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Train schedule optimization based on schedule-based stochastic
passenger assignment

Abstract

In this study, we propose a new schedule-based itinerary-choice model, the mixed itinerary-size
weibit model, to address the independently and identically distributed assumptions that are typically
used in random utility models and heterogeneity of passengers’ perceptions. Specifically, the
Weibull distributed random error term resolves the perception variance with respect to various
itinerary lengths, an itinerary-size factor term is suggested to solve the itinerary overlapping problem,
and random coefficients are used to model heterogeneity of passengers. We also apply the mixed
itinerary-size weibit model to a train-scheduling model to generate a passenger-oriented schedule
plan. We test the efficiency and applicability of the train-scheduling model in the south China high-
speed railway network, and we find that it works well and can be applied to large real-world
problems.

Keywords: Mixed itinerary-size weibit model, schedule-based, train scheduling
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1. Introduction

The recent development of high-speed railways (HSRs) has attracted a great deal of attention.
Railway companies wish to earn profits on their investments, and society has been promised that
HSRs will improve the quality of travel. Achievement of these goals requires a good train schedule
plan. The assessment of a schedule plan is based on passenger experience; hence, consideration of
passenger-itinerary choices is important in scheduling. To improve the passenger service quality of
train scheduling, this study introduces a new itinerary-choice model and integrates it with train
scheduling.

1.1. Literature review

Our study involves two study areas, stochastic passenger assignment and passenger-oriented train
scheduling, so that we divide the literature review into two parts to describe the recent developments
of these two areas.

1.1.1. Stochastic passenger assignment

Traditionally, two kinds of models are used for transit systems. Frequency-based models are
generally accepted in high-frequency transit systems, and they are sometimes used for low-frequency
transit systems because they require cheaper and easier computation efforts than schedule-based
models. Frequency-based models consider transit services in terms of lines, so they are not suitable
to handle varying demand (e.g., morning peak). However, schedule-based models are more flexible
and thus more suitable for dealing with low-frequency transit systems (Nuzzolo and Crisalli, 2009).
They consider transit services in terms of runs (e.g., trains in railway systems) and consider the real
departure/arrival time. Hence, schedule-based models are able to cope with varying demand. The
HSR system is low-frequency, and its demand varies throughout a day. Taking HSR trips between
Hong Kong and Shenzhen as an example, commuters go to work in the morning and come home in
the evening, so there are two peak periods each day. Hence, schedule-based models are appropriate
for this study.

Uncertainties have been highlighted in schedule-based passenger-assignment models. Passengers are
assumed to be wise enough to make an itinerary choice to maximize their utility:

UBx)=V(Bx)+e 0

The utility is estimated by the observed part V(f,x), which considers the various costs x paid for this
choice and the perceptions of passengers 8. Because of the passengers’ unobserved behavioral
patterns, part of the utility € is random. This type of randomness is usually considered using the logit
model or its variants (Domencich and McFadden, 1975; Hunt, 1990; Bekhor and Freund-Feinstein,
2006; Lin and Sibdari, 2009; Lurkin et al., 2017). Another type of randomness caused by
heterogeneity in passengers’ perceptions is represented by variations in . Tong and Wong (1999)
suggested that B comprises independent random variables with probability density functions. They

used the Monte Carlo algorithm to simulate random coefficients. To consider these two types of
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randomness, Adler et al. (2005), Warburg et al. (2006), and Parker (2017) recommended the mixed
logit model, whereas Seelhorst and Liu (2015) suggested the latent class logit model.

However, the logit model has been criticized for its underlying assumption that & should be
independently and identically distributed (IID) (Sheffi, 1985), and nested logit models have been
suggested to deal with the correlation. Hess and Polak (2006) and Drabas and Wu (2013) included
nesting structures in their airline itinerary-choice models, and Freund-Feinstein and Bekhor (2017)
considered both heterogeneity and correlation in their mixed cross-nested logit model. However, the
characteristics of airline itineraries differ from those of train itineraries, so we cannot directly apply
these findings to our study. For example, the overlapping problem, a common cause of correlation, is
relatively simple in an airline network. If overlap exists between two airline itineraries, a single
airline is used, and passengers take it from the origin to the destination. Hence, airline itineraries can
be nested by airlines to address correlations. However, overlap in train itineraries may only occur in
one part of a train journey. In the example shown in Figure 1, the three itineraries overlap because
they all use IA7. Itinerary 1 and Itinerary 2 overlap at IA1, whereas Itinerary 1 and Itinerary 3
overlap at IAS5 and 1A6. IAS, 1A6, and IA7 belong to the same train service. The selection of a
suitable nesting structure for such cases is not easy.

A A Py
Time Time
/'.
TA3/ »@
Train 3 T,\«/’,i‘ ®
e
Train / T/ \\?\ \.
. .
Train 1
[
I I I IV Station I I I IV station

Timetable of a train network

Three itineraries from Station I to Station [V
® Temporal-spatial node (TSN) 1 [AAISIAISTAISIASIA6—IAT
Temporal-spatial link (TSL)

Access arc (AA) 2 | AAI>IA1I—-IA2—IA3—-TA3—IAT

In-vehicle arc (IA) 3 | AA2—IA4—>TA2—IAS—IA6—IAT
ffffffffffffffff * Transfer arc (TA)

Figure 1. Example of itineraries.

There are other approaches to handling the overlapping problem in stochastic road assignments, such
as the C-logit model (Cascetta et al., 1996; Cascetta et al., 1997; Zhou et al., 2012) and the path-size
logit (PSL) model (Ben-Akiva and Bierlaire, 1999). These approaches add a correction term to
utilities while maintaining the form of the logit model. Chen et al. (2012) examined the scaling effect
and route overlapping problem in these approaches, and Lam and Xie (2002) and Tan et al. (2015)
applied the PSL model to transit networks. The path-size factor in these models can alleviate the
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train overlapping problem. However, the identical distribution assumption is still needed in these
models.

Under the identical distribution assumption, perceptions of trips of various lengths are the same, i.e.,
the absolute difference between trips decides the probability of their being chosen, rather than the
relative difference. Castillo et al. (2008) proposed the weibit model to address the identically
distributed assumption. The numerical results presented by Kitthamkesorn and Chen (2014) showed
that the weibit model can account for the route-specific perception variance better than the logit
model. Following this work, Kitthamkesorn and Chen (2013) developed the path-size weibit (PSW)
model for a road network to relax the IID assumption. Numerical examples also illustrate that the
PSW model works better in solving both the route-specific perception variance and the overlapping
problem. Thus, the idea behind the PSW model is adopted for this study. The path-size factor for a
road network can take several forms (Frejinger and Bierlaire, 2007). In this paper, we follow
Kitthamkesorn and Chen (2013) and adopt the original form, which is derived from discrete choice
theory for aggregate alternatives (Ben-Akiva and Lerman, 1985). The original form is defined as

the length of the link 1

- 1 = X
path size factor Zall links in the path(total length of the path  the number of paths using the link)' ()
. the length of the link . . . . .
The ratio total length of the path 15 411 approximation of the path correlation, and the number of paths using

the link indicates the influence of this link on the path correlation (Frejinger and Bierlaire, 2007).

However, the PSW model is built for a road network. The route choice in a transit network differs
from that in a road network because the overlapping problem in a transit network is two-dimensional.

We must therefore transfer it for itinerary case.

In summary, a suitable choice model for schedule-based passenger assignments in HSR networks

should simultaneously consider the following aspects:

1) the characteristics of itineraries;

2) heterogeneity in passengers’ perceptions;
3) the itinerary overlapping problem;

4) the identical distribution assumption.

To our knowledge, no model accounts for all of the above criteria. This study therefore proposes a
mixed itinerary-size weibit (MISW) model to fill this gap. The utility function of the MISW model is
formulated according to the characteristics of itineraries, and 8 comprises random coefficients to
simulate heterogeneity in passengers’ perceptions. The itinerary-size factor is added to the utility
function to correct the effect of itinerary overlapping, and the weibit model is adopted to deal with
the identical distribution assumption.

We apply the MISW model to the train-scheduling problem for its three main contributions:
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1) It provides a way to assess train schedule plans according to passenger journey costs. For
example, if a train schedule plan has a lower passenger journey cost, passengers pay less to
complete their trips and are more likely to be satisfied with the train service.

2) It can contribute to the improvement of train schedule plans because it does not follow the
assumption of homogeneity used by the deterministic passenger assignment. Thus, the MISW
model can handle heterogeneity of passengers’ perceptions and trace probabilities of different
choices made by passengers. We can consider more aspects of passenger choice behaviors
and a more precise passenger loading pattern will provide better guidance for train scheduling.
For instance, priority of scheduling should be given to trains that carry more passengers, and
the MISW model helps to identify these trains by simulating passenger loadings.

3) It enriches passenger-itinerary choices by finding several itineraries, rather than only one, to
be improved. For example, if only one itinerary has been improved in the planning stage,
when this itinerary cannot be used due to a system failure (such as a landslide or signal
control incident), passengers may need to make several transfers with a long waiting time.
Even worse, if there is no other possible itinerary, passengers can only wait for restored
service or cancel their trips. However, if several possible itineraries are considered in the
planning stage, passengers can use the other improved choices to continue their trip and enjoy
the benefits of the improvement.

1.1.2. Passenger-oriented train-scheduling models

Several previous studies of train scheduling have been carried out. We refer interested readers to four
recent surveys: Harrod (2012), Cacchiani and Toth (2012), Parbo et al. (2016), and Lusby et al.
(2018). In this section, we focus on passenger-oriented train-scheduling models by discussing their
development and solution methods. Based on this discussion, we identify research gaps in the
literature, which require new studies, and justify our solution method.

1.1.2.1. Development of passenger-oriented train-scheduling models

Recently, train-scheduling models have begun to consider more aspects of passenger behavior. We
denote such models “passenger-oriented” models, in light of the fact that the schedule is designed to
minimize passengers’ cost for their trips, so that passengers can enjoy a better train-travel experience.
In this study, cost is considered in terms of journey time and fare, where the journey time comprises
in-vehicle time (IVT), wait time, walking time for transfer, and travel time between stations and

passengers’ origin/destination.

Passenger-oriented scheduling can reduce passengers’ cost. For instance, Talebian and Zou (2015)
have focused on shortening passenger wait-time at stations, and smoothing transfer has also been
addressed in the work of BeSinovi¢ et al. (2016), Kang and Meng (2017), and Kang et al. (2019b).
However, the track allocation at stations for passenger transfers is rarely used in passenger-oriented
train timetabling, although trains can be arranged to share the same platform to facilitate transfers
between them. In addition, the track allocation at stations reflects the station-capacity problem (Kang
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et al., 2012; Wu et al., 2013; Dollevoet et al., 2017; Kang et al., 2019a), although it is completely
ignored in macroscopic timetabling: for instance, Sparing and Goverde (2017) assumed the track
allocation to be preassigned. In this study, the track allocation at stations is considered primarily to
improve passenger transfers.

To reduce passengers’ cost, a suitable passenger assignment is required to precisely simulate
passenger behavior. However, previous passenger-oriented train-scheduling studies (Liebchen and
Mohring, 2002; Vansteenwegen and Oudheusden, 2006; Wong et al., 2008; Niu and Zhou, 2013;
Barrena et al., 2014; Canca et al., 2014; Niu et al., 2015; Kang et al., 2015) largely ignored passenger
assignment because of its complexity. Later, with advancements in computer power, some studies
used deterministic passenger-assignment models (Schmidt and Schébel, 2015; Gattermann et al.,
2016; Sels et al., 2016; Robenek et al., 2016; Borndorfer et al., 2017; Corman et al., 2017; Schobel,
2017). The foundation of deterministic passenger-assignment models is the assumption that
passengers make ideal decisions related to itinerary choices—that is, passengers are assumed to be
homogenous and rational individuals who make the same perfect decisions, which is clearly
unrealistic. The stochastic assignment of passengers can address these unrealistic assumptions by
simulation of passenger-itinerary choices. Robenek et al. (2018) considered a stochastic passenger-
assignment model using the logit model. As documented, the logit model has shortcomings caused
by the IID assumption and fails to include heterogeneity in passengers’ perceptions. Hence, a new
itinerary-choice model is needed for passenger-oriented train scheduling to overcome the
shortcomings of the present deterministic and stochastic passenger-assignment models.

As stated in Section 1.1.1, the MISW model proposed in this study can relax the [ID assumption and
consider heterogeneity in passengers’ perceptions. Thus, this study applies the MISW model to the
passenger-oriented train-scheduling problem to provide more accurate assessment and guidance for
adjustment of train-schedule plans.

1.1.2.2. Solution methods of passenger-oriented train-scheduling models

Some previous passenger-oriented train-scheduling studies (Schmidt and Schébel, 2015; Gattermann
et al., 2016; Robenek et al., 2016) treated the entire problem as an integer linear problem (ILP) with
the use of commercial software or by relaxing some constraints. However, the computational
efficiency of this approach is questionable when dealing with large problems. To reduce the
computation complexity for practical reasons, other researchers (Siebert, 2011; Sels et al., 2011; Sels
et al., 2016; Borndorfer et al., 2017; Schobel, 2017) divided the problem into two subproblems: train
scheduling and passenger assignment. For example, Sels et al. (2011) suggested an iterative method
with two steps: reflowing and retiming. Reflowing determines the number of passengers on trains,
whereas retiming generates a timetable. Two steps are then connected via an iterative process. These
researchers demonstrated the workability of the iterative method by applying it to their practical
problems. In addition, the convergence of the iterative method has been analyzed from a theoretical
perspective (Schobel, 2017). We prefer the iterative method because of its advanced computational
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efficiency and adopt this approach to solve our rather complicated passenger-oriented train-
scheduling model because it involves passenger-choice uncertainty, heterogeneity in passengers’
perceptions, and correlated itineraries.

To further enhance the calculation efficiency of our method, the decomposition approach is included
for train scheduling. Decomposition is a classical approach in which a large problem is decomposed
into smaller subproblems that are then solved separately. It has been widely adopted in transportation
research (Heydecker, 1996; Wong and Wong, 2002; Karabuk, 2009; Caimi et al., 2009; Talebian and
Zou, 2015; Sinha et al., 2016; Zhou and Teng, 2016; Guo et al., 2016) and has also been applied to
train scheduling. For instance, Ingolotti et al. (2006) introduced a meta-heuristic technique based on
a decomposition approach to obtain a timetable for a railway corridor one train at a time. These
studies have shown that the decomposition approach can be used to solve complex problems, with
efficient computational tractability. Therefore, we adopt the decomposition approach for our iterative
method.

In addition, for passenger assignment, we adopt the schedule-based route-search model developed by
Tong and Richardson (1984) to search for possible itineraries. Tong and Richardson (1984), who
performed the earliest studies on schedule-based transit assignments, suggested calculating
wait/transfer times based on the scheduled times of transit vehicles. Hence, their model can be used
to analyse the train system and passenger behaviour in a disaggregated manner, which is more
accurate than using frequency-based models. This model has been widely used and updated in recent
publications to make it more reliable for analysis of transit systems (Tong et al., 2001; Tong and
Wong, 2004; Poon et al., 2004; Khani et al., 2014; Xie et al., 2017). Thus, we use most parts of this
model and modify it to search for possible itineraries.

1.2. Objectives and contributions

This study proposes a new itinerary-choice model, the MISW model, that can handle the random part
of utilities and the heterogeneity of passengers’ perceptions. The MISW model relaxes the 11D
assumption, so it can address the overlap problem and itinerary-specific perception variance.
Therefore, the MISW model can simulate a precise passenger loading pattern, which can be used to
evaluate and improve the service quality of train scheduling. In this study, we apply the MISW
model in the train scheduling which combines train timetabling, station-track allocation, a train
cancellation plan, and stopping pattern design.

Section 2 describes the formulation of the MISW model. In Section 3, the capability of the MISW
model is analyzed. Section 4 applies the MISW model to passenger-oriented train scheduling. In
Section 5, two example networks are presented to test the application of the MISW model. A
summary is given in Section 6.



2. Model formulation

In this section, we firstly provide a list of notations and basic assumptions. Then, we introduce the

MISW model.

2.1. Notations and assumptions

2.1.1. Notation system

The used notations are as follows.

Table 1. Notations used in the model formulation.

Set Definition
A; Set of arcs itinerary i
L Set of all itineraries of OD pair r
R Set of all OD pairs
Vr Set of passenger characteristics of OD pair  with mean y, and variance
0,, Set of factors that reflects the influence of passenger characteristics of OD pair r
on cost k
Element Definition
aora Arc belonging to A;
iori Itinerary belonging to I,
r OD pair,r €R
Parameters Definition
D, Passenger demand for OD pair r
T3 Latest time of arrival at destination for OD pair r
Tde Preferred departure time of OD pair r in the origin zone
Twait Tolerance of passengers for waiting at the origin station
yk Income level of OD pair r
ytP Trip purpose of OD pair r
y'L Mean of y't
y? Mean of yF
Bk Weights for cost k
$r Location parameter of the MISW model for OD pair r
Vr Shape parameter of the MISW model for OD pair r
ol Coefficient of y'“for cost k of OD pair r
orr Coefficient of y ¥ for cost k of OD pair r
Ork Constant coefficient for cost k of OD pair r
o't Standard deviation of y'*
otP Standard deviation of y™F
Variables Definition
bS: 1, for arc a on itinerary i, else 0

wait - H
e

Number of T%3t in the origin zone for itinerary i,
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Uri Perceived travel cost of itinerary i for OD pair r

Value of cost k of itinerary i for OD pair r, and cost k includes:
k=1: journey time (IVT and access/egress time);

k=2: wait time at stations;

Xy k=3: wait time in the origin zone;

k=4: walking time;

k=5: number of transfers;

k=6: fare.

Prob,.(7) Probability of OD pair r selecting itinerary i € I,

Wi Itinerary-size factor for itinerary i

t, Time of arc a

2.1.2. Basic assumptions

According to the characteristics of our problem, we make the following assumptions:

1)

2)

3)

Passengers begin or end their journeys in a zone, the unit of geography. The zone in which a
journey begins is called the origin zone, whereas the zone in which a journey ends is called the
destination zone. Passengers with the same origin and destination zones in a period are grouped
as an origin-destination (OD) pair r € R, where R is the set of all OD pairs. The end of the period

is assumed to be the preferred departure time of T9¢. Limited by the passengers’ activities at the
destination, OD pair r has the requirement of the latest arrival time at the destination T%". The
number of passengers of OD pair r is D,. Because of the random components of utilities and
heterogeneity in passengers’ perceptions, the passenger-itinerary choice is not fixed on one
itinerary; more than one itinerary could form a set of itineraries I,.. Demand data are commonly
obtained from historical ticket data, market research data, and demand forecast data.

Several stations may be placed near origin and destination zones. Passengers can select stations
as their origin and destination station pair. This selection is considered in the itinerary choice.
Most itinerary-choice models, which are mainly used for air systems, include the following
observed attributes to calculate the probability of choosing itinerary i:

Prob,.(i) = f(Flight

time, Fare, Access/egress, Schedule time difference, Transfer, Alliance, Aircraft type).()
Studies have illuminated the development of itinerary-choice models. However, the
characteristics of airline itineraries differ from those of train itineraries, so we cannot directly
apply them to our study. For example, trains in China are operated by the same company, so the
alliance influence does not exist. In addition, the two main train types in China’s HSR run at
different speeds (250 km/h and 300 km/h) and charge different prices. Thus, the difference in
vehicle type is reflected in the IVT and fare. This study considers five observed attributes in our
itinerary-choice model, so that the probability that OD pair r chooses itinerary i is defined as

Prob,.(i) = f(Train time, Fare, Access/egress, Schedule time difference, Transfer). ()
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4)

To deal with these five observed attributes, we assume that passengers bear six kinds of
observed costs: journey time cost (IVT and access/egress time), wait cost at stations, wait cost at
the point of origin, walking cost, transfer penalty cost, and fare cost. The IVT and access/egress
time contribute to the journey time cost, and we assume that passengers hold the same
perceptions about them. The difference between the ideal departure time and the actual departure
time is the main concern for passengers, so the schedule time difference is reflected by the wait
cost at the origin. The wait cost at the origin includes two parts: the wait cost in the origin zone
and the wait cost at origin stations, because passengers tend to delay their arrival time at origin
stations if the wait time at origin stations is too long. The wait costs in the origin zone are

considered for the following reasons.

a) Passengers tend to enjoy their time in zones more than at stations because they can engage
in useful activities in zones;

b) This division simulates departure time choices of passengers.

We assume that the wait time in the origin zone is a multiple of TV and that the wait time at the
origin station is shorter than TW3lt, TWalt is the longest time that passengers are willing to wait at
an origin station. The wait time in the origin zone is set as a multiple of TW3' because of the
passengers’ departure tendency. If passengers wish to delay their departure, they are likely to
wait for a multiple of a certain time interval, like 15 min or 30 min. This assumption can be
easily relaxed if necessary. For itinerary i, the wait time in the origin zone is equal to TW3it x
tWait-H where t"2it~H js an integer variable. Hence, the departure time from the origin zone is

d it it-H
T re 4 Twait » twali ]

Transfer is separated into three kinds of costs: wait cost at stations, walking cost, and an extra
transfer penalty cost. The first two costs are for the extra journey time spent on transfers, whereas
the last cost represents the inconvenience of transfers. Ticket prices, additive or nonadditive,
must be transformed into a time unit so that all costs use the same unit (min).

The cost of itinerary i for OD pair r, u,;, is the weighted sum of these costs, and it is weighted

according to passengers’ perceptions:
— k. k
Uy = Zkﬂrxria ()
where B¥ is the weight coefficient of the respective cost xJ.

Passengers may enjoy some parts of a journey more than others. For example, wait time at

stations is usually considered to be annoying. ,8’; is determined by passenger characteristics, such

as income and trip purpose. We assume that

BE= g0 ¥y, 0
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where y, is a set of passenger characteristics, and 6, is a set of factors that reflects the influence

of passenger characteristics of OD pair r on cost k. In this study, we assume that function () is a
linear function and that the weight of the cost k is

ﬁ = HTI”LYr + QIIEYTTP + erka ()

where y'! is the income level of OD pair r, y'¥ is the trip purpose of OD pair 7, and 0)%, 67F, and

0, are coefficients.

Income level and trip purpose are usually the main attributes that influence passenger perceptions
of trips. For example, passengers with high income or those who travel for business tend to
weigh time as more important and fare cost as less critical. We therefore select these two

passenger characteristics to reflect weight 8X. To show heterogeneity of passengers’ perceptions,
yITL and y'F are assumed to independently follow a normal distribution: y't~ N(y'! (O’IL) ) and
PN (y (O’TP) ). Hence, B¥ also follows a normal distribution:
2 2
BE~N(Orky'y + 075y + 01 (B10')” + (0740 ). 0
All these variables can be calibrated with passenger data if they are available.

5) The train capacity is assumed to be sufficient for passengers, so passengers can always take their
most-preferred itinerary. In this paper, we study a planning-stage problem and focus on typical
daily operations rather than train operations during festivals (such as the Spring Festival in
China). Hence, passenger demand is not very high. If there are many passengers on a train, we
can consider arranging for a larger vehicle with more seats and carriages, such as a vehicle with

16 cars rather than 8. We can also regroup passenger demand to redistribute passengers. This

approach is explained in detail in Section 5.1.1c.

2.2. Mixed itinerary-size weibit model

In this section, we develop the MISW model as the itinerary-choice model to assign passengers in

schedule-based railway networks.

The probability of OD pair r selecting itinerary i € I,., Prob,(i), can be formulated as follows:

Prob,(i) = J/Prob(ily, = y) x Prob(y, = y)dy, 0

where y, = y is an event that means that passenger perception y,. is reflected by y; Prob(i| y, = 51) is
a conditional probability of choosing itinerary i when the event has already occurred, and Prob
(yr y) is the probability of the event occurring. Multiplication of Prob(l|yr y) and Prob

(y, =) gives the probability that itinerary i is chosen and the event occurs. y is continual, and

using integration to sum up all values of y can give the expected probability of choosing itinerary i.

It is easy to calculate Prob(y, = y) from the distribution of y,, but Prob(i|y, = y) is difficult to

obtain because it is a joint probability related to a complex railway network. Here, we suggest the

11
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itinerary-size weibit (ISW) model, which follows the closed form of the PSW model (Kitthamkesorn
and Chen, 2013), but the adjusted factor w; is changed to suit the itinerary case:

wi(uri - fr) e

Prob(ily,=y) = )
( |y1" y) Zi' . Ir(‘)i'(un" _ gr) Yr ()
where &, is the location parameter (&, € [0,u,,)),
¥, 1s the shape parameter (y, € (0,00)), and
w; 1s defined as
tq 1
(Ui = ZaEAiEa'EA.*aVZi'EI b[?i" ()

where 1, is the time of arc a (a € A;, A; is the set of arcs of itinerary i) and b3, is equal to 1 for arc a
Iq

on itinerary i and 0 otherwise. Here, w; is the itinerary-size factor for itinerary i. The ratio S is

a€A;
an approximation of the itinerary correlation, and Zl.~ el bY indicates the impact of arc a on the

itinerary correlation.

We put formulation () back into formulation () and then have

2 2
o'lk-yh o -3"h
-, - 2 - 2
wi(uri - Er) r 1 2 x (o1l 1 2x (aTh)
N — 5 - IL 3., TP
PI'Obr(l) = ff o _eru " P 2€ " dy T d}’ r- ()
Zi' € 'rwi (url‘ - fr) 2n(oy) 2n(or1)

Here we include heterogeneous perception variance among passengers by considering the variance of
B¥. Thus, the whole itinerary-choice model is actually a mixed itinerary-size weibit (MISW) model.

3. Model analysis

Three analyses are presented in this section to highlight the superiority of the MISW model from
three aspects, handling the itinerary-specific perception variance, solving the itinerary overlapping
problem, and considering the heterogeneous perceptions variance among passengers.

3.1. Analysis 1: The itinerary-specific perception variance

To illustrate how the MISW model addresses the itinerary-specific perception variance, a two-
itinerary example is presented in Figure 2 with networks borrowed from Kitthamkesorn and Chen
(2013) to model the railway system. To focus on the itinerary-specific perception variance, the

variance of X is assumed to be zero in this analysis.
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Figure 2. Two-itinerary networks.

The itineraries in the short network and the long network do not overlap, so w; = 1. The left one is a
short network, as the itinerary costs are 5 and 10 min. The right one is a long network with two larger
itinerary costs (120 and 125 min). In both networks, the difference between the two itineraries is 5
min, but the cost of the later itinerary in the short network is twice as large as the earlier one,
whereas it is around 4.17% larger in the long network. The likelihood of choosing the earlier
itinerary should differ between these two networks; however, the logit model gives the same
probability of 0.993. In contrast, the MISW model gives different probabilities (Figure 3). The
probability of choosing the earlier itinerary in the short network is larger than that in the long
network. The relative cost difference is used to accommodate the influence of the overall trip length
(Kitthamkesorn and Chen, 2013). This example shows that the logit model treats these two cases in
the same way, although trips in these two cases have very different relative lengths.

Furthermore, as the sensitivity test in Figure 3 shows, a larger &, or y, results in a higher probability

of choosing the earlier itinerary, meaning that passengers are more homogenous and more likely to
choose the same itinerary which has the lower cost. This trend is more obvious in the short network.

1.000 0.540
0.980 6 =3 0.538
0.960 0.536
0.940 0.534
%‘0.920 o £ 0532
£ 0.900 r § 0.530
S 0.880 £ 0528
0.860 0.526
0.840 0.524
0.820 0522
0.800 0.520

2 25 3 35 4 2 25 3 35 4

Shape parameter Vr Shape parameter ¥r

a) The short network b) The long network

Figure 3. Probabilities of choosing the earlier itinerary in different networks.

In summary, the logit model fails to identify this route-specific perception variance because it
considers only the absolute cost difference, whereas the MISW model identifies this variance
because it also considers the relative cost difference.
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3.2. Analysis 2: The itinerary overlapping problem

To demonstrate how the MISW model resolves the itinerary overlapping problem, a three-itinerary
example is given. This example network is also borrowed from Kitthamkesorn and Chen (2013) to
model the railway system shown in Figure 4. There are three itineraries from Station I to Station III,
and the first two overlap in IA4. To simplify the example, only IVT is included in the itinerary cost.
The itinerary costs for these three itineraries are the same: 100 min. Without loss of generality, we
follow the assumption of Kitthamkesorn and Chen (2013) that all itineraries have the same variation
of 0.3 and &, = 0. According to the formula given by Kitthamkesorn and Chen (2013), y, = 3.7.

Also, the variance of ¥ is assumed to be zero for the focus of this analysis. Various values are used

for the overlapping part to demonstrate how the itinerary choice probabilities change.

'y
Time ° ® Temporal-spatial node (TSN)
° Access arc (AA)
® In-vehicle arc (1A)
e » Transfer arc (TA)
- Three itineraries from Station I to Station III
o -~ 1 [ AAISIAISTAI—IA4
Ll M 2 | AA2IA2—IA3—1A4
AA3—-IAS
e
I I m v Sta;ion

Figure 4. Three-itinerary network.

The test results are given in Figure 5.

0.550
0.500
Prob(3) by MISW
0.450
=
= 0.400
=
2 0.350
aW oo eibi
0.300 ogit or weibit
0.250 —
Prob(1) or Prob(2) by MISW
0.200
0 20 40 60 80 100

Overlapping part (min)
Figure 5. Probabilities of choosing itineraries.

The logit model provides the same probability for each itinerary when their itinerary costs are the
same. The same result is given by the logit model regardless of how the overlapping part changes.
The same result is also generated by the weibit model because both models assume that itineraries
are independent; however, this may not be how passengers consider overlapping itineraries. In the
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extreme case, the overlapping part is infinitely close to the whole itinerary (i.e., 100 min). The first
two itineraries would be regarded as one itinerary; that is, passengers would consider two itineraries
with the same itinerary cost in the network. This extreme case indicates that this correlation will
decrease the probability of choosing overlapping itineraries. Thus, the probability of choosing
Itinerary 3 should be 0.500 rather than 0.333. In contrast, the MISW model can resolve this problem
because of its itinerary-size factor. When the overlapping part is zero, the MISW model obtains the
same result as the logit model and the weibit model. When the overlapping part increases, the MISW
model shows that the probability of passengers choosing Itinerary 3 (Prob(3)) increases. The
probability of choosing Itinerary 1 (Prob(1)) is the same as that of choosing Itinerary 2 (Prob(2))
because their IVTs and itinerary-size factors are the same. In the extreme case (i.e., when the
overlapping part is 100 min), the MISW model determines that the probability of choosing Itinerary
3 is 0.500 and that the probability of choosing either Itinerary 1 or Itinerary 2 is 0.500 (Prob(1) +
Prob(2) = 0.250 + 0.250 = 0.500). This example shows that adopting the itinerary-size factor to relax
the independent assumption in the MISW model enables the model to consider the overlapping
problem, whereas the logit and weibit model cannot do so because they assume that itineraries are
independent.

3.3. Analysis 3: The heterogeneous perception variance among passengers

The three-itinerary example presented in Section 3.2 is used to show how heterogeneous perception
variance among passengers affects choice probabilities. To simplify the example, only IVT and fare
are included in the itinerary cost. The overlapping part of the first two itineraries is 60 min. We set
the fares for these three itineraries as 50 yuan, 50 yuan, and 80 yuan. The coefficient for fares is 2
min/yuan. The mean of the coefficient for IVT is 1, and its variance ranges from 0 to 0.2. The
probability of choosing Itinerary 1 is the same as that of choosing Itinerary 2 because their fares,
IVTs, and itinerary-size factors are the same. The probabilities are shown in Figure 6.

0.400 0.215

Probability
Probability

0.395 0.210

0.390 0.205
0 0.05 0.10 0.15 0.20 0 0.05 0.10 0.15 0.20

Variance of the coefficient for IVT Variance of the coefficient for IVT

MISW ISwW

a) Probabilities of choosing Itinerary 1 or

probabilities of choosing Itinerary 2 b) Probabilities of choosing Itinerary 3

Figure 6. Probabilities of choosing itineraries with the variance of the coefficient for IVT.

15



O 0 9 N D B W N~

—_
—_ O

12

13
14
15
16
17
18

19
20

21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36

When the variance of the coefficient for IVT is zero, the MISW model gives the same choice
probabilities as the ISW model. However, when the variance changes, the MISW model gives
different choice probabilities that reflect passengers’ valuation of IVT, whereas the ISW model gives
the same result regardless of how the variance of the coefficient for IVT changes. When the variance
increases, passengers value IVT very differently: more passengers may be insensitive to IVT, and
fares become a more important influence factor; hence, they are more likely to choose low-fare
itineraries. As shown in Figure 6, the MISW model gives a lower choice probability for the high-fare
itinerary (Itinerary 3) to reflect the increasing variance. This trend indicates that the MISW model
can capture the heterogeneous perception variance among passengers by including random
parameters, whereas the ISW model cannot do so because it assumes that the variance of parameters

1S Zero.

4. The application in train scheduling

In this study, a schedule plan details the number of scheduled trains, departure and arrival times,
stopping pattern, and station-track allocation of trains in a railway network. In this section, we
integrate the MISW model with train scheduling. The integrated model is called as the passenger-
oriented train-scheduling model. This study attempts to improve the train service by reducing
passenger trip costs, and the objective of this train-scheduling model is to minimize the total itinerary

cost C? for passengers. This train-scheduling model can be described as follows:
min C P,
st.Pand S,

where IP is the set of passenger-itinerary choice constraints based on the MISW model to determine
which itineraries are chosen and how likely the choices are to be made, and S is the set of train-
scheduling constraints in consideration of the safety headway, running time, dwell time, station
capacity, whether a train is scheduled, and which station should be skipped. S is built based on the
pre-known line plan. 4 line is a set of trains with the same passing stations, minimum running time,
dwell time, and operating time-window. A line plan of line [ includes passing stations, maximum
number of trains, the earliest departure time at origin terminals, the latest arrival time at destination
terminals, minimum dwell time, and minimum running time between stations. The information about
which station a train stops at or passes through is not given. Trains on the same line may have
different stopping patterns. For example, trains n and n' belong to the same line. Train n may stop at
station s, whereas train n' may pass station s without stopping because passengers on train n' do not
board or alight there. Besides, it is possible that some trains will not be arranged in the final
timetable. Our train-scheduling model determines how many trains are operated according to
passenger needs. If train n in the given line plan is used by a negligible number of passengers, it will
be canceled. Furthermore, the given line plans already consider the operating budget, so that a direct
train for each OD pair may not be possible. In summary, we assume that the line plan is given.
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However, we consider modifying the given line plan by cancelling trains or setting some trains to
skip some stations based on the passengers’ need, which is called line planning in the study.

To reduce the computational complexity, we transform the passenger-oriented train-scheduling
model into a simultaneous optimization model that handles two optimization problems
simultaneously, as follows (Equations () and ()):

Passenger-oriented schedule-plan generation: § = Q(I); 0
Schedule-based stochastic passenger assignment: I = G(S). 0

The first optimization problem (Equation ()) is used to generate the most convenient schedule plan §
via model Q, based on the input information about passenger assignment I. The second optimization
problem (Equation ()) uses the model G to find the passenger assignments I that are most likely to be
generated if the schedule plan § is used. These two problems can be regarded as a fixed-point

problem, as follows:

5 =Q(G(S)). 0

The solution of the fixed-point problem may not be globally optimal because it may become trapped
in a local optimum. However, it is an acceptable strategy to reduce the complexity of the whole
problem and thus find one of the good, consistent, locally optimal solutions for practical use when it
is very difficult to obtain the global optimum for the problem.

An iterative method is provided to solve the fixed-point problem, because iterations are a means by
which a solution path can be used with a higher chance of identifying a reasonable, feasible solution
that is likely to improve the performance of the railway system. The flow chart of this method is
shown in Figure 7 and the output of each step is marked in green.
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Figure 7. Flow chart of iterative method.

As the flow chart shows, the iterative method can capture the interactions between a schedule plan
and passenger-itinerary choices. First, we run the initial schedule-plan generation (ISPG) to find the
initial schedule plan (details of the ISPG are presented in Section 4.1). The line plan of the ISPG
assumes that all trains are used and that each train stops at every station on its route. The ISPG only
needs to confirm arrival and departure times and a station-track allocation.

The schedule plan is then adjusted via two iterative processes. In both iterative processes, the
schedule-based stochastic passenger assignment (SSPA) indicates the direction of the adjustment of
the schedule plan, whereas the SSPA assign passengers according to the schedule plan outputted by
the schedule-plan generation (SPG) (the details of the SSPA and SPG will be introduced in Sections
4.2 and 4.3, respectively). The difference between these two iterative processes is whether the SPG
considers line planning (i.e., canceling trains and setting some trains to skip some stations). In the
iterative process without line planning, the line plan is fixed following the assumption of the ISPG,
whereas the iterative process with line planning can change the line plan by canceling the unused
trains and allowing trains to skip unused stations in the SPG. The improvement of the line plan can
provide more time and space for scheduling and lower operating costs. For example, if a train is set
to skip some stations, the running time of this train can be shortened so other trains may be arranged
to use the station time slot to which it was originally allocated. Operating costs are also lowered by
the fact that a train does not expend energy decelerating into and accelerating out of a station that it
skips.
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The criterion for stopping any one of these two iterative processes is the gap allowance between two
successive calculated total passenger itinerary costs or a limited number of SPGs. After the criterion
is met, the iterative process without line planning outputs a feasible schedule plan and passenger
assignment to the iterative process with line planning for further adjustment, with the possibility of
the line plan being adjusted. When the iterative process with line planning ends, the final schedule
plan and passenger assignments are obtained.

The iterative method reduces the complexity of the original problem to improve the computation
efficiency, but at the expense of optimality, as the iterative method tends to find a local optimum
rather than a global optimum. The initial schedule plan, as the starting point, critically affects which
local optimum is found, because the passenger assignment, i.¢., the basis for guiding improvement, is
generated based on the previous schedule plan. To moderate this weakness, we suggest generating
multiple initial schedule plans to facilitate the finding of a good solution. A test in Section 5.1.2¢ is
given to demonstrate the workability of this suggestion.

The following parts of this section detail the ISPG, SPG, and SSPA.

4.1. Initial schedule-plan generation

The aim of the ISPG is to find a feasible starting point for adjustment. The ISPG assumes that all
trains are used and stop at every station on their routes, and that at least one feasible schedule plan
exists. There is usually more than one feasible solution, and finding a good starting point helps to
achieve a high-quality final result. In this study, we recommend two kinds of objective function F':

1) Minimize the total train running time

FI = Zn € T(tn?‘f - tn]s)t,})a ()

where tD, is the departure time of train n at station s, t}, is the arrival time of train n at
station s, s'! is the original terminal of train n, s? is the destination terminal of train n, and T

is the set for all trains. This objective function has an obvious advantage in that it tries to
reduce the IVT.
2) Minimize the schedule difference

FI:B+XZ Z

+ —
nerT rERAtYWXDT_i_B XX

ne Tzr € RAtrzr X Dy. 0

The first part is the total positive schedule difference of all OD pairs, whereas the second part
is the total negative schedule difference. At,}. is the schedule difference of OD pair r

associated with train n when the scheduled time is later than the ideal time, f is the

associated penalty, At,, is the schedule difference when the scheduled time is earlier than the
ideal time, and B~ is the associated penalty. At,. and At are obtained by the following

formula:

tnstt = tuy — At + Aty = 0, 0
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Ath >0, 0
At,, =0, 0

where t,). is the ideal departure time of train n at the original terminal s% for OD pair r € R.
Constraint () connects the time differences (At,:. and At,,) with the scheduled and ideal

times of train n. Constraints () and () ensure that At,!. and At are non-negative.

The strength of the second objective function is that it offers a standard for planning the
initial schedule plan. However, it requires extra effort to obtain the ideal time. Here, we
provide an approach for determination of the ideal time. We first build up a network (see
Figure 8) in which nodes represent stations and links are for trains.

Time o Line 1

parr | ,,3 ,,,,, _,: Train 1
Train 2
té . Train 3
Line 2
Train 4

t5/ TS

Train 5

[

I I 111 Station

Figure 8. An example of finding the ideal departure time.
Each link has an operating time-window [T95P,T2"] within which trains are allowed to run,
where TP is the earliest time of departure from origin terminal for line [ and T?J" is the latest
time of arrival at destination terminal for line [. For example, the operating time-window of
Line 1 is [T9%P,T%"], and it contains three trains. We assume that the three trains are evenly
distributed. Hence, the operating time-window is divided into three parts indicated by various
shades of blue. Each train is allowed to run in its respective operating time-window.
Dijkstra’s algorithm is then used to determine the shortest itinerary for each OD pair and
deduce the ideal times. An example marked in black is shown in Figure 8. The preferred
departure time T9¢ is within the operating time-window of Train 2, so passengers take Train 2
to leave Station I and arrive at Station II. We assume that the transfer time equals the
maximum walking time for a transfer at stations. In this example, passengers can only
transfer to Train 5 because their arrival time is outside the operating time-window of Train 4.

Hence, the ideal time associated with Train 2 is t5, = T9¢, and that associated with Train 5 is

I
to,.

In this study, we mainly use the second objective function for the ISPG because a better starting
point can be found with some guidelines. The constraints include departure/arrival time constraints,
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headway constraints, station-track assignment constraints, dwell time constraints, and running time
constraints. They are given in Appendix A.1.

Directly solving the ISPG for a practical network is time-consuming. Hence, we develop a heuristic
based on the decomposition approach. The core idea of this approach is to create a schedule plan for
the lines one-by-one. That is, after a feasible schedule plan is created for all lines, we improve it one
line at a time: i.e., when the timetable of a line is being created, variables and constraints related to
other lines are fixed, such that we improve the first line while the timetables of the other lines are
fixed. Then we repeat the process for the second line, the third line, ..., and the last line. The
improvement that runs from the first line to the last line is called a completed adjustment. Several
adjustments are made, and either a better schedule plan or an unimproved schedule plan is obtained
after each adjustment. If the objective difference between two successive adjustments falls within the
gap allowance, the heuristic stops, and the local optimum of the ISPG is found.

4.2. Schedule-plan generation

The SPG aims to reduce the total itinerary cost within the train-scheduling constraints. The SPG is
formulated as follows:

min FR=Y ¥

e R € IrProbr(i) X Dy X Uy,

s.t. Eq. (), S, and IP,

where S includes the formulas stated in Appendix A.l and the set of itinerary constraints P
introduced in Appendix A.2 is built based on the previous SSPA. Passenger itinerary routing and
passenger flow on them are given by the previous SSPA and acted as the input to the SPG. The
itinerary cost u,; is calculated by Eq. (), where the number of transfers, access/egress time, and fare
are provided by the previous SSPA, whereas the IVT, wait time, and walking time are affected by the
new schedule plan and determined by the respective equations included in PP.

We first order the lines in descending order based on the number of passengers assigned to each, and
we then adopt a heuristic based on the decomposition approach (introduced in Section 4.1) to
enhance computational efficiency. In the first iteration, a feasible schedule plan is generated by the
ISPG, whereas in another iteration, a feasible schedule plan is given by the previous SPG. Therefore,
the heuristic is used to improve the schedule plan to meet the objective. Similarly, the heuristic is
used to perform several adjustments until the objective difference between two successive
adjustments falls within the gap allowance, and each adjustment improves the schedule plan for each

line, separately.

4.3. Schedule-based stochastic passenger assignment

In this section, we focus on the SSPA. First, we introduce the itinerary-search approach for the
generation of itineraries for the SSPA. The approach consists of four stages, with Stages 2 and 3
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representing techniques suggested by Tong and Richardson (1984) for downsizing a network to

accelerate an itinerary search. The approach is described as follows.

1)

2)

3)

4)

Stage 1: Study network construction.

A network is built to enumerate itineraries for OD pair r. In this network, nodes represent
stations or zones, while links connecting nodes include train links between stations, walking links
between platforms, and zone links between a zone and a station.

Stage 2: Forward pass of quickest itinerary.

The quickest itineraries from an origin node to other nodes in the network are determined by
Dijkstra’s algorithm. The arrival time at a node via the quickest itinerary is the earliest arrival
time from the origin node to this node. Passengers cannot board trains departing earlier than the
earliest arrival time at this node; hence these trains can be ignored during the enumeration search
and the earliest arrival time is set as the lower boundary of the feasible time-window at this node.

Stage 3: Backward pass of quickest itinerary.

A reversed network is built, in which all links are reversed in direction and the timetables of
trains are also reversed. The departure time of a train in the reversed network is equal to M minus
the original departure time, where M is a sufficiently large number. As OD pair r is limited by
the passengers’ activities at the destination, it has the requirement of the latest arrival time at the
destination T9". If OD pair r has no such requirement, T9' is the arrival time of the last train at the
destination station.

T3" is transformed to be the departure time from the destination in the reversed network, and the
quickest itineraries from a destination node to other nodes are determined by Dijkstra’s algorithm.
The arrival time at a node via the quickest itinerary is transformed to be the normal time, which
is set as the latest departure time from this node to the destination node. Passengers cannot board
trains departing later than the latest departure time at this node; hence these trains can be ignored
during the enumeration search and the latest departure time is set as the upper boundary of the
feasible time window at this node.

Stage 4: Itinerary enumeration.

If the earliest arrival time at a node is later than the latest departure time from a node, this node
will not be used by passengers. Thus, such a node can be deleted from the network. After
deleting all unused nodes, itinerary enumeration is performed within the feasible time-windows.

If no feasible itinerary for OD pair r is found, a penalty (u,) is added to the total itinerary cost

and the passengers of OD pair r will not be assigned.

After the itineraries are determined, the MISW model is used to assign passengers. The number of

assigned passengers on itinerary i equals Prob,(i) X D,. This number acts as a weight coefficient in

the objective function that minimizes the passenger cost, thus influencing the priority of scheduling

trains during the SPG. If this number is too small, itinerary i is unlikely to be used by passengers,

and therefore it is unnecessary to adjust timetables for such low demands. A criterion, the minimum

passenger volume on an itinerary, is set to handle this. If the passenger volume on itinerary i is less
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than the minimum-flow criterion, the SPG and line planning will not consider itinerary i. As we do
not set constraints to suit such low demands, itinerary i may no longer exist in the optimized

timetable. In this case, the next SSPA will not assign any passengers to itinerary i.

Alternatively, itinerary i may still be available but will become an itinerary with a longer travel time.
If this is the case, then the next SSPA will assign even fewer passengers to this itinerary;
consequently, after a few iterations, this itinerary will be naturally eliminated when the solution
converges. If the travel time of this itinerary decreases while the timetable is optimized for other OD
demands, there will be a few passengers who will take advantage of this timetable to travel to their
destination. In the converged solution, there will be an equilibrium between the SSPA and SGP. The
minimum-flow criterion value can be determined by operators, and in the examples of this study, the
minimum-flow criterion value is one passenger.

5. Numerical examples

We test the train-scheduling model using the MISW model in a small network (Section 5.1) and a
practical network (Section 5.2). The programming language used is C#, and the computation for the
examples described below is performed on a personal computer (PC) with a 3.60 GHz 17-4790U
central processing unit, eight cores, and 16 GB RAM. The PC runs Windows 7 Enterprise and has a
64-bit operating system. CPLEX Studio 12.7 is used to tackle scheduling problems in the examples.

5.1. Small example

We set up a loop network (Figure 9) to analyze the model and solution method.

1

Link Minimum running time (iin)
30
20
18
15

20
25
20
25
60

7

Station: O Link:

Zone: Zone link:

L I I = S I R S

Figure 9. Abstracted-loop network for the small example.

The detailed setting of this example is listed in Appendix B. The iterative method ends after 24.78 s
when it experiences one ISPG and five SPGs to reach the convergence. The total passenger itinerary
cost of this example decreases from 15,148.91 min to 14,132.66 min. We provide a schedule plan of
the final SPG, SPG (5), in Appendix C. The passenger assignments based on the schedule plans of
the ISPG, SPG (1), and SPG (5) are presented in Table 2.

Table 2. Passenger assignments based on the schedule plans of the ISPG, SPG (1), and SPG (5).

oD Itinerary Volume Itinerary | IVT Wait Wait time | Walking Fare
(Trains) | (passengers) | cost(min) | (min) | timein | at stations time (yuan)
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zones (min) (min)
(min)

9 19.949 35.50 20 - - - 10

4 0.045 190.45 20 180 10 - 9
10 0.004 364.50 175 15 - - 115
2—10 0.003 368.05 45 30 110 5 31
1 14.186 80.00 30 - - - 25
ISPG 9 4.705 108.00 37 30 - - 16
2 1.082 161.00 30 60 2 - 25
10 0.027 434.50 158 45 - - 109

9 16.610 238.80 99 30 - - 61
10 25.426 249.00 96 45 - - 60
1-9 7.965 289.20 90 - 39 - 70
9 19.967 33.50 18 - - - 10

4 0.033 190.45 20 180 10 - 9

1 8.481 80.00 30 - - - 25

2 6.474 86.00 30 - 4 - 25

9 2.746 106.00 35 30 - - 16
3—9 2.273 112.00 35 - 30 - 15

SPG (1)

10 0.025 385.00 158 - 6 - 109
10 23.473 214.80 96 - 6 - 60

9 9.643 236.80 97 30 - - 61
359 6.466 262.00 97 - 30 - 60
1—9 5.243 285.60 90 - 37 - 70
2—9 5.175 286.60 90 - 32 5 70
9 20.000 33.50 18 - - - 10

1 8.570 80.00 30 - - - 25

2 6.678 86.00 30 - 4 - 25
3—9 2.391 105.50 42 15 8 - 15
SPG (5) 9 2.362 106.00 35 30 - - 16
10 23.893 208.80 90 - 6 - 60

9 8.835 236.80 97 30 - - 61
3—9 7.728 244.40 104 15 8 - 60
1-9 4.803 285.60 90 - 37 - 70
2—9 4.741 286.60 90 - 32 5 70

Section 5.1.1 investigates the capability of our model, while Section 5.1.2 discusses the workability
of the proposed solution method.

5.1.1. Model analysis
a). Passenger service improvement

Although fares and IVT are a major part of the total itinerary cost, most [IVTs cannot be reduced
because of the maximum train speed limit, and fares are fixed. The ticket prices of trains given by the
railway companies are preset, and the fare of an itinerary is calculated according to the ticket prices
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of the trains used. Because the previously generated itineraries still use these trains to reach these
stations, the fares for them do not change. Hence, the change in the total itinerary cost is mainly
caused by the reductions in wait time and transfer time. Compared with the total value, this kind of
reduction does not seem significant even though wait time at origin stations and transfer time
decrease substantially. For example, the wait time at the origin station of OD pair 2’s itinerary which
uses Train 2 and the transfer time of OD pair 3’s itinerary (Train 3—Train 9) are reduced by 93.55%
and 60.00%, respectively. In SPG (5), the line planning has been considered. Five trains are
sufficient to support the passengers’ needs, and two of these skip some stations because no itineraries
used by more than one passenger require them. This schedule reduces operating costs and benefits
passengers by shifting the train schedule to a better time slot to reduce travel time. For example, OD
pair 3 using Train 10 have a 6-min reduction in IVT because Train 10 skips Stations IV, V, and VI.

Moreover, in SPG (5), two of the OD pairs have more than one itinerary. The availability of
alternative itineraries provides more options to passengers. For example, the passengers in OD pair 2
have four possible itineraries. If Link 1 is blocked and Trains 1 and 2 are canceled, passengers can
still use the other itineraries (that do not include Trains 1 and 2) to reach their destination. However,
if only the itinerary with the lowest cost (i.e., directing use Train 1) is considered in train scheduling,
passengers may suffer a long wait time rather than 23 or 30 min because the other itineraries are not
considered when improving the train schedule plan.

b). Distributions of passenger flow on train

The MISW model calculates the probabilities of itinerary choices and assign passengers on trains.
We select Train 9 as an example to show the distributions of passenger flow for the ISPG and SPG
(5) (Figure 10). Because passengers with different OD pairs board and alight at different stations
along the route of Train 9, the passenger flow varies during the operating period. The origin and
destination terminal of a train is assumed to be fixed in this study; hence Train 9 runs on Links 5-8
even though it includes no passengers on these links. This indicates a resource waste that should be
examined in future work. Also, due to the difference between the initial schedule plan and the final
schedule plan, the itinerary cost changes and causes a change in the passenger flow from each OD
pair. For instance, a decrease appears on Link 3, because more itineraries become feasible after some
iterations, like OD pair 2’s itinerary (Train 3—Train 9), and it is possible that some passengers will
turn to select these newly-found itineraries.
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Figure 10. Distributions of passenger flow on Train 9 for the ISPG and SPG (5).

¢). Train operation analysis

First, we analyze the track allocation. If a station has sufficient tracks, it can contain all trains that
need to use the station at the same time. However, stations may not always have sufficient tracks. For
example, a station with two tracks may need to serve three trains travelling in the same direction at
the same time. This is an impossible task, thus one of these trains has to wait outside the station or be
rescheduled to arrive at a later time, meaning that the serving time of these trains becomes longer.
Similarly, Station I has two tracks. In the initial schedule plan, Trains 1 and 2 depart at 8:00 and 8:04,
respectively at Station I and they stop at different tracks for a while (for instance, 2 min) to let
passengers board before the train departure. Hence, Trains 1 and 2 stop at Station I during 7:58-8:00
and 8:02-8:04, respectively. However, if Station I has one track, Trains 1 and 2 need to share the
same track and the train headway of using the same track should be not less than 4 min. Therefore,
Train 2 has to delay its departure. Such cases illustrate the challenge of finding a suitable track
allocation method, which is one reason that track allocation is included in our model.

Second, the assumption that the train capacity is sufficient may lead to a smaller number of
scheduled trains. Although this example does not need to worry about the train capacity problem (we
only have 90 passengers in total), it may be an issue for other cases. It can be handled by regrouping
passengers. Initially, we group passengers with the same origin and destination within a 1-hour
period to be an OD pair and assume that they depart at the end of this period. We then change 1 hour
to 30 minutes, and the number of passengers in each OD pair is halved if we assume that demand is
evenly distributed. Thus, we double the number of OD pairs, but the total number of passengers
remains the same. We rerun the iterative method to find a schedule plan, and the number of
scheduled trains increases from 5 to 6. We have shown a simple approach to reduce the impact of the
capacity assumption. A more mature approach to handle it directly will be studied in the future.

5.1.2. Solution method analysis
a). Analysis of the SSPA

Firstly, the results of SSPAs shown in Table 2 support the discussion about the minimum-flow
criterion in Section 4.3. There are four possible itineraries for OD pair 1 in the ISPG, but only the
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passenger flow of the first itinerary meets the minimum-flow criterion, i.e., one passenger. Hence,
SPG (1) only considers the first itinerary. Train 10 will be shifted to an earlier time slot because of
OD pair 3, therefore, the last two itineraries no longer exist in SPG (1). Train 4 will continue to run
on the same time slot; thus, the second itinerary remains feasible. However, the cost of the first
itinerary decreases due to the reduction of the IVT, such that more passengers are assigned to the
first itinerary and fewer passengers are assigned to the second itinerary. Finally, the second itinerary
is eliminated in SPG (5) because Train 4 is canceled, due to its having too few onboard passengers.

Secondly, we compare the SSPA and the deterministic passenger assignment which only considers
optimal itineraries and does not load passengers to other possible itineraries. The final schedule plans
of these two approaches are quite different. Train scheduling using deterministic passenger
assignment ultimately results in a plan with three trains (Trains 3, 9, and 10) in operation, whereas
the SSPA results in five trains. Hence, the number of possible itinerary choices is reduced if
deterministic assignment is used. For instance, using deterministic assignment, OD pair 2 can only
use Train 9 or Train 10 with a long travel time, because Trains 1 and 2 are cancelled in the train
scheduling and Train 3 is set to arrive at Station II later than Train 9 for OD pair 1. If Link 3 is
blocked, all passengers of OD pair 2 will be affected.

Thirdly, we conduct a test to analyze the influence of using different itinerary-choice models for the
SSPA. The SSPA adopts different itinerary choice models, i.e., the MISW model and the mixed
weibit (MW) model, where the latter does not consider the overlapping problem. The found
itineraries, as shown in Table 2 and Table 3, use the same trains but run them based on different
improved schedule plans (see Appendix C). As the analysis in Section 3.2 indicates, the model
without the itinerary-size factor tends to heighten the chances of selecting overlapping itineraries.

Table 3. Passenger assignment generated by the MW model.

ob |l | Ve | i | VT S| s | e |
(min) (min) (min)
1 9 20.000 33.50 18 - - - 10
1 10.047 80.00 30 - - - 25
359 3.623 105.50 42 15 8 - 15
: 9 3.572 106.00 35 30 - - 16
2 2.758 113.50 44 15 - - 25
10 19.338 198.00 90 - - - 60
9 10.102 236.80 97 30 - - 61
3 359 8.835 244.40 104 15 8 - 60
2—9 6.803 262.40 104 15 8 - 70
1—9 4.922 285.60 90 - 37 - 70
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The MW model therefore assigns more passengers to overlapping itineraries (i.e., those using Train
9). Thus, in this case, the SPG gives greater priority to those passengers and arranges Trains 1, 2, and
9 to share the same platform at Station III to smooth the transfer process for OD pair 3. In contrast,
the MISW model results in a walking transfer in one itinerary of OD pair 3 (Train 2—Train 9) to
reduce the travel time for OD pair 2. Furthermore, Trains 2 and 10 are adjusted accordingly to reduce
the itinerary cost. For example, the running time of Train 2 increases so that those passengers of OD
pair 3 who use Train 2 and then transfer to Train 9 can sit on the train rather than stand at the
platform to wait, as long as the arrival time of Train 9 is not altered to meet other OD demands.
However, the passengers of OD pair 2 who use Train 2 suffer from a longer journey time, compared
with the case using the MISW model.

Hence, different itinerary choice models in the SSPA give different priorities with respect to
adjusting schedule plans, because the SPG tries to balance the needs of different passengers
according to the level of demand, and obtains a system optimum when faced by constraints on the
supply side (such as the number of tracks in a station and the headway between trains). If the SSPA
fails to reflect the actual situation, the priority will be inappropriately assigned, and the schedule
improvement will deliver a reduced benefit. That is, the itineraries that should be improved will be
sacrificed for those that are actually less demanding. As the analysis in Section 3 shows, the MISW
model is more likely to provide superior priority assignment. Thus, we should adopt the MISW
model in train scheduling.

b). Analysis of the SPG

To ensure that each solution is the local optimum, the ISPG and SPG are designed to have several
adjustments and each adjustment improves the schedule plan line by line as stated in Section 4. The
number next to each point in Figure 11 shows the number of adjustments in this ISPG or SPG.

15,400

15,200 2 Number next to each point:
number of adjustments in a

15,000 train schedule-plan generation

14,800
14,600
14,400

14,200

14,000

Total passenger itinerary cost (min)

13,800

13,600

ISPG  SPG(1) SPG(2) SPG(3) SPG(4) SPG(5)

Figure 11. Change in the total passenger itinerary cost.
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For instance, based on the initial schedule plan, the first stochastic passenger assignment is found.
Then, SPG (1) runs to minimize the total passenger itinerary cost, and it involves three adjustments
to obtain the local optimum. In the first adjustment, Line L1 carries the most passengers, and thus it
is adjusted first. However, limited by the fixed timetables of the other lines (e.g., Line D2), Train 9
of Line L1 is not adjusted to the ideal situation. After the first adjustment, other trains (e.g., Train 3)
are arranged to other time slots. Therefore, in the second adjustment the ideal arrangement for Train
9 can be made. As no further improvement is shown in the third adjustment, the iterative adjustment
in SPG (1) ends. This case indicates the need for iterative adjustment.

In each adjustment, the decomposition approach is used; thus, ILPs for train scheduling of each line
are small-scale. The average numbers of variables and constraints for an ILP are 140 and 267,
respectively. These ILPs can be easily solved by CPLEX. The computation time is about 0.32 s for
an ILP.

¢). Analysis of solution quality

We can see from Figure 11 that the total itinerary cost continues to decrease. The gap of the total
passenger itinerary costs between SPG (2) and SPG (3) is 0.01% falling within the gap allowance
(0.25%). Hence, in SPG (4), the iterative method begins to cancel unused trains and set some trains
to skip some stations. SPG (5) cannot further reduce total passenger itinerary cost. Therefore, the
iterative method converges at this point and ends.

The convergence speed seems quick, and there are two possible reasons:

1) More than one adjustment exists in each SPG. In all, fourteen train-scheduling adjustments
are required.

2) Line setting. For example, the operating time-window may be small, and there may not be
many feasible solutions for searching.

Additionally, the iterative method tends to fall into a local optimum; we suggest the use of various
starting points to avoid this. A test is performed to see how the initial schedule plan influences the
solution quality. However, we note that the global optimum is difficult to find, because the
passenger-oriented train-scheduling problem, which includes the itinerary search and the itinerary
choice probability calculation, differs from the traditional scheduling problem, which can be
formulated as linear. Thus, to analyze the difference between the global optimum and the solution
found by our iterative method, the complexity must be reduced. In this analysis, we assume that there
is no randomness and that the passengers select only the lowest-cost itinerary. In this example, the
first scenario is the global optimum found by the CPLEX. We examine five initial schedule plans:
three of these (Scenarios 2, 3, and 4) are generated by minimizing the schedule difference, whereas
the other two (Scenarios 5 and 6) are generated by minimizing the train time. The comparison is
shown in Table 4.
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Table 4. Comparison of scenarios with different initial schedule plans.

Scenario | Final objective value (min) | Gap (%)
1 11,879 -
2 11,879 -
3 12,170 2.45
4 14,010 17.94
5 12,170 2.45
6 12,219 2.86

The gap in Table 4 is calculated by Equation (), as follows:

__ Final objective value of the scenario - Global optimum

Gap = x 100%. 0

Global optimum

The second scenario finds the same objective as the global optimum, and most of the gaps are within
3%. These results show that various initial schedule plans lead to various final schedule plans.
However, although all solutions are locally optimal, some are not satisfactory. To avoid this
weakness of the solution approach and find a good-quality solution, if possible, we should
investigate various initial schedule plans. Additionally, although minimizing the schedule difference
in the ISPG is not a universally superior approach (as in Scenario 4), it is much more likely to find a
more satisfactory solution (as in Scenarios 2 and 3) than minimizing the total train running time in
the ISPG (i.e., Scenarios 5 and 6).

Besides, this test is further developed to analyze the workability of the iterative method when the
problem size increases. The three OD pairs are retained, but the number of trains in each line
increases by multiplying by a scale factor that varies from 1 to 5; hence, the total number of trains in
the network increases from 10 to 50, and therefore the numbers of constraints and variables in the
model also increase (shown in Table 5). We compare the objective values found by the iterative
method with the global optimum found by CPLEX. The first three cases show no difference between
the objectives, and the largest difference between objective values is 2.86%. The results indicate that
the iterative method can find a good-quality solution.

Table 5. Comparison of the objectives as the scale factor increases.

Total number | Number of Number of Objective Objective found
Scale o . . o found by . . Gap
factor of trains in variables in | constraints in CPLEX by the iterative (%)
the network the model the model (min) method (min)
1 10 1,572 3,354 11,879 11,879 0.00
2 20 5,259 13,191 11,870 11,870 0.00
3 30 11,066 29,568 11,870 11,870 0.00
4 40 18,993 52,485 11,870 12,210 2.86
5 50 29,040 81,942 11,870 12,210 2.86

We then compare the methods’ computation times, as shown in Figure 12, where the x-axis
represents the scale factor, and the y-axis represents the computation time required. As the scale
factor increases, the computation time for CPLEX increases exponentially. The general trend of the
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computation time of the iterative method is also to increase. However, all computation times of the
iterative method are within 19 s, whereas the longest computation time for CPLEX is approximately
193 s, more than 10 times that of the iterative method. The computation time required by CPLEX
also increases much faster than that of the iterative method; hence, the latter has a computational
advantage and can handle more complex problems than CPLEX. In summary, this analysis
demonstrates that the iterative method can find a good-quality solution more rapidly than CPLEX.

200
----- CPLEX Iterative method ,”
/
’I
~ 150 ’,’
=, /
[ ’I
E 100 ,r"
= /
= /
= 50 -
35 -
P T ——
1 2 3 4 5

Scale factor

Figure 12. Comparison of the changes in computation time as the scale factor increases.

In addition, the initial schedule plan of the scenario when the scale factor is two contains one
overtake event between two trains of Line L1. These two trains are named as Train A and Train B.
Train A overtakes Train B at Station II. Figure 13 shows their times and spaces from Station I to
Station III. As shown in Figure 13, a train stops at a station, i.e., it does not move on the x-axis but
moves on the y-axis. Thus, vertical drawing lines represent train stops. At Station II, Train A stops
for a long period, and during that period, Train B, a later coming train, overtakes it. This event shows
that our model can handle train overtaking.

8:55 —Train A —Train B
8:45
8:35
[}
£ 8:25
F
8:15

8:05

7:55

1 1I 1 Station

Figure 13. An overtaking event.

Moreover, we perform a test to investigate the two iterative processes in the suggested method, one
without line planning and one with line planning. The problem can be resolved only by the iterative
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process with line planning, and the output is compared with the solutions from the two iterative
processes. Predictably, running the iterative process with line planning requires a shorter
computation time than running the two iterative processes (8.01 s compared with 24.78 s). However,
the probability of finding new itineraries decreases because some trains are canceled and some trains
are set to skip stations. For example, as shown in Table 2, a new itinerary for OD pair 2 (Train
3—Train 9) is found in SPG (1). However, if the iterative process with line planning is used after the
ISPG, this itinerary cannot be found because Train 3, which carries zero passengers in the previous
SSPA, will have been canceled by line planning. The decision of whether to consider the iterative
process without line planning is a trade-off between the computation time and the probability of
finding new itineraries, and this can be decided according to practical needs.

5.2. HSR network of southern China

We abstract a larger network, southern China’s HSR network, as shown in Figure 14. The setting of
this example is listed in Appendix D.

Changshanan-Shenzhenbei HSR corridor
Nanning-Hengyangdong HSR corridor
= ==== Guangzhounan-Guilinbei HSR corridor
Guangzhounan-Nanning HSR corridor
.................. Link for substations

Changshanan

Zhuzhouxi

Dongandong  Yongzhou Qiyang  Qidong Hengshanxi
Quanzhounan .====:::::::::’:::::::&::::::.:::::‘:::: Hengyangdong
n
§ Leiyangxi
n
R * Chenzhouxi
"
Guinbet ’ \ Shaoguan
Guilin ¢ s
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Hezh
Yongfunan # \&Du
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Luzhaibei € B

Yingdexi

Qingyuan

. u S + Zhaogingdong_GG Guangzhoubei
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:: Qingsheng
Nanningdong_ LN ‘ a
T ¥ Humen
Nanning ‘ Nanningdong_ NG Guigang Wuzhounan Yunfudong Guangmingcheng
Shenzhenbei

Figure 14. Abstract network for southern China’s HSR.

5.2.1. Itinerary analysis

By running the iterative method stated in Section 4, we obtain a schedule plan for the whole network.

The total passenger itinerary cost is calculated in the SSPA for each iteration, and it shows a

generally decreasing trend (Figure 15).
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Figure 15. Total passenger itinerary cost for each train schedule-plan generation.

The iteration limit is set at 10, and no gap allowance is set for stopping the iterative process with line
planning. The total passenger itinerary costs for the fifth and sixed schedule plans are approximately
299,130,440 min and 298,443,921 min, so the gap between them (0.23%) falls within the allowance
of the absolute gap (0.25%). Thus, we begin to consider canceling and skipping in the seventh SPG.
The computation time for the whole process (including the ISPG, 10 SPGs, and all SSPAs) is 45.0
hours.

The starting point (“0”) is for the ISPG. The schedule difference is minimized in the ISPG; however,
these differences cannot be zero because not all ideal departure times found in the approach for ideal-
time determination can be met when generating the initial schedule plan. For example, two OD pairs
want to use two different trains entering the same rail segment at the same time, but there is a safety
headway between two successive trains so that one of these two OD pairs must wait. Or two OD
pairs desire to use the same train, but they require different ideal departure times for this train. Hence,
the initial schedule plan is unlikely to be perfect for all OD pairs, but the algorithm tries to find the
schedule plan that best serves the majority of OD pairs. In the initial schedule plan, about 4.15% of
the total OD pairs (377 OD pairs) are unable to find a feasible itinerary.

The solution converges at the eighth SPG after the program has run for 37.7 hours. 93.3% of the
computation time is used for SSPAs. It takes around 1.5 second to find the itineraries and calculate
the probabilities for each OD pair in a complex train network with 240 trains. The computation speed
for each OD pair is reasonable, but there are nearly 10,000 OD pairs. Hence, a long computation
time is needed. The computation for train scheduling is relatively quick (i.e., less than 7% of
computation time) and the computation time for one SPG is around 17.6 min, because the
decomposition approach is used. There are several adjustments in each SPG, and each adjustment is

33



O o0 3 O D B W N~

e e e e
~N N L W N~ O

18

19
20
21

22
23
24
25
26
27
28
29
30
31
32
33

34
35

36
37

decomposed to some train-scheduling ILPs. The average numbers of variables and constraints for a
decomposed train-scheduling ILP are 32,572 and 402,655, respectively. A such ILP handles one line
while the other lines are fixed. Thus, the complexity of train scheduling reduces, and the number of
feasible solutions becomes less. These ILPs can be handled by CPLEX, which averagely needs about
8.6 s for each of these ILPs. In addition, the Dijkstra’s algorithm using in the ISPG for finding ideal
time is efficient: it only takes about 3.5 s to find itineraries for 9076 OD pairs in a railway system
with 240 trains. Because this is a planning stage problem, we believe that the computation time of
37.7 hours is acceptable for such a large network.

The total passenger itinerary cost is reduced by about 17,194,724 min after the eight SPGs, which
illustrates the importance of the schedule plan adjustment based on the result of the stochastic
passenger assignment. Most OD pairs (97.03%) have been served by the schedule plan obtained in
the eighth SPG, in which 28.38% of the OD pairs that cannot find a feasible itinerary in the initial
schedule plan find at least one feasible itinerary. This remains the case in later SPGs. For the 8806
served OD pairs, 29,678 feasible itineraries are found, so the average number of itineraries for an OD
pair is 3.37. The total number of feasible itineraries and the average number of itineraries for an OD
pair increase by 12.35% and 10.99%, respectively, compared with those from the initial schedule
plan. Passengers have more options for their trips based on their needs.

5.2.2. Train operation analysis

Two trains are canceled from the schedule plan. All stations are served, and 26 stations are skipped
by some of the passing trains. The total number of skips is 395. Some stations are more likely to be
skipped:

1) Stations with low demand. For example, the Leiyangxi station, with 408 OD pairs, is skipped
by 37 passing trains, whereas the neighboring Hengyangdong station, with 798 OD pairs, is
skipped by only 10 passing trains.

2) Stations with low accessibility. For example, the Guangzhounan and Guangzhoubei stations
are both located in Guangzhou, but the Guangzhounan station is more easily accessed by
passengers than the Guangzhoubei station, which is closer to the city center. Furthermore, the
Guangzhounan station can be accessed by two metro lines, whereas the Guangzhoubei station
can only be accessed by one. Hence, the passenger travel time from the city center to the
Guangzhounan station is shorter; thus, both stations serve the same zone but with different
access times. More passengers therefore tend to select the Guangzhounan station as their
terminal station. The Guangzhoubei station is skipped by 15 passing trains, whereas the
Guangzhounan station is skipped by only 7 passing trains.

Canceling trains and allowing them to skip stations can reduce passenger journey time and train
operating costs. These results indicate that our model also considers supply once demand is satisfied.

We calculate schedule plans for all trains in the network, and we choose the network’s main HSR
corridor, the Changshanan-Shenzhenbei HSR corridor, as an example to show its one-direction
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timetable in Figure 16. The high-speed trains in this HSR corridor travel from the Changshanan
station to the Shenzhenbei station. This HSR corridor is part of the Beijing-Hong Kong HSR corridor,
which is one of the busiest passenger channels in China. As Figure 16 shows, many high-speed trains
pass through this HSR corridor, and their departure intervals are quite short. As the demand pattern
in Table 14 of Appendix D shows, more OD demand appears before 14:00. Because the schedule
plan is based on passenger-itinerary choices, more high-speed trains are scheduled before 15:00.

Time
24:00

21:00 ¢

18:00

15:00 |

2:00 -

9:00

6:00 —
Station

Figure 16. Timetable for trains in one direction of the Changshanan-Shenzhenbei HSR corridor.

6. Conclusions

This study develops a new itinerary-choice model, the MISW model, that addresses heterogeneity of
passengers’ perceptions and the IID assumption. Specifically, the Weibull distributed random error
term resolves the perception variance with respect to various itinerary lengths, and an itinerary-size
factor term is suggested to handle the itinerary overlapping problem. We analyze the MISW model in
Section 3 with three numerical examples. The first two analyses indicate that the MISW model is

35



O 0 3 O W B S S

—_—
-

e e e
O 0 3 N D B~ W N

N NN NN
AN W= O

W W W N NN
N o= OO 0

(98}
W

W W W
AN DN b~

superior to logit-type models because the MISW model differentiates itineraries according to their
relative rather than absolute cost difference and adopts the itinerary-size factor to account for the
correlation between overlapping itineraries, and the third analysis shows that it is essential to
consider random parameters in the MISW model.

Furthermore, the MISW model is applied to a schedule-based passenger-oriented train-scheduling
model that improves the quality of train services by adjusting the train timetable when the train
cancellation plan, stopping pattern, and station-track allocation are also optimized. We describe the
whole problem as a fixed-point problem and solve it using an iterative method. In addition, previous
studies have rarely modeled timetable and station-track allocation simultaneously in the passenger-
oriented scheduling problem. However, doing so is important because good station-track allocation
can facilitate passenger transfers.

In the example in Section 5.1, we find that the passenger service quality of the planned schedule is
improved by using the schedule-based stochastic passenger assignment based on the MISW model.
In this example, the total itinerary cost decreases by about 1016 min due to better scheduling. For
instance, skipping unused stations decreases IVT. In some cases, wait time and transfer time can be
reduced by 93.55% and 60.00%, respectively. The solution quality of the iterative method is also
tested. The comparison shows the ability of the iterative method to find a good-quality solution
within a much shorter time than the commercial CPLEX software. In the extreme case of this test,
the computation time of CPLEX is about ten times that of the iterative method.

We apply the train-scheduling model to southern China’s HSR network (Section 5.2) and the result
also demonstrates that the model can help to reduce the passenger itinerary cost. The total passenger
itinerary cost decreases by around 17,194,724 min. The consideration of several possible itineraries
in the train-scheduling model enriches passenger choices. On average, each OD pair has three
itinerary choices. In addition, the iterative method can help to obtain convergent suboptimal
solutions for a regional train schedule plan in a reasonable time. 37.7 hours was required to find a
convergent solution for such a problem with 36 stations, 240 high-speed trains, and 9076 OD pairs.

Although the MISW model is built and applied to the HSR system, it can also be used by non-HSR
transit systems (such as bus systems and intercity metro networks). Because all public transit modes
share some characteristics (e.g., operating on a timetable), only small modifications would be
required to adapt this model to another type of transit system. For example, when the MISW model
is used to plan a timetable for a bus system, the task of track selection for transfers would be
removed.

This study makes a number of assumptions:

1) The capacity of trains is sufficient.
2) Passenger coefficients are related to trip purpose and income level.
3) There is a sufficient vehicle source for schedule plans.
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However, these assumptions are not always the case in the real world. For example, all itineraries are
available to passengers based on the assumption of train capacity and that even in a delay situation,
passengers can easily shift to another unaffected itinerary. But it is possible that passengers may be
unable to buy a ticket because of the limited train capacity, so that passengers may not benefit from
the provision of several improved itineraries. Hence, a study should examine the effects of relaxing
the above assumptions. Furthermore, the train-scheduling model used in this study focuses mainly on
the passengers’ benefit, which means that more trains may be scheduled to fulfill this purpose
without consideration of the increased operating costs that it will generate. Our future study will
investigate methods for balancing operators and passengers in the planning of railway systems to
prevent the creation of service-cost imbalances.
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Appendix A. Constraints

Appendix A.1. Train-scheduling constraints
The train-scheduling constraints consist of five kinds of constraint as follows.
1). Departure/arrival time constraints

A line consists of several trains. The operating time-window for trains on line [ is [T9$P,T]"], where
TSP is the earliest departure time at the origin terminal and T2 is the latest arrival time at the
destination terminal. The departure/arrival time (t../t/%) of train n on line [ at station s should be

within the following range:

TP < e < T3, 0
TP < tA < T, 0

2). Headway constraints
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Our study assumes that double tracks are used between stations so that each track serves one running
direction, and a train can only overtake another at a station. If trains n and n' arrive from or depart in

the same direction, the following constraints should hold to maintain sufficient headway between

them:
tA+h<th+ (1-byps) XM, 0
trs +h <ty + (1= b'yng) X M, 0
byns + bpn's =1, 0
b'yns + b'un's =1, 0
b'yns = buns =0, 0

where h is the minimum headway for two successive trains,

M is a sufficiently large number,

. _ |1, if train n arrives before train n at station s
byns = and

0 else’

b

b = 1, if trainn departs before train n at station s
s 0, else’

Constraints () to () guarantee that the safety headway between trains running in a segment or at a
station is respected. In addition, station s in constraint () is the downstream station of station s, and
constraint () ensures that trains do not overtake others between stations. b, s and b',,s can be

different; if they are, it means that overtaking occurs at station s.
3). Station-track assignment constraints.

Tracks at station s form a set of station tracks, P. Figure 17 shows an example station.

Figure 17. Track and platform layout of a station.

Some tracks are equipped with platforms for boarding and alighting (e.g., Track A in Figure 17), and
others are not (e.g., Track C in Figure 17). Trains are guided via turnouts to arrive at different tracks.

We generally divide the station tracks into two categories, PL and P2, according to whether they are

equipped with platforms. We note that the tracks in P} can be used by any trains, but the tracks in P2
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can only be used by non-stopping trains. The constraints for the station-track allocation are as

follows:
tnDs +h< tnAs + (3 - bg{) - brr{;a - bn'ns) X M, ()
Zp c sz,qu + b1 =1, for non - stopping train n
Zp c Ple{, =pirs, for non - stopping train 1 0
Zp c PlbrTl;r, =1, for stopping train n

1 f frai
where b,{; _ [0, if train n uses tracelfszé and

pTr* — 1, if train n skipping station S uses a track belonging to Pl
ns 0, otherwise’

Constraints () and () ensure that the safety headway between trains using the same station track is
respected. Constraint () assigns station tracks to trains and states that a train can only take one station
track. Stopping trains should take a track with a platform at a station so that passengers can get on or
off. Non-stopping trains should first be planned to use tracks without platforms. If tracks without
platforms are unavailable, the non-stopping trains are considered to use other tracks.

*

Zn c TES c Sle,rlS (5 is the set of passing stations for train n on line [ and T is the set for all trains)
should be minimized to ensure this.
4). Dwell time constraints

The minimum dwell time for train n on line [ at station s is D™J". Dwell time constraints are

formulated as follows.
If train n stops, then
D3 <ty ~ tis. 0
If train n skips the station, then
0<tD-tA 0

Although train n skips station s, the dwell time may not be zero; train n may wait at station s to

maintain a safe headway between successive trains.
5). Running time constraint

The minimum running time for train n on line [ in a rail segment v is T'EM. This constraint is
lv

formulated as follows:

A, D
Trl%n < tns - tnsa ()
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where station s' is the downstream station of station s. We do not fix the running time, so that the

train speed can vary under the maximum speed to meet passengers’ need and the limitation of station

capacity.

Appendix A.2. Itinerary constraints

The variables, parameters, and sets used in the itinerary constraints are provided in Table 6.

Table 6. Elements, sets, variables, and parameters used in the itinerary constraints.

Element Definition
r An OD pair
i An itinerary
norn A train
porp A track
sors A station
sh Station at which passengers on itinerary i alight from train n
s, Station at which passengers on itinerary i board train n
n? Train which passengers on itinerary i use to depart from the origin
n? Train which passengers on itinerary I use to arrive at the destination
nh Train to which passengers on itinerary i transfer from train n
z A zone
z9 Origin zone of OD pair r
Set Definition
R Set of OD pairs
P Set of tracks at station s
I, Set of itineraries used by OD pair r
Variable Definition
xrli IVT of itinerary i
xZ Wait time at stations of itinerary i
x5 Wait time in the origin zone of itinerary i
xp Walking time of itinerary I
t}’}’l%ué For itinerary i, walking time for transfer from train n to train n’ at station s
th Time of arrival at station s of train n
2 Time of departure from station s of train n
gwait-H For itinerary i number of T in the origin zone
b;{, 1 if train n stops at track p, else 0
bnn';r,lT,'ss' 1 if train n uses track p at station s and train n uses track p' at station s, else 0
Walking time between the platform serving track p at station s and the platform serving
toy track p' at station s'; s and s' may be the same station or different stations linked by
walkways
Parameter Definition
Tde Preferred departure time of OD pair 7 in the origin zone
Tone Travel time between zone z and station s via other modes of transportation, such as buses
or cars.
Twait Tolerance of passengers for waiting at the origin station
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The itinerary constraints include:
X=X

2 _ , , D._+A _ ,walk
Xri Zn € (Ti _ n?), n= n;l, s= Siéu s = SirBf(tnS tns tmn s) +
20,5 sp 5 = ot = TH =T x ¢V~ H_T700€), Vi€ I, Vr € R;

n=ni,s=Spnp

r oo sn(tis =ty VIEL; VT ER; 0

neT;,s=sp

0
x5 =TVt x tWalt-H. i e [ - vr € R; 0
4 _ walky. v . .
Xri = z:ne (Ti-n?),n'=nl,s=sfs = siﬁv(tlnnS)' Viel; VT €R; 0
tD — (Tde 4 TWalt x gwait-H  7200€) > 0, s =5B. n=n0; z=20; viel,; vreR; 0
tn[)s'—trf‘s—t}’;’ﬂﬁz 0;vne (Tl-—n]?); n'=ngl; s=s{$,; s':sl-'f,'; Viel,; Vr €R; 0
k _ TT. 3. DY. ' — T . o — cA. &' — B i } .
tm?z]'s—zpepszp'e&-(tw X bpn'pp'ss); VNE (T =ni);n =Nin; S=Sin; S =Siy; Vi€I; Vr€R;
0
TT, | T
bnn’I;‘)’Ipss qu"; ' .
. bnnT'pp'SS'Sbn{,' . i PEP; p EPg; Vne (Ti—n?);n=n££l; s=sf,\1; S =si2'; viel,; Vv
bnp + bnpy < 1+ buypy'ss
r €R. 0

Eq. ()-() determines the IVT, wait time, and walking time for transfers of itinerary i. Because the
objective is to minimize the total itinerary cost, Constraint () is set to ensure that the wait time of

itinerary i for OD pair " at the origin station would be non-negative, i.e., t,.; is later than the arrival

time of passengers using itinerary i (T9¢ + T%97¢). Constraints ()-() relating to station-track

assignment constraints (formulas () and ()) ensure that the transfer time between trains n and n' is
sufficient. The transfer can occur at the same station or at two substations connected by walking
links.

Appendix B. Setting for the small example.
The setting for the small example is described here:

1) Network setting: Each station serves one zone. All travel times between the zones and
stations are assumed to be 0. All stations have two tracks and two platforms, except Station II
which having three tracks and three platforms. The walking time between platforms is 5 min
except for those at Station II. The walking time between Platform P1 and Platform P3 at
Station II is 10 min, whereas the others are 8 min.

2) Line setting: There are 6 lines in total and each line can have more than one train. The
operating time of trains is [8:00, 12:00]. Trains on a line follow the respective line setting

shown in Table 7. “D” in the line name in the first column indicates that this line is for

45



wn AW N =

S O 0 9 N

11
12
13
14
15
16

downstream trains, whereas “U” is for the lines with upstream trains. “L” is for the loop lines.
The second column shows which trains belong to which lines. The last column indicates the
order in which each line passes the links in the network. For lines that use only one link, the
order of passing stations is given to show the running direction.

Table 7. Line information of the loop network.

Line name Trains on the line Links
D1 1 and 2 1 (Station I — Station III)
D2 3and 4 2 (Station I — Station II)
Ul Sand 6 1 (Station IIT — Station I)
U2 7 and 8 2 (Station II — Station I)
L1 9 3—4—9—-8—>7—6—5
L2 10 5—6—7—>8—>9—4—3

Additionally, Table 8 provides fare information. Generally, the fare is set based on the

journey time. A longer journey time asks for a higher fare. In addition, Links 1 and 3 are

shortcuts. Operators set a higher ticket price for trains that use Links 1 and 3 because of the
extra effort required for the construction and maintenance of shortcuts.

Table 8. Ticket prices for the loop network.

Line oD Fare Line OD Fare Line OD Fare Line oD Fare
name stations (yuan) name stations (yuan) name stations (yuan) name stations (yuan)
DI I-111 25 II-VII 45 Ul 111-1 25 VIL-III 45
D2 I-11 9 11I-VI 65 U2 11-1 9 VI-III 65
I-11 10 11-v 77 11-1 10 V-III 77
I-111 16 1I-IV 97 1I-I 16 IV-II 97
-Vl 61 1I-I 109 VII-I 61 L-111 109
I-VI 81 VII-VI 20 VI-I 81 VI-VII 20
-V 93 VII-V 31 V-I 93 V-VII 31
LIV 113 Ll VIL-IV 50 V-1 113 L2 IV-VII 50
Ll L1 125 VI 60 L2 L1 125 -VII 60
1111 6 VI-V 12 II-IT 6 V-VI 12
I-VII 51 VLIV 31 VII-IT 51 IV-VI 31
1-VI 71 VI 42 VI-II 71 I-VI 42
-V 83 V-1V 20 V-1I 83 V-V 20
-1V 103 V-I 31 IV-11 103 -V 31
111 115 V-1 12 I-11 115 LIV 12
The minimum dwell time at all stations is 2 min. The minimum headway between two
successive trains is 4 min. Let penalties for time difference between the ideal time and actual
schedule time be: B+ =28~ =0.02.
3) Demand setting: The OD information is shown in Table 9-Table 11. Without loss of

generality, 3 OD pairs are randomly selected. The longest wait time at the origin station is
TW3t = 15 min. The penalty for not finding any itinerary is u, = 4000 min/passenger.
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Table 9. Passenger characteristics.

Passenger characteristics Mean | Variance
Trip purpose Bus.iness trip 1 0.2
Leisure trip 2 0.3
Income < 5,000 1 0.2
(yuan/month) 5,000-10,000 2 0.3
= 10,000 3 0.5

Table 10. Coefficients for 3.

k oLk orr Ok
1 0.00 0.00 1.00
2 0.35 -0.30 1.75
3 -0.25 -0.30 1.55
4 0.40 -0.20 1.80
5 1.00 -1.00 3.00
6 -0.25 0.20 1.85

Table 11. OD information.

Without loss of generality, we follow the assumption of Kitthamkesorn and Chen (2013) and
seté,=0andy, =3.7.

OD | Origin zone| Destination zone | Preferred departure time | Income level |Trip purpose| Volume
1 Z1 72 8:30 2 1 20
2 Z1 Z3 8:00 1 2 20
3 Z1 77 8:00 1 1 50

Appendix C. Schedule plans for the small example.
Table 12. Schedule plan of SPG (5).
Train | Station | Track | Arrival time | Departure time | Train | Station | Track | Arrival time | Departure time
1 1 0 - 8:00 \ 0 10:54 10:54
111 0 8:30 - 9 v 0 11:19 11:19
5 1 1 - 8:04 I 1 11:39 -
111 1 8:34 - I 0 - 8:06
3 1 1 - 8:15 1\ 1 8:26 8:26
1T 2 8:42 - \Y 1 8:51 8:51
1 1 - 8:30 10 VI 1 9:11 9:11
1T 2 8:48 8:50 VII 1 9:36 9:38
9 111 0 9:05 9:07 11 1 10:38 10:38
VII 0 10:07 10:09 11 1 10:53 10:53
VI 0 10:34 10:34 I 0 11:11 -
Table 13. Schedule plan whose generation adopts the MW model.
Train | Station | Track | Arrival time | Departure time | Train | Station | Track | Arrival time | Departure time
1 I 1 - 8:00 \ 0 10:54 10:54
11T 0 8:30 - 9 v 0 11:19 11:19
5 I 0 - 8:15 1 0 11:39 -
11T 0 8:59 - 1 0 - 8:00
3 I 1 - 8:15 1\ 1 8:20 8:20
11 2 8:42 - 10 \ 1 8:45 8:45
I 0 - 8:30 VI 1 9:05 9:05
9 11 2 8:48 8:50 VII 1 9:30 9:32
111 0 9:05 9:07 111 1 10:32 10:32
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VIl 0 10:07 10:09 II 1 10:47 10:47
VI 0 10:34 10:34 I 1 11:05 -

Appendix D. Setting for HSR network of southern China.

The setting for HSR network of southern China is described here.

1))

2)

3)

4)

We select 34 main stations from southern China’s HSR network. Each station serves one
zone. Because two stations, Nanningdong and Zhaoqingdong, serve two train corridors at the
same time, we simulate them as two substations connected by walking links. The example
network thus has 36 abstract stations.

We collect train data including passing stations for each train, running time, dwell time, and
ticket prices from China Railway’s official website.! In this example, 240 high-speed trains
operate per day within the network. The running period is from 6:00 to 23:30. The network
contains four main high-speed train corridors, as shown in Figure 14. According to their
passing stations, the 240 high-speed trains are grouped as 22 lines for the scheduling problem.
According to previous studies, the minimum headway between two successive high-speed
trains is 4 min (Kroon and Peeters, 2003; Zhan et al., 2015; Tian et al., 2015).

The following time-dependent OD matrix is generated for testing (Table 14). OD pairs are
divided into three categories according to the minimum travel time (MTT), which is the time
spent on the highest-speed train on the most direct route between the origin and the
destination without transfers. As shown in Table 14, the MTT of a long-distance trip is longer
than 6 hours, the MTT of a medium-distance trip is between 2 and 6 hours, and the MTT of a
short-distance trip is shorter than 2 hours.

Table 14. OD patterns for three categories.

Peak Off-peak

Category MTT Number of Number of | Number of

Period passengers for Period passengers for | OD pairs
an OD pair an OD pair

Long-distance trip | > 6 hours 40

[5:30,8:30] and
[10:30,14:00] 20 2340

Medium-distance [5:30,8:30] and

trip 2-6 hours | [8:30,10:30] 100 [10:30,17:00] 50 4848

Short-distance trip | <2 hours 60

[5:30,8:30] and
[10:30,21:00] 30 1888

Sum - 9076

We assume that there is a peak period from 8:30 to 10:30. For off-peak periods, the different
categories have different travel-time windows. For example, to take a long-distance trip,
passengers must depart early enough to arrive at their destinations before midnight.
Passengers with the same origin and destination within 30 min are regarded as an OD pair
and are assumed to prefer to start their journey at the end of this interval. Because of journey

! China Railway’s official website: http://www.12306.cn/mormhweb/ (Accessed August 23, 2018)
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time limitations and the various levels of attractiveness of zones, we generate 9076 OD pairs
for this example.
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