let us
fix the departure service order, then overtaking decreases
the total passenger travel time by 3.2% (M1->M2). If service
order is allowed to change, overtaking decreases the total
passenger travel time by only 1.0% (M3->M4).The combined
optimization of train overtaking and service order can reduce
the total passenger travel time by 4.22% (M1->M4). In
summary, either allowing overtaking or changing order can
optimize the quality of timetable from total passenger travel
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Table 6: Solution comparison of the four models.

Total train running
time (min)

Total passenger
travel time (min) Optimal service order Overtake information

Times Trains Period Station
M1 591 196570 t1, t2, t3, t4, t5, t6, t7, t8 0 - - -
M2 593 190330 t1, t2, t3, t4, t5, t6,t7,t8 1 t4/t3 9:10-9:20 6
M3 591 190550 t4, t1, t6, t5, t3, t2, t7, t8 0 - - -
M4 593 187962 t2, t1, t6, t5, t3, t4, t7, t8 1 t4/t3 9:25-9:35 6

Hangzhoudong

Yuhang

Hainingxi

Tongxiang

Jiaxingnan

Jiashannan
Jinshanbei

Songjiangnan Shanghai
Hongqiao

Figure 7: Shanghai-Hangzhou high-speed railway.
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time. However, the influence of changing order on passenger
travel time is more significant than overtaking condition.

4.2.3. The Influence of Service Order and Overtaking on Train
Occupancy. Table 7 shows the number of passengers in each
train after it departs from different stations. From Table 7, we
can obtain the following findings.

First, the number of passengers during each section of
each model is the same. It means that all passenger demand
is satisfied. However, the number of passengers in each train
is different. In particular, t4 is always fully loaded with
passengers from the first station. This is because train t4
is the fastest train with only one stop. By assigning more
passengers to fast trains, the total travel time of the passengers
can be reduced. Train 𝑡4 has the least number of train stops,

t1
1 98765432

t6

t5

t4

t3

t2

t8

t7

Figure 9: Line planning.

namely, three, so passengers from stations 1, 5, 9 would prefer
to take 𝑡4 to reduce their travel times. Similarly, train 𝑡1
also has a relatively high occupancy with four train stops.
Train 𝑡2 has the third highest occupancy. Train 𝑡3 has low
occupancy. Figure 12 illustrates the relationship between
train stops and the train occupancy. It shows that the train
occupancy is related to the total number of stops of the
train, the less the train stops, the larger the train occupancy
is.

The second finding is obvious that a full loaded train
overtaking a less loaded train can reduce the total travel
time of passengers. Let t4 overtake other trains with fewer
passengers, e.g., t3 can reduce the travel time of passengers in
train t4; meanwhile, this strategy will not increase the waiting
time at stations, because nomore passengers can board t4 due
to the capacity of the train, which proves the inference.
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quality of the solution.
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4.2.4. The Influence of Service Order and Overtaking on Train
Running Time. Table 6 shows that the total running times of
trains in the four models are 591 min, 593 min, 591 min and
593 min, respectively. This result suggests that the effects of
demand-driven timetabling could decrease the benefits for
train operators by overtaking, due to longer running times,

which usually means higher operating costs. A trade-off
should bemade betweenminimizing the travel times of trains
andpassengers.Thedecision should bemade according to the
total benefits.

4.2.5. Computation Effort. On the aspect of model compu-
tation time, we show in Table 8 that model with variable
order has much longer computation times than fixed order.
Model M4 has a computation time of 30400 seconds, which
is the longest, comparedwith 94 seconds forM1, 1007 seconds
for M2, and 2092 seconds for M3. This is because M3 and
M4 are designed not only to obtain optimal departure and
arrival times for each train, but also to find an optimal service
order, which in turn increases the number of variables and
constraints. This increases the complexity of the model and
leads to longer computation times. A combination of opti-
mization of train overtaking and changing order can optimize
the timetable more significantly. However, considering the
computation effort, it may not be cost beneficial.

5. Sensitivity Analysis

In this section, sensitivity of two parameters on the objective
is discussed.

5.1. Effect of Travel Time Weight. In the model, there are two
parameters representing the travel time weight, namely, 𝜔1
and 𝜔2, which reflect the passengers’ perception of waiting
time at stations and in-vehicle time, respectively. In general,
passengers perceived time lapse on waiting time at stations
is larger than the in-vehicle time [60]. In other words,
passengers feel that time is longer when they wait for an
available train at the station than in a vehicle. In order to
have a deep insight on the effect of the two weights on the
objective of the model. Let 𝜔2 = 1, and change the value
of 𝜔1 to 1, 1.5, 2, and 2.5, respectively. The objectives of the
model M1 to M4 are shown in Figures 13–16 (The EPGAP
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Figure 13: Results of value of objective with different weights.
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Figure 14: Results of weighted passengers’ waiting time with
different weights.

18000

20000

22000

24000

26000

28000

Re
al

iz
ed

 p
as

se
ng

er
’s

w
ai

tin
g 

tim
e (

m
in

)

1 1.5 2 2.5

M1
M2

w1

Figure 15: Results of realized passengers’ waiting timewith different
weights.

1 1.5 2 2.5

M1
M2

w1

165000
166000
167000
168000
169000
170000
171000

Pa
ss

en
ge

r’s
 In

-v
eh

ic
le

tim
e (

m
in

)

Figure 16: Results of passengers’ in-vehicle time with different
weights.

Table 8: Model computation times.

Computation time �e number of variables
M1 94 35954
M2 1007 36320
M3 2092 36361
M4 30400 36402

in the experiments are all equal to 0). It shows that, with
the increasing value of the weight of passengers’ waiting
time at stations, the objective, perceived waiting time of the
passenger and perceived in-vehicle time increase. However,
the realized (unweighted) passenger waiting time decreases.
It is easy to explain, if the value of 𝜔1 is larger than 𝜔2, it
indicates that the objective tends to minimize the passenger
waiting time, then trains would be arranged to ensure this
objective, which may increase the total travel time of all
passengers. Moreover, the performance of different models is
different. For examplee, formodel 1, with the increasing value
of the weights, either passengers’ waiting time or passengers’
in-vehicle time does not change toomuch.However, for other
models, the value of passengers’ waiting time and in-vehicle
time changes significantly.

5.2. Effect of EPGAP. EPGAP is a parameter in the algorithm
of branch and bound. The parameter is calculated by the
difference of upper bound and lower bound divided by
the upper bound. This parameter has big influence on the
optimization effect and computation time. The smaller the
value of EPGAP is, the closer the upper bound reaches the
optimal value, and the longer the computation time and vice
versa is. Table 9 shows the model computation time and
solution under different value of EPGAP. It shows that when
the value of EPGAP equals 0, the objective is the best, but the
computation time is the longest. With the increasing value
of EPGAP, upper bound of each model increases. That is to
say, the value of objective increases. Moreover, the difference
between the value of the upper bound of each model and
under different values of EPGAP is large. With the increasing
value of EPGAP, computation time decreases. When the
value of EPGAP equals 0, computation time is the longest.
However, when the value of EPGAP equals 0.05 and 0.1,
values of computation time of the same model are almost
the same. Therefore, a balance between the objective and
computation time is the condition when the EPGAP equals
0.05.

6. Discussions

Demand-oriented train timetabling is a complex problem as
there are a lot of input data to be taken into consideration.
In our paper, we consider dwell time, running time, headway
of trains, and passenger dynamic demand. There are three
important issues to be discussed, passenger delay, train
robust, and demand input.
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(1) Passenger Delay. Due to the limited capacity of trains,
some passengers may be left behind at stations during peak
hours. Whether such delays can be avoided is dependent on
the infrastructure conditions. For example, if the platform
is long enough, the capacity can be enhanced by coupling
extra trains. If the capacity of infrastructure is not over-
saturated, more trains can be dispatched. The delay can
also be eliminated in a network level; for example, there is
more than one route for passengers to select to go to the
destination. Recently, “Reserve-A-ride trains” has attracted
more and more attention (which is also successfully operated
in Shaanxi Province, China). Passengers can reserve trains
which they want to board prior to their departure. Under
the circumstance, the “first-in and first-out” paradigm is
broken; thus the “passenger fail-to board” phenomenon will
disappear and passenger delays may be avoided.

(2) Train Robust. Traditionally, the focus in railway
timetabling is train-oriented. To meet the on-time
requirements of the trains, railway timetables need to
be robust against delays. There are some methods to
enhance the robustness, such as adding time supplements,
adding buffer time, cancelling trains, reducing network
interdependencies, lowering heterogeneity, and so on [61].
In most of the demand-oriented timetabling studies, the
buffer time to resist delay is neglected. In this case, small
delay may significantly increase the optimized passenger
travel time. This problem is worthy to be considered by all
demand-oriented timetabling researches.

(3) Demand Input. The proposed application of passenger
demand is computed on the basis of the data from the
automatic fare collection system. So, the model can be
adapted to the railways which has already been operated
and where time-dependent demand data are available. When
there is a new line and no AFC data are available, if we
want to design a timetable of the new line, theoretically,
we can predict the passenger demand and use it to design
the timetable. However, the granularity of current prediction
approach is not enough. In fact, for many demand-driven
timetables, there is a hidden conditionwhere time-dependent
passenger demand is known, either by smart card or by the
reservation system. So strictly speaking, for a new line, the
approach is not applicable.

Another issue is the interaction between demand and
timetable. In the condition of the model of this study, the
service frequency is quite high. Under the circumstance, pas-
sengers’ arrival time is close to their real demand. Therefore,
the data from the AFC system can almost reflect passengers’
real demand. When the time-dependent passenger demand
data are accurate, the method we propose can be used to
optimize timetable to reduce the passengers’ total travel
time. When the service frequency is low, it is likely that
passengers would choose their arrival time based on the
timetable. In this case, if we use this demand data from
AFC system to obtain a new timetable, we must wait until
a new equilibrium situation is reached and then measure the
results.

7. Conclusions

In this paper, we consider the time variant characteristics of
passenger rail demand and establish mixed-integer quadratic
programming models to minimize the total travel time of
passengers under different conditions. The contribution of
this paper is that the effect of combinatorial optimization of
service order and overtaking condition is analyzed. Taking
the Shanghai-Hangzhou intercity high-speed railway as a
case study, the calculation results show that the model with
free service order and allowing train overtaking performs
best among all four models, in reducing the total travel
time of the passengers. The total travel time of passengers
was decreased by 4.4% when compared with the model
with a fixed service order and with zero overtaking, which
shows that this model is more suitable for meeting the
dynamic passenger demand. The result also shows that,
compared to overtaking, allowing the change of service order
can save passengers’ total travel time without extending
the train travel time. Besides, the optimization of service
order and train overtaking can increase the computation
time significantly in the meantime. Therefore, in practice,
service order optimization should be considered with higher
priority than overtaking.We conclude that the combinatorial
optimization can effectively reduce the total travel time of
passengers.

There are two aspects of the train timetabling problem
that need to be researched in the future. First, because the
proposed model is based on a fixed train stop plan, which
limits the optimization effect to a certain extent, the question
how to integrate train stop plan optimization and timetabling
optimization will be studied in the next stage. Although there
are some preliminary studies on this problem, the efficient
solving approach of the integrated problem is still an open
challenge. Second, the computation time of the model for
large-scale use is relatively long. This is the one of the most
critical obstacles to apply suchmodels for practical use. So the
design of an efficient solution algorithm is another research
need in future.

Appendix

Optimal Timetables under Different Service
Order and Overtaking Conditions

See Tables 10–13 .
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Table 10: Timetable of all optimal solution of M1.

station Train

𝑡1 𝑡2 𝑡3 𝑡4 𝑡5 𝑡6 𝑡7 𝑡8
1 AT - - - - - - - -

DT 08:11 08:16 08:19 08:41 08:44 08:47 08:57 09:00

2 AT 08:18 08:23 08:29 08:48 08:51 08:57 09:04 09:10

DT 08:18 08:23 08:31 08:48 08:51 08:59 09:04 09:12

3 AT 08:24 08:29 08:39 08:54 09:00 09:07 09:10 09:23

DT 08:24 08:29 08:39 08:54 09:02 09:07 09:10 09:25

4 AT 08:32 08:37 08:44 08:59 09:09 09:15 09:18 09:35

DT 08:34 08:39 08:44 08:59 09:09 09:17 09:20 09:37

5 AT 08:45 08:50 08:53 09:08 09:18 09:28 09:31 09:48

DT 08:47 08:52 08:55 09:12 09:20 09:30 09:33 09:50

6 AT 08:54 08:59 09:05 09:19 09:27 09:37 09:43 10:00

DT 08:54 08:59 09:07 09:19 09:27 09:37 09:45 10:02

7 AT 09:01 09:09 09:16 09:26 09:37 09:44 09:54 10:14

DT 09:01 09:11 09:16 09:26 09:39 09:44 09:54 10:16

8 AT 09:07 09:19 09:25 09:32 09:47 09:50 10:03 10:27

DT 09:07 09:19 09:27 09:32 09:47 09:50 10:05 10:29

9 AT 09:15 09:27 09:37 09:40 09:55 09:58 10:15 10:39

DT - - - - - - - -

Table 11: Timetable of all optimal solution of M2.

station Train
𝑡1 𝑡2 𝑡3 𝑡4 𝑡5 𝑡6 𝑡7 𝑡8

1 AT - - - - - - - -
DT 08:17 08:24 08:28 08:41 08:44 08:47 08:57 09:00

2 AT 08:24 08:31 08:38 08:48 08:51 08:57 09:04 09:10
DT 08:24 08:31 08:40 08:48 08:51 08:59 09:04 09:12

3 AT 08:30 08:37 08:48 08:54 09:00 09:07 09:10 09:23
DT 08:30 08:37 08:48 08:54 09:02 09:07 09:10 09:25

4 AT 08:38 08:45 08:53 08:59 09:09 09:15 09:18 09:35
DT 08:40 08:47 08:53 08:59 09:09 09:17 09:20 09:37

5 AT 08:51 08:58 09:02 09:08 09:18 09:28 09:31 09:48
DT 08:53 09:00 09:04 09:10 09:20 09:30 09:33 09:50

6 AT 09:00 09:07 09:14 09:17 09:27 09:37 09:43 10:00
DT 09:00 09:07 09:20 09:17 09:27 09:37 09:45 10:02

7 AT 09:07 09:17 09:29 09:24 09:37 09:44 09:54 10:14
DT 09:07 09:19 09:29 09:24 09:39 09:44 09:54 10:16

8 AT 09:13 09:27 09:38 09:30 09:47 09:50 10:03 10:27
DT 09:13 09:27 09:40 09:30 09:47 09:50 10:05 10:29

9 AT 09:21 09:35 09:50 09:38 09:55 09:58 10:15 10:39
DT - - - - - - - -
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Table 12: Timetable of all optimal solution of M3.

station Train𝑡1 𝑡2 𝑡3 𝑡4 𝑡5 𝑡6 𝑡7 𝑡8
1 AT - - - - - - - -

DT 08:38 08:22 08:41 08:18 08:49 08:26 08:57 09:00

2 AT 08:45 08:29 08:51 08:25 08:56 08:36 09:04 09:10
DT 08:45 08:29 08:53 08:25 08:56 08:38 09:04 09:12

3 AT 08:51 08:35 09:01 08:31 09:05 08:46 09:10 09:23
DT 08:51 08:35 09:01 08:31 09:07 08:46 09:10 09:25

4 AT 08:59 08:43 09:06 08:36 09:14 08:54 09:18 09:35
DT 09:01 08:45 09:06 08:36 09:14 08:56 09:20 09:37

5 AT 09:12 08:56 09:15 08:45 09:23 09:07 09:31 09:48
DT 09:14 08:58 09:17 08:47 09:25 09:09 09:33 09:50

6 AT 09:21 09:05 09:27 08:54 09:32 09:16 09:43 10:00
DT 09:21 09:05 09:29 08:54 09:32 09:16 09:45 10:02

7 AT 09:28 09:15 09:38 09:01 09:42 09:23 09:54 10:14
DT 09:28 09:17 09:38 09:01 09:46 09:23 09:54 10:16

8 AT 09:34 09:25 09:47 09:07 09:54 09:29 10:03 10:27
DT 09:34 09:25 09:49 09:07 09:54 09:29 10:05 10:29

9 AT 09:42 09:33 09:59 09:15 10:02 09:37 10:15 10:39
DT - - - - - - - -

Table 13: Timetable of all optimal solution of M4.

station Train𝑡1 𝑡2 𝑡3 𝑡4 𝑡5 𝑡6 𝑡7 𝑡8
1 AT - - - - - - - -

DT 08:20 08:08 08:40 08:53 08:36 08:26 08:57 09:00

2 AT 08:27 08:15 08:50 09:00 08:43 08:36 09:04 09:10
DT 08:27 08:15 08:53 09:00 08:43 08:38 09:04 09:12

3 AT 08:33 08:21 09:00 09:06 08:52 08:46 09:10 09:23
DT 08:33 08:21 09:00 09:06 08:54 08:46 09:10 09:25

4 AT 08:41 08:29 09:05 09:11 09:01 08:54 09:18 09:35
DT 08:43 08:31 09:05 09:11 09:01 08:56 09:20 09:37

5 AT 08:54 08:42 09:14 09:20 09:10 09:07 09:31 09:48
DT 08:56 08:44 09:16 09:22 09:12 09:09 09:33 09:50

6 AT 09:03 08:51 09:26 09:29 09:19 09:16 09:43 10:00
DT 09:03 08:51 09:32 09:29 09:19 09:16 09:45 10:02

7 AT 09:10 09:01 09:41 09:36 09:29 09:23 09:54 10:14
DT 09:10 09:03 09:41 09:36 09:31 09:23 09:54 10:16

8 AT 09:16 09:11 09:50 09:42 09:39 09:29 10:03 10:27
DT 09:16 09:11 09:52 09:42 09:39 09:29 10:05 10:29

9 AT 09:24 09:19 10:02 09:50 09:47 09:37 10:15 10:39
DT - - - - - - - -
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“A Time Partitioning Technique for Railway Line Design and
Timetable Optimization,” Computer-Aided Civil and Infrastruc-
ture Engineering, vol. 31, no. 8, pp. 599–616, 2016.

[40] P. Liu and B. Han, “Optimizing the train timetable with
consideration of different kinds of headway time,” Journal of
Algorithms & Computational Technology, vol. 11, no. 2, pp. 148–
162, 2017.

[41] H.-M. Niu, M.-M. Chen, and M.-H. Zhang, “Optimization
Theory and Method of Train Operation Scheme for Urban Rail
Transit,” China Railway Science, vol. 32, no. 4, pp. 108–133, 2011.

[42] H. Niu and X. Zhou, “Optimizing urban rail timetable under
time-dependent demand and oversaturated conditions,” Trans-
portation Research Part C: Emerging Technologies, vol. 36, pp.
212–230, 2013.

[43] E. Barrena, D. Canca, L. C. Coelho, and G. Laporte, “Exact
formulations and algorithm for the train timetabling problem
with dynamic demand,” Computers & Operations Research, vol.
44, no. 3, pp. 66–74, 2014a.

[44] E. Barrena, D. Canca, L. C. Coelho, and G. Laporte, “Single-
line rail rapid transit timetabling under dynamic passenger
demand,” Transportation Research Part B: Methodological, vol.
70, pp. 134–150, 2014b.

[45] L. Sun, J. G. Jin, D.-H. Lee, K. W. Axhausen, and A. Erath,
“Demand-driven timetable design for metro services,” Trans-
portation Research Part C: Emerging Technologies, vol. 46, pp.
284–299, 2014.

[46] D. Canca, E. Barrena, E. Algaba, and A. Zarzo, “Design and
analysis of demand-adapted railway timetables,” Journal of
Advanced Transportation, vol. 48, no. 2, pp. 119–137, 2014.

[47] Y. Wang, B. Ning, T. Tang, T. J. J. Van Den Boom, and B. De
Schutter, “Efficient Real-Time Train Scheduling for Urban Rail
Transit Systems Using Iterative Convex Programming,” IEEE
Transactions on Intelligent Transportation Systems, vol. 16, no.
6, pp. 3337–3352, 2015a.

[48] Y. Wang, T. Tang, B. Ning, T. J. J. van den Boom, and B. De
Schutter, “Passenger-demands-oriented train scheduling for an
urban rail transit network,” Transportation Research Part C:
Emerging Technologies, vol. 60, pp. 1–23, 2015.

[49] X. Xu, K. Li, and X. Li, “A multi-objective subway timetable
optimization approach with minimum passenger time and
energy consumption,” Journal of Advanced Transportation, vol.
50, no. 1, pp. 69–95, 2016.

[50] T. Robenek, Y.Maknoon, S. S. Azadeh, J. Chen, andM. Bierlaire,
“Passenger centric train timetabling problem,” Transportation
Research Part B: Methodological, vol. 89, pp. 107–126, 2016a.

[51] T. Robenek, S. S. Azadeh, Y. Maknoon, M. de Lapparent, and
M. Bierlaire, “Train timetable design under elastic passenger
demand,” No. EPFL-REPORT-223715, 2016b.

[52] T. Robenek, S. Sharif Azadeh, Y. Maknoon, and M. Bierlaire,
“Hybrid cyclicity: Combining the benefits of cyclic and non-
cyclic timetables,” Transportation Research Part C: Emerging
Technologies, vol. 75, pp. 228–253, 2017.

[53] E. Hassannayebi and S. H. Zegordi, “Variable and adap-
tive neighbourhood search algorithms for rail rapid transit
timetabling problem,” Computers & Operations Research, vol.
78, pp. 439–453, 2017.

[54] J. Yin, L. Yang, T. Tang, Z. Gao, and B. Ran, “Dynamic pas-
senger demand oriented metro train scheduling with energy-
efficiency and waiting time minimization: Mixed-integer linear
programming approaches,” Transportation Research Part B:
Methodological, vol. 97, pp. 182–213, 2017.

[55] Y. Shen, G. Ren, and Y. Liu, “Timetable Design for Minimizing
Passenger Travel Time and Congestion for a SingleMetro Line,”
Tech. Rep., 2018.

[56] T. Zhang, D. Li, and Y. Qiao, “Comprehensive optimization
of urban rail transit timetable by minimizing total travel
times under time-dependent passenger demand and congested
conditions,” Applied Mathematical Modelling: Simulation and
Computation for Engineering and Environmental Systems, vol.
58, pp. 421–446, 2018.

[57] L. Liu andM.Dessouky, “Stochastic passenger train timetabling
using a branch and bound approach,” Computers & Industrial
Engineering, 2018.

[58] P. Shang, R. Li, and L. Yang, “Optimization of Urban Single-
Line Metro Timetable for Total Passenger Travel Time under
Dynamic PassengerDemand,”Procedia Engineering, vol. 137, pp.
151–160, 2016.

[59] J. Yin, T. Tang, L. Yang, Z. Gao, and B. Ran, “Energy-efficient
metro train reschedulingwith uncertain time-variant passenger
demands: an approximate dynamic programming approach,”
Transportation Research Part B: Methodological, vol. 91, pp. 178–
210, 2016.

[60] M. Wardman, “Public transport values of time,” Transport
Policy, vol. 11, no. 4, pp. 363–377, 2004.

[61] J. Parbo, O. A. Nielsen, and C. G. Prato, “Passenger Perspec-
tives in Railway Timetabling: A Literature Review,” Transport
Reviews, vol. 36, no. 4, pp. 500–526, 2016.



International Journal of

Aerospace
Engineering
Hindawi
www.hindawi.com Volume 2018

Robotics
Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

 Active and Passive  
Electronic Components

VLSI Design

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Shock and Vibration

Hindawi
www.hindawi.com Volume 2018

Civil Engineering
Advances in

Acoustics and Vibration
Advances in

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Electrical and Computer 
Engineering

Journal of

Advances in
OptoElectronics

Hindawi
www.hindawi.com

Volume 2018

Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2013
Hindawi
www.hindawi.com

The Scientific 
World Journal

Volume 2018

Control Science
and Engineering

Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com

 Journal ofEngineering
Volume 2018

Sensors
Journal of

Hindawi
www.hindawi.com Volume 2018

International Journal of

Rotating
Machinery

Hindawi
www.hindawi.com Volume 2018

Modelling &
Simulation
in Engineering
Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Chemical Engineering
International Journal of  Antennas and

Propagation

International Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Navigation and 
 Observation

International Journal of

Hindawi

www.hindawi.com Volume 2018

 Advances in 

Multimedia

Submit your manuscripts at
www.hindawi.com

https://www.hindawi.com/journals/ijae/
https://www.hindawi.com/journals/jr/
https://www.hindawi.com/journals/apec/
https://www.hindawi.com/journals/vlsi/
https://www.hindawi.com/journals/sv/
https://www.hindawi.com/journals/ace/
https://www.hindawi.com/journals/aav/
https://www.hindawi.com/journals/jece/
https://www.hindawi.com/journals/aoe/
https://www.hindawi.com/journals/tswj/
https://www.hindawi.com/journals/jcse/
https://www.hindawi.com/journals/je/
https://www.hindawi.com/journals/js/
https://www.hindawi.com/journals/ijrm/
https://www.hindawi.com/journals/mse/
https://www.hindawi.com/journals/ijce/
https://www.hindawi.com/journals/ijap/
https://www.hindawi.com/journals/ijno/
https://www.hindawi.com/journals/am/
https://www.hindawi.com/
https://www.hindawi.com/

