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Advanced simulation methods have been widely applied in
the field of transportation for driving behavior investigation,
planning, design and operation of transportation systems,
evaluation of transportation policy, and innovation of intel-
ligent transportation systems (ITS). With the development
of computer technologies, dynamic simulations even in a
real time manner become more and more powerful and
sophisticated in either practical applications or scientific
research in the transportation field. This special issue aims to
discuss and share experience in theoretical analyses, state-of-
the-art techniques, and cutting-edge case studies of advanced
dynamic transportation simulations.

In this special issue, we collect seven papers that involve
different aspects of advanced simulation techniques to
explore themechanismof transportation operation, effective-
ness of intelligent transportation systems, driving behavior
and traffic operation, and transportation logistics system
performance under various scenarios.

In the field of transportation logistics, closed-loop sup-
ply chain distribution network system has become a new
research point since people pursue circular economy and
social sustainable development. X. Yuan and X. Zhang
establish use of Vensim software to simulate three-loop
supply chain distribution network system model and inves-
tigate the relationship among supplier, manufacturer, retail-
ers, and products (parts) recycler with the government
policy. In a competitive environment, transportation costs
are an important part of the costs of logistics enterprises.

Q. Yan andQ. Zhang present a biobjective transportation cost
model for solving a multiobjective vehicle routing problem
with soft time-window constraints that specify the earliest
and latest arrival times of customers.

Traffic flow big data strongly shows temporal, spatial, and
historical correlations. H. Lu et al. use speed and occupancy
data to develop the traffic flow state clusteringmodel. Using a
bilevel optimization model, the authors calculate the number
of temporal-spatial-historical correlation variables and traffic
flow state formulation of regional traffic flow. Traffic sensors
(e.g., magnetic detectors, cameras, and bluetooth detectors)
provide real-time data for traffic operation surveillance and
arterial travel time estimation. Considering the restriction in
the sensors’ installation cost, Q. Yu et al. propose a sensor
location model to find the optimal sensor placement for
minimizing the travel time estimation error in signalized
arterial.

As the economy develops rapidly, deepening urbaniza-
tion and the increasing urban population lead to a large
demand for urban rail transit in many cities. The modern
streetcar system is considered as an important mode of
urban transit systems in China. However, its construction
and development face massive challenges due to the conflicts
between streetcars and other vehicles at the intersections in
urban road networks. B. Wang et al. develop a segmented
signal progression model for modern streetcar system in
order to ensure high streetcar system efficiency and min-
imize its negative impacts on transit and vehicular traffic.
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On the other hand, many urban rail systems have been
plagued by heavy passenger flow, and thus it is critical to
design an efficient and economical timetable for a heavily
congested urban rail corridor. Y.-T. Zhu et al. propose a
model for timetable design of urban rail line with capacity
constraints to identify the departure time of trains at the start
terminal and minimize the system cost, including passenger
waiting cost and operating cost. A two-stage simulation-
based genetic algorithm is developed to solve the model.

Interestingly, while most of the simulation models are
explored for motor vehicles, Zhou et al. improve the Nagel-
Schreckenberg (NS) CA model and the multivalue CA (M-
CA) model for both regular bicycles and electric bicycles and
provide useful simulation tools for mixed traffic operation
analyses. A two-stage simulation-based genetic algorithm is
developed to solve the model. In this study, different bicycle
driving behaviors with characteristics of the slowing down
probability and lane-changing probability were simulated
using the proposed models. The results show that the M-CA
model exhibits more stable performance than the two-lane
NS model and provides results that are closer to real bicycle
traffic performance.

Transportation simulation is amultidisciplinary area.The
editors acknowledge that this special issue cannot fully cover
all cutting-edge technologies and methods emerging in this
field. However, these papers reveal both the promise and the
challenges faced by the field of dynamic simulations in trans-
portation. Through this special issue, we encourage more
transportation researchers, educators, students, practitioners,
and policy makers to seek and explore advanced dynamic
simulation techniques to enhance transportation operation,
safety, and environment quality.
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Traffic sensors serve as an important way to a number of intelligent transportation system applications which rely heavily on real-
time data. However, traffic sensors are costly. Therefore, it is necessary to optimize sensor placement to maximize various benefits.
Arterial street traffic is highly dynamic and the movement of vehicles is disturbed by signals and irregular vehicle maneuver. It is
challenging to estimate the arterial street travel time with limited sensors. In order to solve the problem, the paper presents travel
time estimation models that rely on speed data collected by sensor.The relationship between sensor position and vehicle trajectory
in single link is investigated. A sensor location model in signalized arterial is proposed to find the optimal sensor placement with
the minimum estimation error of arterial travel time. Numerical experiments are conducted in 3 conditions: synchronized traffic
signals, green wave traffic signals, and vehicle-actuated signals. The results indicate that the sensors should not be placed in vehicle
queuing area. Intersection stop line is an ideal sensor position. There is not any fixed sensor position that can cope with all traffic
conditions.

1. Introduction

Traffic sensors (e.g., magnetic detectors, cameras, and blue-
tooth detectors) are widely used in transportation system
for systematic surveillance. Various traffic applications need
different sensor data. OD estimation may require the traffic
counting information on links. Travel time estimation asks
for information about link travel time or path travel time.
These information can be obtained either from float vehicle
such as taxi or cameras which are able to read plate license
number. One of the most intuitive pieces of information
for advanced traveler information system is travel time.
Therefore, a simple and implementation-wise easy method is
needed to estimate travel time.

Attempt to estimate arterial street travel time is very chal-
lenging. Arterial street traffic is highly dynamic and the
movement of vehicles is disturbed by signals and irregular
vehicle maneuver. Zhang [1] developed a travel time and
journey speed estimation method for freeways by the uti-
lization of volume to capacity ratio, volume, and occupancy.
Skabardonis and Geroliminis [2] employed Kinematic wave
theory to model the spatial-temporal queueing at the signals.
Liu and Ma [3] proposed that loop detector data and signal
phase changes information, which in a high-resolution data

context are required to estimate travel time. Without using
traditional traffic flow theory, Takaba et al. [4] developed
some heuristic models for travel time estimation by using
loop detector and license plate reader. A neural network
framework is developed to fuse probe vehicle data and loop
detector data by Cheu et al. [5]. Dailey and Cathey [6]
employed probe sensor to define vehicle speed function.
Currently, Li et al. [7] studied that most of the travel time
estimation methods or algorithms require many sources of
real time data. Investment in these transportation surveil-
lance devices is costly, and thus providing these pieces of
real time information is expensive. Among all these traffic
sensors, loop detectors are relatively cheap and popular. In
addition, loop detectors are also widely used in travel time
estimation field [8, 9]. Due to the high cost of transportation
infrastructure, it is necessary to find away to save investment.

Sensor location problem works for this purpose. It aims
to find an optimal sensor placement pattern either in trans-
portation network or freeway. The purpose of sensor place-
ment is mainly for various flow estimations which are OD
trips estimation, link flows estimation, path flows estimation,
and its related application. Yang and Zhou [10] proposed four
sensor location rules in transportation network mainly for
OD estimation. This paper can be seen the seminal paper in
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the sensor location literature. Bianco et al. [11] introduced
a linear system approach for sensor location problem mod-
eling. Gentili and Mirchandani [12] extended linear system
approach by introducing active and passive sensors. Ehlert
et al. [13] presented several models to cover as many flows
as possible. OD estimation using generalized least-square
method is applied to seek for the optimal sensor placement
pattern by Fei et al. [14] and Eisenman et al. [15]. In addition
toOD estimation, path estimation or identification is another
hot topic. Normally, license plate reader is employed to
recognize route or estimate route travel time by Castillo et
al. [16] andMı́nguez et al. [17]. Modeling techniques adopted
are integer program. Commercial software or heuristics is
used for solving these problems. Hu et al. [18] studied the link
sensor placement problem to infer all link flow information
of the network of interests. Viti et al. [19] investigated partial
observation problems and gave a simple metric for quantify
the quality of a sensor placement pattern. Other sensor
location problems include mobile sensor routing problem
(Zhu et al. [20]), bottleneck identification oriented sensor
location problem (Liu andDanczyk [21]), and sensor location
problem considering time-spatial correlation (Liu et al. [22]).

Sensor location problem on freeway is relatively limited,
particularly for travel time estimation. Kim et al. [23] adopted
genetic algorithm to find an optimal sensor placement loca-
tion on freeway with the minimization of mean absolute
relative error. Kianfar and Edara [24] used clustering tech-
nology for optimizing freeway traffic sensors. Other freeway
sensor location problems employ empirical study methods
(Kwon et al. [25]), simulation (Thomas [26]), and dynamic
programming (Ban et al. [27]).

Due to the complexity of urban transportation system,
none of current studies consider combining travel time
estimation method with a sensor location pattern to seek
an optimal sensor placement pattern. Another important
characteristic of urban transportation system is traffic signal
control. This paper attempts to find optimal sensor location
pattern with traffic signals. A simulation tool is used to gen-
erate basic traffic flow data.The rest of this paper is organized
as follows. Section 2 offers a description of travel time esti-
mation method and partition rule in arterial street. Section 3
presents optimal sensor location pattern on a single link.
Section 4 gives results for multiple links and also with traffic
signal control. Section 5 concludes the whole paper.

2. Sensor Location Model Description

2.1. Section Partition Rule for Arterial Street. In our model,
a signalized arterial street is partitioned into sections. Each
section is associated with a sensor, and the speed of section
is represented by the average instantaneous speed (normally,
it is collected from the 30s time interval) at the sensor spot.
The estimated travel time of each section is calculated by the
length and speed of the section. By summing up estimated
travel time across all sections, the estimated arterial travel
time can be obtained.

In our study, the boundary of section is determined
by three sensors, which are located at the section and the

adjacent upstream and downstream section, respectively.The
total length of signalized arterial is set to 𝐿, the total number
of sensors is 𝑛, the location of the sensor 𝑖 is 𝑥

𝑖
, and the length

of section 𝑖 is 𝑙
𝑖
which is calculated as follows:

𝑙
𝑖

=

{{{{{{

{{{{{{

{

𝑥1 +
𝑥2 − 𝑥1

2
, 𝑖 = 1

𝑥
𝑖+1 − 𝑥

𝑖−1
2

, 1 < 𝑖 < 𝑛

𝐿 − 𝑥
𝑛

+
𝑥
𝑛

− 𝑥
𝑛−1

2
, 𝑖 = 𝑛.

(1)

2.2. Travel Time Estimation Model. There are many travel
time estimationmodels, among which the speed-based travel
time estimation model is easy-to-operate and widely applied
[6–9, 28–30].These three models proposed by Li et al. [7] are
adopted in our study.The principle of all these threemodels is
to calculate travel time according to the spot-speed obtained
by sensors.

The first model is instantaneous model. A vehicle is
supposed to enter the arterial street at time 𝑘. The detected
speed at time 𝑘 is considered as the average speed of vehicles
at that section.The travel time of vehicle at section 𝑖 is denoted
as 𝑡(𝑖, 𝑘):

𝑡 (𝑖, 𝑘) =
𝑙
𝑖

V (𝑖, 𝑘)
, (2)

where 𝑙
𝑖
is the length of the section 𝑖 and V(𝑖, 𝑘) is the

measured speed of section 𝑖 at time 𝑘. The travel time 𝑇(𝑘)

of vehicle passing through the entire signalized arterial street
is the sum of all sections’ travel times:

𝑇 (𝑘) =

𝑛

∑

𝑖=1
𝑡 (𝑖, 𝑘) . (3)

In the instantaneous model, speeds from only one point
on each section are used to estimate travel time, while
ignoring the speed variations within a section. This does not
meet the authentic traveling situation of vehicles. However,
from the perspective of calculation, when the travel time
is fixed, its corresponding average speed is fixed. Therefore,
the sensor location pattern is very critical. A suitable senor
location pattern can accurately capture the average travel time
of its spatial influence area. On the other hand, all speeds
are collected at the time of vehicle entering the arterial. The
speed associatedwith the downstream sectionwill not change
dramaticallywhen the vehicle traverses the arterial.These two
reasons result in travel time estimation error. The other two
speed estimation models are Time Slice Model and Dynamic
Time Slice Model.

The difference among the three travel time estimation
models lies in the calculation method for vehicle speed on
each section, which is the main factor that affects error.These
three models all use the speed measured by sensors, so the
travel time estimation error is caused by not only inevitable
calculation error, but also the error arising from the location
of sensor in arterial street. Different combinations of sensor
locations generate different section partitions, thus, resulting
in different estimation errors.
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Figure 1: Partitioned arterial street with traffic signal.

To compare the differences among these three models,
numerical experiments are conducted for the identical sensor
location pattern. In our study, a traffic simulation tool is
used for a street with length 1 km as shown in Figure 1.
Intersection signal cycle is 100 s, green light duration is 60 s,
and the vehicle enters the street with a speed of 3.6 km/h.
The maximum speed is 57.6 km/h. The vehicle’s arrival rate
is 800 vph and obeys Poisson distribution. Sensors are evenly
distributed on the road at equal interval of 𝑙. The influential
area of each sensor is shown in Figure 1. The number of
sensors is increased from 1 to 10. Travel time is estimated with
above-mentioned three methods, respectively.

In order to compare the resulted obtained by these three
methods, we use three measures for evaluation which are the
mean absolute error (MAE), rootmean square error (RMSE),
and mean absolute relative error (MARE), respectively.

MAE =
1
𝑛

𝑛

∑

𝑖=1

ett𝑖 − gttt
𝑖

 ,

RMSE = √
1
𝑛

𝑛

∑

𝑖=1
(ett
𝑖

− gttt
𝑖
)
2
,

MARE =
1
𝑛

𝑛

∑

𝑖=1

ett𝑖 − gttt
𝑖



gttt
𝑖

.

(4)

ett
𝑖
refers to the estimated travel time, gttt

𝑖
refers to the

ground-truth travel time, and 𝑛 refers to the number of
vehicles. Through 10 traffic simulations, 10 groups of travel
time {𝑆

𝑟
| 𝑆
𝑟

= (gttt
𝑟1, gttt

𝑟2, . . . , gttt
𝑟𝑛

), 𝑟 = 1, 2, . . . , 10} are
obtained. These three travel time estimation methods were
used to calculate the corresponding estimated travel time and
theMAE

𝑟
,MARE

𝑟
, and RMSE

𝑟
respectively. Finally, 10 sets of

three measures are obtained for each travel time estimation
method. The mean values and standard deviations are cal-
culated according to these 10 sets of data. The experimental
results are shown in Figure 2.

As shown in Figure 2, the three estimation models have
little differences in most cases. Particularly, the time slice
model and dynamic time slice model almost obtain the same
results. The instantaneous model outperforms other two
estimation models, although instantaneous model (IM) only
makes estimation according to the traffic condition when
vehicle enters the street. But under the traffic signal control,
the traffic flow has certain reproducibility. The vehicle’s
travel time can be accurately estimated when the vehicles
traverse the arterial street smoothly.Therefore, in subsequent
experiments, IM method is adopted to estimate the travel
time.

3. Sensor Location Setting in Single Link

In the urban transportation network, the movement of
vehicles is with some regularity due to the traffic signal
control. Generally it can be summarized as, after passing
through previous intersection, vehicles enter the street at
low speed or original speed. Then, the vehicles accelerate
to the maximum allowable speed and keep moving. When
approaching the next intersection, it determines whether to
slow down or keep moving at the original speed according to
traffic signals.The speed contour profile is shown in Figure 3.

The key point of estimating vehicle’s travel time on a
certain link is to find the vehicle’s average speed on that link.
Vehicle moves with different speed at different positions of
the link. In order to accurately estimate travel time, we need
to find an appropriate location for the sensor, making sure
that the instantaneous speed is close to the average speed.
Therefore, the location of sensor has great impact on the
travel time estimation error. Figure 4 shows the relationship
between travel time estimation error (MARE) and different
sensor locations when a sensor is placed on a 1 km link under
different arrival rates.

As can be seen from Figure 4, the smallest travel time
estimation error is obtained when the sensor is placed at the
50m, and the mean travel time estimation error of the four
arrival rates is about 8%. In the link from 100m to 850m, the
sensor location has little impact on travel time estimation and
the error is about 29%. In the 100m of downstream section,
the travel time estimation error increases about 120%.

Sensor location pattern is closely related to the vehicle’s
trajectory on the link. (i) If a vehicle enters the intersection
at a slow speed and the sensor is placed at the inlet (0m)
position, where the average speed is small, the estimation
error will be large. (ii) If the vehicle accelerates to the
maximum speed after entering the link, the vehicle speed
varies greatly within this distance (from 3.6 to 56.6 km/h),
so it is easy to find a position that can represent the average
speed of the link. (iii) The vehicle runs at the limited speed
in the middle section of the link, and the speed fluctuation
is small. Therefore, no matter where the sensor is placed, the
detected speed is almost equal to the maximum speed. Thus,
it cannot reflect the average speed on the link. (iv)Within the
100m in the downstream, vehicles enter the queuing area.The
length of queue increases as the arrival rate increases. When
the sensor is closer to the intersection, the sensor is likely
to be occupied by vehicles. When the sensor is occupied, it
cannot detect speed. The estimation error is large. However,
when the arrival rate is less than the saturation volume, the
number of queuing vehicles is small. All the vehicles can pass
through the intersection in a signal cycle. The proportion
of sensor’s occupied time is small. Therefore, the travel time
can be estimated. When the arrival rate is greater than the
saturated volume, vehicles at the tail of the queue need to
wait for two or more signal cycles before passing through
the intersection.The sensor is more likely to be occupied and
cannot obtain vehicle speed during a long period of time.



4 Discrete Dynamics in Nature and Society

10
12
14
16
18
20
22
24
26
28
30

0 1 2 3 4 5 6 7 8 9 10

M
ea

n 
ab

so
lu

te
 er

ro
r (

s)
M

ea
n 

ab
so

lu
te

 re
lat

iv
e e

rr
or

 (s
) (

%
)

Number of sensors 

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

Th
e s

td
. o

f M
A

E 
(s

)

0

5

10

15

20

25

30

35

0 1 2 3 4 5 6 7 8 9 10
Number of sensors

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

1.8

Th
e s

td
. o

f M
A

RE
 (s

) (
%

)

10

15

20

25

30

35

0 1 2 3 4 5 6 7 8 9 10

Ro
ot

 m
ea

n 
sq

ua
re

 er
ro

r (
s)

Number of sensors

IM
TSM
DTSM

0
0.2
0.4
0.6
0.8

1
1.2
1.4
1.6
1.8

2

0 1 2 3 4 5 6 7 8 9 10

Th
e s

td
. o

f r
oo

t R
M

SE
 (s

)

Number of sensors

0 1 2 3 4 5 6 7 8 9 10
Number of sensors 

0 1 2 3 4 5 6 7 8 9 10
Number of sensors 

IM
TSM
DTSM

Figure 2: Errors and their standard deviations versus number of sensors.

4. Sensor Location in Arterial Street

4.1. Sensor Location Model Description. A signalized arterial
street is usually composed of many links, and there is a
traffic signal between every two links. In order to study
sensor placement pattern in such a signalized arterial street,
we divide arterial street into equal-length cells, as shown in

Figure 5. If a cell is equipped with a sensor, then the sensor
will be placed on the cell’s right boundary. Section is defined
as the influential area of the sensor. The partition method is
given in previous section.

Assume that the entire horizon of the study is𝑇 and a total
of 𝑀 vehicles pass through the entire street. 𝐾 sensors will be
placed on the arterial street; that is, there will be 𝐾 sections.
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The actual travel time of the 𝑚th vehicle that passes through
the arterial is GTTT

𝑚
, which is obtained by simulation. The

estimated travel time is ETT
𝑚
, which is the total sum of 𝐾

sections’ estimated travel time ETT
𝑚𝑘
. The goal of sensor

location model is to minimize the error between estimated
travel time and actual travel time.The decision variable of the
model is 𝑥

𝑖
∈ {0, 1}, which indicates whether the sensor is

placed on 𝑖th cell.Themodel is shown as follows and is called
M1:

M1:

min 1
𝑀

𝑀

∑

𝑚=1



(∑
𝐾

𝑘=1 ETT𝑚𝑘) − GTTT
𝑚

GTTT
𝑚



, (5a)

subject to:
𝑁

∑

𝑖=1
𝑥
𝑖

= 𝐾, (5b)

𝑥
𝑖

∈ {0, 1} , (5c)

𝑌 is set of the index of 𝑥
𝑖

where 𝑥
𝑖

= 1,

𝑦
𝑘
is the 𝑘th element in 𝑌,

(5d)

Link

SectionCell Section

Sensor

Figure 5: Partitioned arterial street.

𝑠
𝑘

=

{{{{{{

{{{{{{

{

𝑦
𝑘+1 − 𝑦

𝑘−1
2

, 𝑘 = 2, . . . , 𝐾 − 1

𝑦1 +
𝑦2 − 𝑦1

2
, 𝑘 = 1

𝑦
𝐾

+
𝑁 − 𝑦

𝐾

2
, 𝑘 = 𝐾,

(5e)

ETT
𝑘

=
𝑠
𝑘

V
𝑘

⋅ 𝑙. (5f)

In M1, 𝑀 is the number of total vehicles, 𝑁 is the
number of cells, and 𝐾 is the number of sensors, namely, the
budget constraint. 𝑥

𝑖
is the decision variable, and 𝑥

𝑖
= 1

indicates that the 𝑖th cell has a sensor; otherwise, 𝑥
𝑖

= 0.
𝑦 represents the set of cells that are installed with sensors,
wherein the total number of elements is 𝐾. For instance,
if the entire arterial street is divided into 10 cells, budget
constraints are three sensors, 𝑌 = {3, 6, 8} means that sensors
are placed in the 3th, 6th, and 8th cells. 𝑦

𝑘
refers to the 𝑘th

element of set 𝑌, and 𝑆
𝑘
is the coverage area of 𝑘th sensor,

namely, the number of cells contained in the 𝑘th section,
which is determined by the position of adjacent upstream
and downstream sensors. When the positions of a group of
sensors are given, the length of 𝐾 sections can be calculated.
Also taking 𝑌 = {3, 6, 8} as an example, 𝑠

1
covers 4.5 cells,

𝑠
2
covers 2.5 cells, and 𝑠

3
covers 3 cells. 𝑉

𝑘
is the average

speed of section 𝑘 which is calculated according to the speed
detected by corresponding sensor. After solving this model,
the optimal sensor placement pattern can be obtained. Due to
the complexity of the combinational optimization problem,
exact algorithm is very hard. Thus, in our study, genetic
algorithm is employed.

In this section, a mathematic model is proposed to solve
the sensor placement problem in arterial street. It is a 0-1 pro-
gramming model. The objective function is to minimize the
relative travel time estimation error between estimated and
actual travel time. The input data of the model is travel time
information of all vehicles in computer simulation which
is treated as ground-truth travel time. Once the ground-
truth travel time information is given, and our proposed
mathematical programming model can decide the optimal
sensor placement pattern that minimizes the relative travel
time estimation error.Therefore, ourmodel is amathematical
model. In addition, the model is deterministic.

4.2. Case Study. In this study, we only consider the influence
of vehicle arrival rate and traffic signal strategy on sensor
placement pattern which are two major factors that affect
travel time on urban network. In the simulation, the signal-
ized arterial street is set as 3 km long, and it is composed of
6 links. Each link is 0.5 km long. Each link is divided into
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Figure 6: Speed contour plot in synchronized traffic signals.

five cells, and each cell is 0.1 km long. The limited speed
is 57.6 km/h. Vehicle arrival rate at the entrance is set as
400 vph, 800 vph, 1200 vph, and 1600 vph, respectively, and
arrival rate obeys Poisson distribution. When the arrival rate
exceeds the intersection capacity, there will be congestion.
In each simulation, the arrival rate is fixed. In the urban
transportation network, traffic signals strategy can greatly
affect the capacity of each intersection and thereby affect
the trajectory of vehicle after entering the arterial street.
Therefore, we need to consider different traffic signals strate-
gies. In this study, we consider three common traffic signals
strategies: synchronized traffic signals, green wave traffic
signals, and vehicle-actuated signals. In the experiment, we
analyzed three strategies separately under different vehicle
arrival rates.

4.2.1. Synchronized Traffic Signals. Synchronized control
refers that all intersections of the arterial street use the same
signal configuration and display the same traffic signal at
the same time. In the simulation, the signal cycle is set as
100 s, and green ratio is 50%. Vehicle’s speed trajectories
under different arrival rates are shown in Figure 6. The 𝑥-
axis represents time, and the 𝑦-axis represents the vehicle
position. Speed is represented by different colors. Color
change from red to blue refers to the gradual decrease of

speed. Each row represents the speed variation of the same
position at different time points. Each column represents the
speed of each position at the same time.

According to Figure 6(a), the arrival rate is 400 vph,
which is far less than the intersection capacity. In the whole
simulation horizon, the number of vehicles that arrive at
the intersection is small, and all vehicles can pass through
the intersection within one signal cycle, so the queue length
of each intersection is short. In Figure 6(b), the vehicle
arrival rate is approximately equal to the intersection capacity.
Because the arrival rate obeys Poisson distribution, vehicles
have different actual arrival rates in each signal cycle. Some
arrival rates are greater than the intersection capacity, and
some are less than the intersection capacity. When the arrival
rate is greater than the intersection capacity in a signal cycle,
there will be multiple queues. While the queuing at the
downstream intersection spreads to the upstream, it reduces
the actual capacity of upstream intersection, making the
queuing at upstream section much longer as the first and
second intersections after 2000 s shown in Figure 6(b).When
the arrival rate is much greater than the intersection capacity,
some queuing vehicles may not be able to pass through the
intersection within one signal cycle. Vehicle release rate will
be exactly equal to the intersection capacity; that is, the
arrival rate of the next intersection is equal to the intersection
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Table 1: Comparison among different arrival rates.

Arrival rate
(vph)

Number of
sensors Sensor location pattern

400
800
1200
1600

6

500, 600, 1100, 1700, 2900, 3000
500, 600, 2000, 2300, 2500, 3000
1000, 1100, 1300, 2100, 2500, 2900∗
200, 500, 800, 1600, 2500, 2600

400
800
1200
1600

5

1100, 1200, 1300, 1500, 1700
200, 600, 1100, 1800, 2200

1000, 1200, 2000, 2300, 2900∗
100, 600, 1600, 2200, 2800

400
800
1200
1600

4

500, 800, 1900, 2300
500, 2100, 2700, 3000
200, 500, 1100, 2800
200, 400∗, 600, 2900

∗The sensor is located in the queuing area.

capacity. This intersection will not form a secondary queue.
As shown in the yellow rectangle of Figures 6(b), 6(c), and
6(d), if the queue of vehicles at the upstream intersection
is too long, then the queue of vehicles at the downstream
intersection is short.

Table 1 shows the optimal sensor placement pattern of
certain number of sensors at different arrival rates. Some
observations can be summarized as follows; (i) among the
12 optimal sensor placement patterns, only three patterns set
the sensor in the queuing area (blue area in Figure 6). The
bold numbers in Table 1 represent the queuing area, and the
corresponding influence areas of the 3 sensors are very short
which are 300m, 400m, and 200m, respectively. In these
three areas, blue area takes up a large proportion; that is,
the average speed of vehicles is small. The queuing is fairly
severe. Thus, when sensor is placed in the queuing area, the
corresponding influence area is with long queuing length.
This is because the average speed in queuing area is small.
It has great impact on the estimated travel time. The sensor
should not be placed in the queuing area. When sensor is
placed in the queuing area, its corresponding detection range
should not be too large, and it should be able to accurately
capture the length of the queuing. (ii) Among the 12 optimal
placement patterns, 9 patterns set sensors at one or more
stop line positions (positions 500, 1000, 1500, 2000, 2500, and
3000). Compared with other locations, the average speed of
vehicles at stop lines has the largest variations, and the speed
profile at stop line is repetitive with regard to cycle time.
When the red traffic light is on, the speed is 0. When the
green light is turned on, the speed gradually increases to the
maximum speed of 57.6 km/h. When the arrival rate is small,
the number of queuing vehicles is small, and then the average
speed is high. When the arrival rate is large, the number of
queuing vehicles is large, and then the average speed is low. In
addition, speed variation is determined by both the upstream
queuing and downstream traffic congestion situation. Thus,
when there are a lot of vehicles queuing at both the upstream
and downstream links, the sensor at stop line can timely and
flexibly detect the variation of traffic situation. (iii) When
the number of sensors is fixed, the corresponding sensor
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Figure 7: Comparison amongMARE in different number of sensors
for synchronized traffic signals.

placement patterns of different arrival rates vary greatly. This
is because different arrival rates leads to different queue
lengths, so the position of sensor should be determined by
the road conditions.

In Figure 7, each point represents the travel time esti-
mation error under the optimal sensor placement pattern.
This pattern is obtained under certain arrival rate and certain
number of sensors. When the arrival rate is 800 vph, 4
sensors are better than 5 or 6 sensors. When the arrival rate
is 1600 vph, 5 sensors are better than 6 sensors. Therefore,
optimizing the sensor placement pattern can reduce errors
and number of sensors. When the number of sensors is
4, MARE is in proportional with the arrival rate; that is
in this case, the estimation error cannot be reduced by
changing sensor location. However, the estimation error can
be reduced by increasing the number of sensors.

4.2.2. Influence of Green Ratio. Green ratio is an important
parameter in traffic signals strategy. Congestion occurs when
traffic volume is greater than the intersection capacity. In
order to timely dissipate queuing vehicles, green ratio should
be lengthened. When traffic volume is less than the inter-
section capacity, the green ratio should be carefully reduced.
Green ratiowill directly affect intersection capacity.When the
arrival rate is a constant, vehicle queuing will change, thus
affecting the position of sensor.

In order to study the influence of sensor location on
estimated travel time under different green ratios, we set
three green ratios, which are 40%, 50%, and 60%, respectively.
Other parameters are the same as previous section. By using
genetic algorithm, the optimal sensor placement pattern and
the travel time estimation errors are obtained. As shown in
Figure 8, each point represents the travel time estimation
error of the optimal sensor placement pattern. It can be seen
from Figure 8 that, regardless of the number of sensors, small
green ratio causes larger travel time estimation error. The
reason could be explained as that traffic condition becomes
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Figure 8: Comparison among different green ratios.

congested and complicated as the green ratio reduced.There-
fore, it is hard to predict the travel time.

4.2.3. Green Wave Traffic Signals. Green wave control means
that if a vehicle passes through one intersection at a given
speed with a green light phase, it will pass through all the

downstream intersections at green light phase [31].The offset
time of adjacent intersection’s traffic signal equals to the
length of the section divided by the given speed. If the vehicle
meets a red light phase at the intersection, it will stop andwait.
When the light turns green, the vehicle accelerates from zero
to the limited speed and moves to the next intersection. The
average speed of vehicle on the link is slightly less than the
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Table 2: Comparison among different arrival rates.

Arrival rate
(vph)

Number of
sensors Sensor location pattern

400
800
1200
1600

6

600, 700, 900, 1500, 2600, 3000
700, 1000, 1300, 1400, 2300, 2700
1500, 1700, 1800, 2100, 2600, 2800
800, 1200, 1400, 2300, 2400, 2800

400
800
1200
1600

5

1400, 1900, 2200, 2500, 3000
900, 1300, 2700, 2800, 3000
900, 1300, 1400, 2500, 2900
700, 800, 1600, 2400, 3000

400
800
1200
1600

4

1200, 1500, 2200, 2800
600, 800, 1100, 1300

1200, 1500, 2700, 2800
1300, 1500, 2600, 3000

limited speed and travel time is slightly larger than the offset
time. Therefore, during the green light period, if the number
of queuing vehicles exceeds the intersection capacity, vehicles
in the front of queue can successfully pass through the next
intersection. However, vehicles in the tail part of the queue
will meet red light at the next intersection.

In our simulation, the signal cycle is set as 100 s. Green
ratio is 50%. Each link is 0.5 km long. The limited vehicle
speed is 57.6 km/h. The relative offset time between adjacent
intersections is 32 s.Therefore, there will be a band alongwith
the arterial street. As long as the vehicle arrives within the
band and keeps moving at the limited speed of 57.6 km/h, it
can travel smoothly through the all intersections. Figure 11
shows the speed trajectories under four different arrival rates.
Generally speaking, vehicles can move at the maximum
speed on the road most of the time and can smoothly pass
through each intersection. If the arrival rate is greater than the
intersection capacity, the first intersection will have a small
number of queuing vehicles; this is, because some vehicles
enter the arterial street at a smaller speed, their travel time on
the link is greater than the travel time of vehicle which moves
at the limited speed (offset time). They will meet red light at
the first intersection.

Table 2 shows the corresponding optimal sensor place-
ment patterns of fixed number of sensors for different arrival
rates. All sensors are set after the first intersection. This is
because the first link has stable traffic condition without any
fluctuations under different arrival rates. This can be seen
from the four subgraphs of Figure 9. In the section from
0m to 500m, the vehicle accelerates to maximum speed and
moves to the first intersection after entering the arterial. In
this section, the speed trajectory is very similar. Besides,
like the synchronized traffic signal strategy, 10 out of the 12
patterns set the sensor on one or more stop lines.

Figure 10 shows the estimation error under the optimal
sensor placement pattern for greenwave traffic signal control.
Compared with other two signals strategies, it is easier to
estimate the travel time under green wave control. The
estimation error is less than 2%. Regardless of the arrival
rate, the travel time estimation error is minimized when
the number of detectors is 4. This is because that the traffic

condition is simple under the green wave traffic signals.
When the traffic is not complicated, less sensors should be
placed. When traffic condition is very complicated, more
sensors should be placed.

4.2.4. Vehicle-Actuated Traffic Signals. The above two traffic
signals strategies are fixed traffic signal control method.They
are developed based on historical data. The disadvantage of
these strategies is that it is unable to meet real-time changes
of traffic flow. In order to overcome this deficiency, vehicle-
actuated signals [32] are adopted. This strategy changes the
green time adaptively according to real-time traffic volume.

In the simulation of vehicle-actuated control, we set each
intersection’s signal cycle as 100 s. The minimum green time
is 50 s. The maximum green time is 70 s. The unit extension
interval is 3 s. When the arterial street gets the access right,
the signal system will first give the signal phase a minimum
green time of 50 s, enabling the vehicle that has arrived at the
intersection to pass through the intersection. If there is no
vehicle after this, the access right will be transferred to the
subsequent link. If a vehicle is detected within the green time,
the green time will be extended a unit time interval of 3 s.The
maximum extension can be 70 s.

Figure 11 is the speed trajectory for 4 different arrival
rates. Comparedwith the synchronized traffic signals control,
the queuing length at the intersection is shorter, and large-
scale long queue appears only once when the arrival rate is
1600 vph. When the traffic volume is large, the signal system
can detect the changes of volume, increasing the green time in
a timelymanner. As a result, intersection capacity is improved
and vehicle queue length is reduced. By comparing Figures 6
and 11, it can be seen that, under the vehicle traffic signals
control, the average vehicle queue length is short.

The optimal sensor location pattern under vehicle-
actuated traffic signals control is shown in Table 3. The
corresponding travel time estimation error of each optimal
sensor mode is shown in Figure 12. Similar to synchronized
traffic signals control, among the 12 optimum placement
patterns, only three patterns set the sensor in the queuing
area (see the bold numbers in the table). Two of these three
sensors have small detection coverage area, which are 250m
and 400m, respectively. 12 sensor location patterns all choose
to place the sensor on a stop line. As can be seen from
Figures 11(c) and 11(d), blue area takes up a large proportion
in these two areas; that is, the average speed of vehicles is
small and the queuing situation is severe. Thus, when the
sensor is located in queuing area, its corresponding influence
area is the area with long queues. This is because the average
speed of queuing area is small which has great impact on the
estimation of travel time.The sensors should be avoided from
being placed in queuing area. When the sensor is placed in
the queue area, its corresponding influence area should not
be too large. It should accurately correspond to the length
of the queue. In addition, it can be seen from Figure 12 that
(i) the travel time estimation error calculated by different
number of sensors differs slightly for different arrival rates.
(ii) As for a fixed number of sensors, travel time estimation
error increases as the arrival rate increases. (iii) Regardless of
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(d) Arrival rate is 1600 vph

Figure 9: Speed contour plot in green wave traffic signals.
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Figure 10: Comparison among MARE in different number of
sensors for green wave traffic signals.

arrival rate, the estimated travel time predicted by 6 sensors
is the most accurate. The number of arrived vehicles within
one signal cycle changes the green time length adaptively,

resulting in the change of intersection capacity. The traffic
condition of each link becomes more dynamic and random
which differs greatly from the cyclical and repetitive traffic
condition under synchronized control. Therefore, it requires
more sensors to estimate travel time.

Through experimental analyses of these three traffic
signals strategies, observations are stated as follows: (i) when
the sensor is located in the queuing area, its corresponding
influence area is short. Its length should be close to the
queuing length. Therefore, when a sensor is located in the
queuing area, some sensors should be set in the adjacent
upstream and downstream areas in a cooperative manner.
(ii) Stop line is an ideal sensor position place. Compared
with other location places, the average speed of vehicles at
stop lines has the largest variations. Small arrival rate may
cause fewer queuing vehicles. The average speed is high. A
large arrival rate may cause more queuing vehicles, where the
average speed is low.The sensor can timely and flexibly reflect
the traffic conditions. (iii) Under simple traffic situation
where vehicle speed is stable with small speed fluctuation, few
sensors can accurately estimate travel time. Otherwise, more
sensors are needed.
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Figure 11: Speed contour plot in vehicle-actuated traffic signals.

Table 3: Comparison among different arrival rates.

Arrival rate
(vph)

Number of
sensors Sensor location pattern

400
800
1200
1600

6

200, 300, 500, 1100, 1400, 1800
400, 500, 1200, 1400, 1900, 2800
500, 600, 1900, 2200, 2600, 2900∗
500, 900∗, 1300, 1400, 2100, 2600

400
800
1200
1600

5

600, 700, 1300, 1500, 2200
600, 900, 1100, 1500, 1900
100, 500, 1800, 2100, 2400
900∗, 1000, 1900, 2300, 3000

400
800
1200
1600

4

600, 1000, 1100, 1700
400, 500, 1400, 2600
100, 500, 1300, 1900
300, 700, 1000, 2100

∗The sensor is located in queuing area.

5. Conclusion

The paper studies the sensor location problem in urban
arterial street for travel time estimation and proposes optimal
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Figure 12: Comparison among MARE in different number of
sensors for vehicle-actuated traffic signals.

sensor location model (M1) to obtain the minimum travel
time estimation error. Based on this model, the influence of
traffic signals strategies on sensor location is also discussed.
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By comparing the synchronized traffic signals, green wave
traffic signals, and vehicle-actuated signals, it is found that
sensor should not be placed in vehicle queuing area. If the
sensor is located in the queuing area, its associated coverage
area should include the vehicle queuing area as precise as
possible. Intersection stop line is an ideal sensor position.
There is not any fixed sensor position that can cope with
all traffic conditions, and the sensor location should be
determined according to the characteristics of traffic flow
on the road. Under simple traffic situation where vehicle
speed is stable and speed fluctuation is small, few sensors
can accurately estimate travel time. In case of complex traffic
conditions with large fluctuations of vehicle speed, more
sensors are required to estimate travel time.

The future research direction can be considered as fol-
lows: (i) our study only takes into account the traffic condition
of single lane with fixed traffic volume, and the future
research can consider more complex traffic situations, such
as the dynamic changes of multilane road with dynamic
traffic volume and other real phenomena that match with
actual road conditions. (ii) The future research can take this
study on urban arterial street as background, taking into
account the vehicle turnings, and study the sensor location
under the road network layout. (iii) A more efficient model
for algorithm should be explored in the future research,
although the genetic algorithm used in the paper is an
effective solutionmodel. (iv)The study only seeks the optimal
sensor location for travel time estimation. Future research can
focus on optimized combination of more traffic information
applications or more information applications.
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This paper is on the purpose of developing a segmented signal progression model for modern streetcar system.The new method is
presentedwith the following features: (1) the control concept is based on the assumption of only one streetcar line operating along an
arterial under a constant headway and no bandwidth demand for streetcar system signal progression; (2) the control unit is defined
as a coordinated intersection group associatedwith several streetcar stations, and the control jointsmust be streetcar stations; (3) the
objective function is built to ensure the two-way streetcar arrival times distributing within the available time of streetcar phase; (4)
the available time of streetcar phase is determined by timing schemes, intersection structures, track locations, streetcar speeds, and
vehicular accelerations; (5) the streetcar running speed is constant separately whether it is in upstream or downstream route; (6) the
streetcar dwell time is preset according to historical data distribution or charging demand.The proposed method is experimentally
examined in Hexi New City Streetcar Project in Nanjing, China. In the experimental results, the streetcar system operation and the
progression impacts are shown to affect transit and vehicular traffic. The proposed model presents promising outcomes through
the design of streetcar system segmented signal progression, in terms of ensuring high streetcar system efficiency and minimizing
negative impacts on transit and vehicular traffic.

1. Introduction

Modern streetcar system is similar to light rail systems and
operates along shared or segregated right-of-way. The main
difference between light rail and modern streetcar system is
the degree of integration into the urban environment and
the scale of the associated infrastructure [1, 2]. Given its
potential value as an efficient, energy-saving, environmental,
and comfortable urban transit mode, there has been a
significant increase in the use of the modern streetcar system
in Europe since the late 1990s and is currently fast growing
throughout the world. Take China as example; modern
streetcar systems in some cities of China, such as Beijing,
Shanghai, Tianjin, Suzhou, Shenyang, andDalian, are already
under operation. In addition, more streetcar systems are still
under construction in more than 30 other cities. By 2020,
China will have built more than 100 modern streetcar lines
with the total length of 2,500 kilometers.

Although modern streetcar system is considered as an
important mode of urban transit systems in China, it still
faces massive challenges in its construction and development
due to existing conflicts between the streetcars and other
vehicles at the intersection. And these problems are even
exacerbated since a growing number of vehicles are on the
urban streets, with the rapid urbanization and motorization
of China. Table 1 presents a series of evening-peak (16:30–
18:30) operating data collected from the Shanghai, Tianjin,
and Dalian modern streetcar systems between February 24
and March 2, 2014. In this table, dwell time denotes the time
a streetcar spends at the station; intersection delay denotes
the streetcar deceleration time, stop time, and acceleration
time at the intersection; total delay equals a sum of dwell
time and intersection delay. The data involves Zhangjiang
Streetcar 1# in Shanghai city (10 km long, 15 stations), Binhai
NewCity Streetcar 1# in Tianjin city (7.9 km long, 14 stations),
Streetcar 201# (11.6 km, long 19 stations) and Streetcar 202#
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Figure 1: Track locations of modern streetcar systems.

(12.6 km long, 19 stations) in Dalian city. The data shows a
high proportion of delay (23.63%) and stops (38.25%) at the
intersection.

Hexi New City Streetcar 1# and Qilin Streetcar 1# in
Nanjing city is the first two off-wiremodern streetcar systems
of Jiangsu province. Furthermore, Hexi New City Streetcar 1#
is planned to operate on August 1, which is specially prepared
for the Second Summer Youth Olympic Games in Nanjing.
Aiming at making Hexi New City Streetcar 1# system more
reliable, faster, and cost-effective, Southeast University and
Les Information Technology Co., Ltd., are commissioned to
study on its priority strategies by Nanjing Department of
Transportation. This paper introduces a segmented signal
progression methodology for the modern streetcar system in
detail.

This paper is organized into six sections. Section one
is the introduction which has been discussed above. The
next section gives a review of the literature for studies
and experiences of streetcar system priority strategies. It
is followed by the control framework outlines of the basic
control concept, model assumption, design process, and
notations adopted. The formulation of the objective function
and its constraints are given in theModelingMethodology. It
is followed by the results obtained through microsimulation
and the discussion of the results, with preoperating data of
Hexi New City Streetcar 1#. In the last section, the major
conclusions of the study and the promising directions of the
future research are presented.

2. Literature Review

Modern streetcar system is confronted withmany challenges,
such as poor traveling speeds, unreliability, safety, and diffi-
culties in providing universal access [3]. With the consensus
being that Transit Signal Priority (TSP) is identified as a
cost-effective way to make on-street transit faster, safer, more
reliable, and cost-effective [4], researchers have focused on
methodologies of streetcars’ signal priority strategy, bunching

control, and schedule optimization [5–8]. Some studies have
reported the benefits of various practices. The most classic
cases of TSP development are in Melbourne, Australia, and
Toronto, Canada [3].

In Melbourne, vehicular traffic has impacted streetcar
system efficiency to the extent that streetcar speed was in
the bottom 20th percentile of system operating speeds for
streetcar system services since early this decade. Statistically
speaking, the average operating speed of streetcar was merely
15.5 km/h, compared to 16.8 km/h in Brussels, 19.1 km/h in
Berlin, and 19.3 km/h in Prague [9]. The major difference
in operational terms between Melbourne’s streetcar systems
and other international systems is that Melbourne’s systems
do not provide enough priority for streetcars like the over-
seas examples. Hence, Melbourne launched two projects to
improve the streetcar system efficiency. The main policy ini-
tiative is called “Think Tram.” The other is called the “Route
109” Project. They both carry out a series of infrastructure
improvement projects to achieve a high level of streetcar
system service. The projects mainly include hardware facility
developing and TSP upgrading [10]. Subsequently, a new
generation of TSP is under way, which is called Dynamic
Signal Priority (DSP) Project. One advantage of this project
is the application of conditional priority control. It makes
priority more conditional on the degree of traffic congestion
experienced.Another is to resolve competing calls for priority
(conflicts) in an intelligent manner. It provides priority in a
variable manner dependent on a weighting factor given to
each priority call. The weighting factor is determined by the
degree of lateness of a streetcar [11].

In Toronto, a Transportation Vision of Toronto Official
Plan is focused largely on transit infrastructure investment
and transit priority control [12]. To translate the vision
statements and principles of potential transit priority benefits
into reality and quantity, the 504 King streetcar route in heart
of Toronto is chosen as a case study. Four priority schemes
aremodeled in amicrosimulation framework, which includes
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Figure 2: Distribution of dwell times.
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Figure 3: Basic layouts of the section.

unconditional signal priority, turning off signal priority, pro-
hibiting all left turns, and finally prohibiting traffic fromKing
Street. The results show that potentially transforming the
arterial into a transit mall accessible only to streetcar systems
is recommended [13]. Proof-of-Payment and Multiple-Unit
streetcar systems operations are investigated by amicroscopic
traffic simulation model of the 504 King and the 512 St. Clair
streetcar routes in Toronto.They display a better performance
than Pay-on-Entry and Single-Unit on headway variability,
capacity, and operating speed for streetcar systems [14]. The
City of Toronto andToronto Transit Commission confirm the
studies and implement an aggressive plan to ensure streetcar
system priority. The plan includes Dedicated Right-of-Way,
Active Transit Signal Priority, Multiple-Unit Operation, and
Proof-of-Payment [15].

In other cities like San Diego and Shanghai, streetcar
systems are allocated with median streetcar-only lanes in

the segment and provided with passive priority at the inter-
section. The priority systems share the following features:
the lines are set with near-side stations; the signal timing is
fixed; the streetcar dwells in station only if its phase is green
[16]. The priority systems in the two cities rely on operators’
subjective judgments and transfer the intersection delay to
the station dwell time.

The studies and practices in Melbourne, Toronto, San
Diego, and Shanghai indicate that there are two measures
mainly utilized to achieve streetcar system high efficiency.
One is the infrastructure development to separate streetcars
and motor vehicles to a maximal extent possible. The other
is the advancement of TSP algorithms (Figure 1). With these
steps, all of the four cities have increased the efficiency of
streetcar operations. Particularly in Melbourne and Toronto,
they have proved to gain significant progresses of a reduction
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level of demand.

(6%–10%) in streetcar travel times [11]. Despite the promis-
ing progresses in previous studies, there is still insufficient
research on freshly hatched modern streetcar systems. For
example, Hexi New City Streetcar 1#, in the City of Nanjing,
is a significant project during the Second Summer Youth
Olympic Games. It is allocated with up to date infrastructure,
100% modern low-floor vehicles, and dedicated right-of-way
along the whole route, except intersections. Nevertheless,
there is a lack of adequate historic data supplies to support
the design of TSP schemes for it, according to the previous
methodologies. Now that it is hard to develop an active signal
priority strategy, the pressing matter of the moment is to set
up a background signal progression scheme for the system.
Additionally, there is not enough research on the background
signal progression formodern streetcar system.The objective
of the study is to propose and demonstrate a methodology
of segmented signal progression for the modern streetcar
system.

3. The Control Framework

3.1. Basic Control Concept

3.1.1. Unnecessary to Provide Bandwidth for Streetcar System.
Modern streetcar system is an important auxiliary and
extension for subway in China. Based on the experience
of the completion of some projects in Shanghai, Shenyang,
Zhuhai, Shenzhen, Suzhou, and Nanjing, the system costs
nearly 25,000,000 USD per kilometer, which is a higher cost
compared to other on-street transit systems’ cost. Hence,
partly for the cost concern, an arterial usually lays only one
streetcar line in China. Moreover, it rarely occurs that two
or more streetcars arrive at intersection at the same time.
Therefore there is no need to provide maximized bandwidth
for streetcar systems.

3.1.2. Dividing the Arterial into Several Control Units. The
uncertainty of streetcar dwell time is a major cause which
troubles the signal progression implementation for modern
streetcar system. Specifically, if the arrival time of the streetcar

is within a set time period, the streetcar can enjoy progression
which has already been set up. And if not, the streetcar cannot
enjoy that progression. The arrival time of the streetcar
depends on its running speed and dwell time at each station.
While the running speed can be guaranteed with streetcar-
only lanes, the dwell time is the main factor affecting the
actual arrival time of the streetcar deviating from specific
time at the intersection. Moreover, the more the number of
the stations is, the greater the uncertainties of dwell time will
be. And uncertainties of dwell time at each station will be
added up to aggravate the arrival time fluctuation. Hence,
the arterial for the signal progression implementation should
be divided into several control units. The endpoint of each
control unit is set up to be an error calibration place for the
next control unit.

3.2. Model Assumption. The assumptions of the models in
this study are given as follows.

(1) There is only one modern streetcar line operating
along an arterial and no other streetcar lines go across
it.

(2) All of the intersections are controlled by traffic sig-
nals.

(3) Modern streetcar systems are provided with dedi-
cated right-of-way in the segment between two inter-
sections.

(4) There never exists such a situation that two or more
vehicles from the same direction arrive at one inter-
section at the same time.

(5) Streetcar dwell time, like dwell time of on-street
transit, follows a certain distribution function.

(6) Dwell time for passenger service or streetcar charging
is within passengers’ toleration time.

(7) Deceleration and acceleration times are seen as a part
of streetcar running time.

(8) For simplicity of elaboration, the start of signal
progression time for the segment is set to zero.

By all the assumptions above, the effective construction of a
segmented signal progressionmodel for themodern streetcar
system can be achieved. And it is allowed to be formulated in
a statistical framework.

3.3. Design Process. The specific steps are summarized as
below.

(1) Determining the control unit: the control unit usually
contains several coordinated intersections associated
with no more than 5 streetcar stations. The control
joints must be stations. The specific number of inter-
sections and stations is up tomanagers, depending on
their control demand.

(2) Outlining the background signal timing schemes:
the background signal timing schemes are set up
with Webster method based on vehicular traffic
characteristics. Public cycle time of the control unit
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Figure 5: Impacts of streetcar departure intervals on streetcar system progression.

is determined by a key intersection, whose traffic
demand is the largest or whose position is the most
critical.

(3) Building signal progression models: two series of
models for upstream anddownstream streetcar routes
are built separately, which keep a streetcar passing
through each intersection at an ideal time.

(4) Defining the constraints: set up constraints for the
models, including the signal cycle time constraint,
streetcar running speed constraint, available passage
time constraint, and dwell time constraint.

(5) Searching for the optimal offsets: search for optimal
offsets which satisfy the two-way signal progressions
for the streetcar system.

3.4. Notations. Thenotations used in themodel are described
below.

𝑇: Public cycle time of the control unit (s)

𝐺allow: Available time for streetcar passage during the
streetcar phase (s)

𝑌: Yellow time (s)

𝐿
𝑖
: Length of route section 𝑖 (m)

𝐴
𝑗
: Time of an upstream streetcar arriving at inter-

section 𝑗 (s)

𝐴
𝑗
: Time of a downstream streetcar arriving at inter-

section 𝑗 (s)

𝑊
𝑖
: Dwell time of an upstream streetcar at station 𝑖 (s)

𝑊
𝑖
: Dwell time of a downstream streetcar at station 𝑖

(s)

𝑉up: Velocity of upstream streetcars (km/h)

𝑉down: Velocity of downstream streetcars (km/h)

𝑡
𝑗,allow/2: The median of available time for the
upstream streetcar passage during a streetcar phase at
intersection 𝑗 (s)
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Figure 6: Impacts of passenger flows on streetcars progression.

𝑡
𝑗,allow/2: The median of available time for the down-
stream streetcar passage during a streetcar phase at
intersection 𝑗 (s)

𝐸
𝑗
: Offset between intersection 𝑗 + 1 and intersection
𝑗 belonging to upstream route (s)

𝐸
𝑗
: Offset between intersection 𝑗 + 1 and intersection
𝑗 belonging to downstream route (s).

4. Modeling Methodology

4.1. Objective Function

4.1.1. Offsets Calculation for Upstream Streetcar Route. Street-
car running speed in this direction is set up constantly along

the segment. The arrival time at each intersection of an
upstream streetcar is calculated as follows:

𝐴
𝑗
=

𝑘

∑

𝑖=1
𝑊
𝑖
+
3.6 × ∑𝑗

𝑖=1 𝐿 𝑖

𝑉up
, (1)

where 𝑘 is the number of stations belonging to 1 to 𝑗 road
sections and 𝑘 ∈ [1, 2, . . . , 𝑛 − 1]; 𝑛 is the number of stations
belonging to the control unit; 𝑗 is an integer variable and 𝑗 ∈
[1, 2, . . . , 𝑚 − 1];𝑚 is the number of road sections belonging
to the control unit.

In order to make the arrival time of the streetcar at each
intersection exactly equal to the median of the available time
for streetcar passage, the arrival time is expressed as

𝐴
𝑗
= 𝑡
𝑗,allow/2. (2)
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Subsequently, the relative offset of two adjacent intersections
for upstream streetcar route is deduced as

𝐸
𝑗
= 𝐴
𝑗+1 − 𝐴𝑗. (3)

4.1.2. Offsets Calculation for Downstream Streetcar Route.
Repeat the work above for streetcar attached to the other
direction. The arrival time at each intersection of a down-
stream streetcar is calculated as

𝐴
𝑗
=

𝑛

∑

𝑖=𝑘+1
𝑊
𝑖
+

3.6 × ∑𝑚
𝑖=𝑗+1 𝐿 𝑖

𝑉down
. (4)

Aiming to make the streetcar arrive at each intersection in
the median of the available passage time, arrival time in this
direction is obtained and expressed as

𝐴
𝑗
= 𝑡
𝑗,allow/2. (5)

Naturally, the relative offset of the two adjacent intersections
in this direction is stated as

𝐸
𝑗
= 𝐴
𝑗
− 𝐴
𝑗+1. (6)

4.1.3. Offsets Optimization for Two-Way Progressions of Street-
car System. Ideally, a time when both upstream and down-
stream streetcars arrive at the intersection is expected, which
is the median of the available time for streetcar passage in the
streetcar phase. If not met, a situation is pursued, when the
two-way streetcar arrival times, both, surround the median
of available passage time as far as possible. The objective
function for the optimal situation is calculated as

Minimize
𝑚−2
∑

𝑗=1


𝐸
𝑗
%𝑇 + 𝐸

𝑗
%𝑇 − 𝑇 , (7)

where 𝐸
𝑗
%𝑇 and 𝐸

𝑗
%𝑇 indicate modular arithmetic.

4.2. Constraints

4.2.1. Cycle Time Constraint. The background signal timing
scheme is developed by Webster method. The public cycle
time of the segment is determined by the key intersection,
whose traffic demand is the largest or whose position is the
most critical. It makes little difference in traffic capacity at
the intersection when the public cycle time hovers ±5%. If
𝑇min denotes 0.95𝑇 and 𝑇max denotes 1.05𝑇, the cycle time
constraint is stated as

𝑇min ≤ 𝑇 ≤ 𝑇max. (8)

4.2.2. Streetcar Running Speed Constraint. For control con-
venience and operation comfortableness, the running speed
of the streetcar is set as a constant speed in its whole route
or at least in its control unit. However, it is unnecessary for
upstream and downstream streetcar running speeds to be
equal to each other. In this paper, the streetcar running speed
is stated as

𝑉min ≤ 𝑉up ≤ 𝑉max, (9a)

𝑉min ≤ 𝑉down ≤ 𝑉max. (9b)

4.2.3. Available Passage Time Constraint at the Intersection.
Vehicle length of modern streetcar is almost more than 20m.
A longer vehicle length means a longer running time for the
same journey. If a streetcar enters intersection at the end of
the streetcar phase, a conflict with other vehicles from the
next phase will occur. Subsequently, a clearance time needs
to be considered. So, the streetcar phase should be divided
into available passage time and streetcar clearance time to
avoid such time conflict. Modern streetcar track locations
generally consist of center lanes and roadside lanes, shown
as Figure 2. In the two situations, both available passage time
and clearance time are different.

If a modern streetcar system is allocated with central
lanes, for a given intersection 𝑗, the time for a streetcar to pass
through the intersection can be calculated as

𝑡str =
3.6 × (𝑑 + 𝐼/2)

Vstr
, (10)

where, Vstr is the velocity of the streetcar; 𝑑 is the vehicle
length of the streetcar; 𝐼 is the intersection width along the
track.

Time for a vehicular traffic to arrive at the conflict point
can be calculated as

𝑡veh = √
2𝐼

𝑎veh
, (11)

where, 𝑎veh is the acceleration of the vehicular traffic; 𝐼 is the
intersection width across the track.

In conclusion, the available passage time for streetcars on
central lanes can be shown as follows:

𝐺allow = 𝐺 + 𝑌 − (𝑡str − 𝑡veh) , (12)

where 𝐺 is green time of the streetcar phase.
As to modern streetcar systems on roadside lanes, the

time for vehicular traffic to arrive at the conflict point is
regarded as zero.The available passage time can be calculated
as

𝐺allow = 𝐺 + 𝑌 − 𝑡str. (13)

4.2.4. Dwell Time Constraint. Wire-free operation comes to
be an important trend for modern streetcar systems. Nice in
France has operated two short off-wire segments (435 and
483m) since 2007. Seville of Spain has taken a 450m off-wire
segment since 2010. Zaragoza began operating with a 2,000m
off-wire segment starting in 2012. Lots of other systems
with wire-free operation lines are now under construction,
including the First-Hill line in Seattle and several other cities
in Europe [2]. Particularly in Nanjing, two modern streetcar
systems of Hexi New City Streetcar 1# and Qilin Streetcar 1#
are both equipped with off-wire vehicles. However, a wire-
free line still needs power and corresponding distribution
at certain locations for charging purposes. Therefore, the
primary dwell time constraint is needed to meet the charging
demand.

The dwell time is mainly for passengers’ boarding and
alighting, which is usually random. Some studies suggest that
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Table 1: Average operating data of Shanghai, Tianjin, and Dalian streetcar systems.

Measure Value Measure Value
Average dwell time 17.49 s Average intersection delay 21.31 s
Average operating speed 17.28 km/h Average running speed 31.47 km/h
Proportion of dwell time 35.15% Proportion of intersection delay 64.85%

Table 2: Signal progression parameters based on the proposed model.

Signal intersection Cycle time (s) Offset (s) Minimum dwell time Streetcar running speed (ideal value)
Intersection 1 110 0

25 s 25–30 (27) km/hIntersection 2 110 55
Intersection 3 110 110
Intersection 4 110 170

the dwell time follow a certain distribution upon most occa-
sions, such as normal distribution, lognormal distribution,
and Wakeby distribution [17–19]. A peak exists in dwell time
distribution, and the probability tends to be zero on both
ends. A large-scale survey in Nanjing City was conducted by
School of Transportation Southeast University between May
27 and June 28, 2013. In this survey, we observed the dwell
time for passengers’ boarding and alighting at twelve stations
and then we discovered a common property, which is that
95.33% dwell times are less than 25 s. Hence, 25 s is taken
as the second dwell time constraint for passenger service.
Distributions of the dwell times related to Xuanwumen
Station and Taiping Beilu Station are illustrated in Figure 2.

5. Evaluation and Analysis

The VISSIM simulation software is further used to evaluate
the operational effects of the proposed model. The experi-
mental section is based on the Hexi New City Streetcar 1#.

5.1. Experimental Section. The experimental section is a part
of Hexi New City Streetcar 1# line. It begins from Olympic
East Station and ends at Yellow River Station. The section is
1.83 kilometers long, associated with four stations and four
signalized intersections, shown as Figure 3. The direction
from Olympic East Station to Convention Centre Station
is defined as the upstream route with a name of Tram 1,
while the direction fromYellowRiver Station toOlympic East
Station is defined as the downstream route named Tram 2.

5.2. Experimental Results and Analysis. In this section, signal
lights at intersections are coordinated and controllable with
the same cycle time. Since there is a heavy vehicular traffic in
Jiang-Dong Road, so, in the direction of Jiang-Dong Road,
green time is relatively longer for vehicles passing through
the road; thus green time takes up a significant portion of the
cycle. And it is long enough to ensure the streetcar passing
through the intersection. Furthermore, all turning traffic
along Jiang-DongRoadwill be forbidden, during a phasewith
streetcar traveling. As a result, the current background signal
timing scheme fits streetcar system well.

Hexi New City Streetcar 1# is lacking in statistical data
of dwell time, for sake of not being operated until August 1.
However, it is clear that 25 seconds are guaranteed for street-
car charging at each station.Therefore, 25 seconds is the only
constraint for dwell time. Table 2 shows the cycle time, offsets,
and running speed for the streetcar system progression of this
studied section, resulting from the proposed model.

5.3. Simulation Based on Analysis. Data is collected on week-
days under fine weather conditions between May 12 andMay
30, 2014. Measures of effectiveness including the streetcar
travel time, average vehicular delay at the intersection, and
average streetcar delay at the station are employed and
obtained from VISSIM. Hence, average streetcar delay at the
station means a period from the finish time of passenger
service to the deserved departure time of streetcar leaving
from the station, when passenger service time is less than 25
seconds. Each simulation runs for two hours and an average
value of the 10 times’ simulation is adopted.

5.3.1. Impact of Streetcar System Progression on Vehicular
Traffic. To investigate the impact of the streetcar system
progression generated by the proposed model on vehicular
traffic, a comparison of vehicular efficiency before and after
the project implementation is made.

Figure 4 shows the simulation results for low, medium,
and high volume cases. For each case, average delay at
the intersection is used to measure the vehicular efficiency.
Take the medium volume scenario as example; the average
intersection delay before the project implementation is 33.3 s,
25.4 s, 23.3 s, and 36.6 s from intersection 1 to intersection
4, while it is 34.9 s, 26.7 s, 24.2 s, and 33.3 s after the project
implementation. The biggest percentage increase in delay of
the intersections under the three volume scenarios is 5.12%.
It can be concluded that the streetcar system progression has
a negligible effect on the delay of vehicular traffic in the three
volume cases. That is because of the methodology having no
impact on the original timing scheme.

5.3.2. Impact of Streetcar Departure Intervals on Street-
car System Progression. Under a given passenger demand,
shorter departure intervals mean less boarding passengers
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and shorter dwell time at the station, while longer departure
intervals imply more boarding passengers and longer dwell
time. Supposing that the deserved dwell time for passenger
service was less than 25 seconds, streetcar delay at the station
occurs. However, if the necessary dwell timewasmuch longer
than 25 seconds, streetcars cannot enjoy the progression
either. Based on Figure 5, it can be concluded that average
streetcar delay at the station decreases with the increase of
passenger demand and unreliable probability of streetcar
travel time. Optimal departure intervals (22minutes per hour
for lower passenger demand, 16 minutes per hour for low
passenger demand, 13 minutes per hour for high passenger
demand, and 12 minutes per hour for higher passenger
demand) decrease from lower passenger demand scenario to
higher passenger demand scenario.

5.3.3. Impact of Passenger Volumes on Streetcar System
Progression. The impact of passenger volumes on streetcar
system progression is shown in Figure 6. Passenger volume
determines the dwell time of streetcar at stops, and also the
dwell time is the chief factor affecting the application of
streetcar progression.When passengers’ boarding and alight-
ing time is less than 25 s, the streetcar can enjoy progression,
but the delay of streetcar at stops occurs; when passengers’
boarding and alighting time is more than 25 s, the streetcar
cannot enjoy progression.The simulation analyzes streetcar’s
delay and travel time at stops under different passenger
volumes when the departure interval time is 6 minutes, 8
minutes, 10 minutes, and 20 minutes, respectively. It can be
shown that each passenger volume corresponds to an optimal
departure interval, and the departure interval decreases with
the increase of passenger volumes. If passenger volumes are
around this optimal passenger volume, streetcar experiences
an ideal travel time with a minimum delay at stops. It also
proves that the optimal passenger demand decreases with
the increase of streetcar departure interval. For example, in
Figure 6, passengers with the volumes 435, 290, 348, and 232
at stops 1, 2, 3, and 4 correspondingly seem to be the optimal
passenger demand when the departure interval is 6 minutes
in the streetcar system, while passengers with the volumes
165, 110, 132, and 88 at stops 1, 2, 3, and 4 correspondingly are
the optimal passenger volume when the departure interval is
20 minutes.

6. Conclusion

The proposed model in this study provides effective coor-
dinated priority for streetcars. Two features stand out with
it. Firstly, it does not adopt the concept of maximized
bandwidth, because there seldom exists a situation where a
queue of streetcars passes through the intersection. Secondly,
it presets a dwell time, during which streetcar charging
(such as 25 seconds at least) and passenger services (in 95%
occasions, passenger service time is less than 25 seconds)
are satisfied. Furthermore, it has the potential to be used in
setting up a background signal progression scheme for the
freshly hatched modern streetcar system.

In addition, a big concern for traffic and transit officials
is the negative impacts of streetcar system progression on
transit and vehicular traffic. Worries are unnecessary, due
to the little differences from the original signal timing
scheme. It practically indicates little change in the traffic
capacity. Besides, analysis shows that the vehicular traffic
delays in three volume scenarios, caused by streetcar system
progression, are all very small. It can be negligible when
compared to the benefits it brings to streetcar systems.

Also, the performance of the streetcar system progression
is validated by the case study results. Two conclusions are
drawn. One is that each passenger demand is matched with
an optimal departure interval. And it decreases with the
increase of passenger demand. The other is that the average
streetcar delay at the station gets significant, in cases where
departure intervals are much shorter than the optimal for a
given passenger demand. Likewise, streetcars deviate from
the signal progression, when departure intervals are much
longer.

In the future, modern streetcar dwell times associated
with passenger boarding and alighting characteristics at the
station are recommended to be analyzed based on large
amounts of statistical data. More extensive numerical exper-
iments and field tests are required to assess the effectiveness
and reliability of the proposed model, under various traffic
volumes, streetcar passenger demands, streetcar schedules,
and so forth. Further priority strategies for modern streetcar
system, such as Green Extension, Red Truncation, Phase
Insertion, and Phase Rotation, need to be developed, which
help to reply stochastic impacts of streetcar running speed
and dwell time causing streetcars to deviate from the progres-
sion.
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To design an efficient and economical timetable for a heavily congested urban rail corridor, a scheduling model is proposed in
this paper. The objective of the proposed model is to find the departure time of trains at the start terminal to minimize the system
cost, which includes passenger waiting cost and operating cost. To evaluate the performance of the timetable, a simulation model
is developed to simulate the detailed movements of passengers and trains with strict constraints of station and train capacities. It
assumes that passengers who arrive early will have more chances to access a station and board a train. The accessing and boarding
processes of passengers are all based on a first-come-first-serve basis. When a station is full, passengers unable to access must wait
outside until the number of waiting passengers at platform falls below a given value. When a train is full, passengers unable to
board must wait at the platform for the next train to arrive. Then, based on the simulation results, a two-stage genetic algorithm is
introduced to find the best timetable. Finally, a numerical example is given to demonstrate the effectiveness of the proposed model
and solution method.

1. Introduction

As the economy develops rapidly, deepening urbanization
and the increasing urban population lead to a large demand
for urban rail transit in many cities. In 2013, over 3.2 billion
and 2.5 billion passenger rides were delivered by the Beijing
and Shanghai subway systems, respectively; the average
passenger rides on weekdays are more than 10 million and
7 million, respectively [1]. With such high demand, making
urban rail transit more efficient has become a primary task
for many cities. To improve the service quality of urban rail
transit, a variety of operation strategies have been proposed,
such as adjusting the speed of trains [2] and optimizing
train formation [3]. Of all these strategies, timetable design
has been accepted as the most straightforward and effective
solution [4].

Timetable design problem (TDP) aims at determining
a preoperational schedule for a set of trains and follows
some train operational requirements [5]. The most popu-
lar technique to design timetable is to use mathematical
programming, which is initialized by Amit and Goldfarb

[6] in 1971 for railway transportation and developed by a
large number of researches (such as Carey and Crawford [7],
Castillo et al. [8, 9], and Castillo et al. [10]).

Although there are some differences between urban
public transportation and railway transportation, the math-
ematical programming method has still been introduced to
create efficient timetables for urban public transportation to
reduce passenger waiting time. Cury et al. [11], Furth and
Wilson [12], Wang et al. [13], and Barrena et al. [14] proposed
optimization models to design a timetable for a single line.
With the expansion of subway networks, some researchers
have attempted to set up a timetable for multiple services
in a connected transit network (de Palma and Lindsey [15],
Caprara et al. [16], Liebchen [17], Wong et al. [18], and
Aksu and Akyol [19]). However, most of them assumed that
the capacity of the trains is always sufficient to receive all
passengers who want to enter the train and the capacity of
the stations is large enough to receive all passengers who
need to be evacuated. Moreover, the average waiting time
of passengers is always simplified as half of the transporta-
tion headway. In fact, infinite capacity is unrealistic and
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the average waiting time of passengers may be longer when
capacity constraints are considered.

In order to provide a more efficient timetable for passen-
gers, vehicle capacity has been widely considered. Ceder [20]
first addressed the importance of ridership information and
stated that service frequency should correspond to temporal
passenger demand. One important target of this research is
to avoid overcrowding (in an average sense) on the vehicles.
For a further study, Ceder [21] proposed a scheduling model
to replace constant headway. In this model, the ridership of
each vehicle is under an ideal value. These models, however,
are not suitable for a public service with high frequency [22].
Koutsopoulos et al. [23] proposed a model to find optimal
headway by minimizing social cost. In their model, vehicle
capacity is indirectly incorporated in the inconvenience cost
due to crowding on the vehicles, and the inconvenience
cost will increase as the volume to capacity ratio increases.
However, as this setup will only increase the inconvenience
cost when the transit vehicle is more congested, it still allows
the capacity to be exceeded. Different from the three studies
above, the capacity constraints are strictly enforced in the
optimization models formulated in Sun et al. [4], Niu and
Zhou [24], Albrecht [25], Chen [26], and Hassannayebi et
al. [27]. In their models, all passengers boarding a vehicle
obey the first-come-first-serve (FCFS) principle and when a
vehicle is full, passengers unable to board must wait for the
next vehicle to arrive.Thus, the waiting time of a passenger is
the sum of time waiting for the first coming service and for
the next one as a result of previous boarding failure.

Although there is a comprehensive body of literature
on TDP, few studies have drawn attention to the limitation
of station capacity; also, the outside-station waiting time
(OSWT) caused by being unable to get into a crowding
station has always been neglected. In fact, waiting outside the
station is a common phenomenon in overcrowded urban rail
transit systems, such as subway systems in China. In order to
provide a safe and efficientmovement in stations, especially in
an underground station with more enclosed and very limited
internal space, operators will routinely restrict the number of
passengers in stations. That is to say, some passengers will
be required to wait outside the station when the number of
passengers in stations exceeds the safe-value. For example,
in Beijing, 63 urban rail stations mainly along Line 1, Line 5,
Line 6, Line 13, Batong Line, and Changping Line instituted
these restrictions since July 8, 2014, during a.m. peak hours.
And OSWT in some stations, such as ShaHe, an intermediate
station of Changping Line, is more than 20 minutes.

In addition, many studies in the area of TDP aim to
minimize the waiting time of passengers [24–27].This single-
sided approach, however, results in timetables with high
operational costs since timetables that offer the minimum
waiting time for passengers usually require a high-frequency
service even for transit lines with low demand. It should be
noted that, although studies such as the work in [24] do
not take operational interests into account explicitly, some
constraints are considered to restrict the operational costs
within reasonable values. A more realistic approach, which
is also followed in this paper, is to minimize an objective

321 nn − 1

f = 1 f = 2

· · ·

Figure 1: The representation of an urban transit rail line.

function that consists of both the operational and passenger
waiting costs, such as the approach proposed by [19].

This paper fully considers the constraints of station and
train capacities. Thus, the passenger waiting time can be
divided into three parts, namely, (1) initial platform waiting
time (IPWT), time spent waiting on the platform for the
first coming train; (2) extra platform waiting time (EPWT),
waiting time spent by left-behind passengers, who fail to
board the first coming train due to the limitation of train
capacity; and (3) OSWT, waiting time spent outside the
station.Then, an optimizationmodel is proposed to create an
efficient and economical timetable. The contributions of this
paper are summarized as follows.

(i) A simulation model is developed to simulate the
movements of passengers and trains with constraints
of capacities, such as train maximum capacity and
station safety capacity.

(ii) The total waiting time of passengers, which includes
IPWT, EPWT, and OSWT, is measured based on the
outputs of the simulation model.

(iii) An optimization model is proposed to minimize the
operational and passenger waiting costs; a two-stage
simulation-based genetic algorithm is developed to
solve the model.

The remainder of the paper is as follows. Section 2
describes the timetable design problem of urban rail line in
detail.The simulationmodel of an urban rail line is presented
in Section 3. Based on the simulation model in Section 3,
a two-stage simulation-based optimization approach is pro-
posed in Section 4. In Section 5, a numerical experiment is
performed to show the application of the proposedmodel and
solution algorithm.The final section concludes the paper and
discusses future research issues.

2. Timetable Design Problem

2.1. Problem Description. This paper focuses on the TDP of
an urban rail line with n stations, as shown in Figure 1. The
stations are numbered consecutively with the index values
1, 2, . . . , 𝑛, where stations 1 and 𝑛 denote the start terminal
and the return terminal, respectively. Each train departs
from station 1, makes a U-turn at station 𝑛, comes back
to station 1 after a given recovery time at return terminal
𝑛, and then prepares for a new departure. To simplify, all
trains are assumed to have the same travel time between
two consecutive stations and the same dwelling time at each
station. Thus, the TDP in this paper aims at determining a
departure schedule for trains at the start terminal.

Let [0, 𝑇] denote the study period; that is, 0 and 𝑇

represent the start and end of the study hours. To simplify
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the problem, the paper divides the continuous study period
[0, 𝑇] equally into a number of equal-length time intervals.
Then, the study period [0, 𝑇] can be represented as a set of
discrete time points of the form Γ = {0, 𝛿, 2𝛿, . . . , 𝑚𝛿}, where
𝛿 denotes the time interval which is equal to 𝑇/𝑚 and 𝑚 is
a positive integer. To simplify the presentation, we ignore 𝛿
and simply write Γ as {0, 1, 2, . . . , 𝑚}. We also assume that all
times (section running times of trains, etc.) aremultiples of 𝛿.
For example, a travel time of five units means, 5 × 𝛿 seconds.

Other assumptions made throughout the paper are
explained as follows.

Assumption 1. The distribution of passenger demand is given
and is steady during the study period.

Assumption 2. Whether a station is under an overcrowding
situation is decided by the number of waiting passengers in
station. That is, passengers cannot enter a station when the
number ofwaiting passengers at station is larger than the safe-
value. In fact, alighting passengers will also lead to a crowding
situation at station. However, it is difficult for operators to
forecast the number of alighting passengers of each train.
For simplification, we only forecast the maximum possible
number of alighting passengers. Then, the safe capacity for
waiting passengers is equal to design capacity minus this
maximum number.

Assumption 3. In general, passengers who arrive early will
have more chances to access a station or board a train.
In order to facilitate simplification, the paper assumes that
all passengers accessing a station or boarding a train obey
the FCFS principle. The passengers who fail to access an
overcrowding station or fail to board a full train must wait
for the next chance.

Assumption 4. Theproposedmodel focuses on reducing pas-
sengerwaiting time.The accessingwalking time of passengers
at a station is not considered in this model. Here, we assume
that the accessing walking time of passenger is assumed to be
fixed and equal to 0.

The following notations and parameters are used
throughout this paper.

Sets are as follows:

Γ: set of time intervals,
𝑁: set of stations,
𝑅: set of trains.

Indices are as follows:

𝑢, V: index of stations,
𝑗: index of passengers,
𝑟: index of trains,
𝑡: index of modeling time intervals, 𝑡 ∈ Γ,
𝑓: index of travel direction; let𝑓 = 1when a train travels

from start terminal to return terminal and 𝑓 = 2 for
the opposite direction.

Parameters are as follows:

𝜆
𝑡

𝑢
: number of passengers who arrive at station 𝑢 at time
𝑡,

𝜌
𝑢V: passenger destination probability, the probability of

potential destination station V from origin station 𝑢,
𝑞
𝑢
: total number of passengers who arrive at station 𝑢
during the study period,

𝑑
𝑢
: dwelling time at station 𝑢,

𝑠
𝑢,𝑢+1

: running time between stations 𝑢 and 𝑢 + 1
𝑒
1
, 𝑒
𝑛
: recovery times at start terminal and return terminal,

𝑟max: maximum number of trains
𝐾: prespecified fleet size,
𝑚: number of time intervals,
𝜑: train operating cost per vehicle per unit time,
𝜂: waiting time cost per passenger per unit time,

𝐻max: maximum service headway,
𝐻min: minimum service headway,
CT: maximum capacity of trains,
CS
𝑢
: design capacity of station 𝑢,

𝐿𝐴
max
𝑢

: maximum possible number of passengers alighting at
station 𝑢 during study period,

𝛾
𝑢
: maximum capacity for waiting passengers at station
𝑢, 𝛾
𝑢
= CS
𝑢
− 𝐿𝐴

max
𝑢

,
𝜃
𝑢
: threshold which is used to judge whether passengers
can access the overcrowding station 𝑢. Passengers
waiting outside the station can access station 𝑢 if the
number of passengers in station u is less than 𝜃

𝑢
⋅ 𝛾
𝑢
;

otherwise, they cannot access this station,
𝑤
𝑢,𝑡
: let 𝑤

𝑢,𝑡
= 1 if passenger can access the station 𝑢 at

time 𝑡, and 0 otherwise.

Intermediate variables in simulation modelare as follows:

𝑏
𝑡

𝑟
: number of boarded passengers on train 𝑟 at time 𝑡,

𝐿𝑂
𝑡

𝑢
: number of passengers waiting outside station 𝑢 at
time 𝑡,

𝐿𝑃
𝑡

𝑢,𝑓
: number of passengers waiting at time 𝑡 on the plat-
form of station 𝑢 to board on train in direction 𝑓,

𝐿𝐴
𝑡

𝑢
: number of passengers alighting at station 𝑢 at time 𝑡,

𝑇𝐷
𝑟

𝑢,𝑓
: departure time of train 𝑟 at station 𝑢 in direction 𝑓,

𝑇𝐴
𝑟

𝑢,𝑓
: arrival time of train 𝑟 at station 𝑢 in direction 𝑓,

𝑇𝑅
𝑢,𝑗

𝑡
: departure time of the first train for the direction of the
𝑗th passenger who accesses the station 𝑢 at time 𝑡,

𝑇𝐹
𝑟
: time by the end of the recovery operation after the
train 𝑟 returns to the start terminal,

𝑃𝐴
𝑗

𝑢
: arrival time of the 𝑗th passenger at station u,

𝑃𝐶
𝑗

𝑢
: accessing time of the 𝑗th passenger at station 𝑢,

𝑃𝐵
𝑗

𝑢
: boarding time of the 𝑗th passenger at station 𝑢,
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𝑁𝐹
𝑡
: number of idle train unit at time 𝑡; initialize𝑁𝐹

0
= 𝐾,

𝜎
𝑢,𝑡
: let 𝜎

𝑢,𝑡
= 1 if station 𝑢 is under an overcrowding

situation at time 𝑡 and 0 otherwise.

Decision variable is as follows:

𝑥
𝑡
: let 𝑥

𝑡
= 1 if a train departs from start terminal at time

𝑡 and 0 otherwise.

2.2. Model Formulation. The TDP in this paper aims at
determining the departure time of each service at start
terminal. The objective is to minimize the total cost of the
transit system 𝐶, which is the sum of the operating cost 𝐶𝑜
and the passenger waiting cost 𝐶𝑤. Thus, the problem can
then be formulated as follows:

Min𝐶 = 𝐶𝑜 + 𝐶𝑤, (1)

𝐶
𝑜
= 𝜑 ⋅ (2 ⋅ (

𝑛−1

∑

𝑢=1

𝑠
𝑢,𝑢+1

+

𝑛

∑

𝑢=1

𝑑
𝑢
) + 𝑒
1
+ 𝑒
𝑛
) ⋅ ∑

𝑡∈Γ

𝑥
𝑡
, (2)

𝐶
𝑤
= 𝜂 ⋅ ∑

𝑢∈𝑁

∑

𝑗∈[1,𝑞𝑢]

((𝑇𝑅
𝑢,𝑗

𝑃𝐶
𝑗

𝑢

− 𝑃𝐶
𝑗

𝑢
) + 𝛼 ⋅ (𝑃𝐵

𝑗

𝑢
− 𝑇𝑅
𝑢,𝑗

𝑃𝐶
𝑗

𝑢

)

+ 𝛽 ⋅ (𝑃𝐶
𝑗

𝑢
− 𝑃𝐴
𝑗

𝑢
)) ,

(3)

subject to

∑

𝑡∈[𝑡
1
,𝑡
2
]

𝑥
𝑡
≤ 1, 𝑡

2
= 𝑡
1
+
𝐻min
𝛿

− 1, ∀𝑡
1
, 𝑡
2
∈ Γ, (4)

∑

𝑡∈[𝑡
1
,𝑡
2
]

𝑥
𝑡
≥ 1, 𝑡

2
= 𝑡
1
+
𝐻max
𝛿

− 1, ∀𝑡
1
, 𝑡
2
∈ Γ, (5)

𝑥
𝑚
= 1, (6)

𝑏
𝑡

𝑟
≤ CT, ∀𝑡 ∈ Γ, ∀𝑟 ∈ 𝑅, (7)

∑

𝑓={1,2}

𝐿𝑃
𝑡

𝑢,𝑓
+ 𝐿𝐴
𝑡

𝑢
≤ CS
𝑢
, ∀𝑡 ∈ Γ, ∀𝑢 ∈ 𝑁, (8)

𝑤
𝑢,𝑡
=

{{

{{

{

1 if 𝜎
𝑢,𝑡
= 0 or ∑

𝑓={1,2}

𝐿𝑃
𝑡

𝑢,𝑓
< 𝜃
𝑢
⋅ 𝛾
𝑢

0 else,
, (9)

𝑁𝐹
𝑡
≥ 0, ∀𝑡 ∈ Γ, (10)

𝐿𝑃
𝑡

𝑢,𝑓
= 0, 𝑡 = 𝑇𝐷

𝑟max
𝑢,𝑓
, ∀𝑢 ∈ 𝑁. (11)

In this formulation, the objective function (1) minimizes
the total cost of transit system. Equation (2) calculates the
total operation cost𝐶𝑜, which is the sum of the operating cost
of all departure trains during the study period. Equation (3)
calculates the total waiting cost of passengers 𝐶𝑤, which is
the product of the number of passengers and their waiting
time. In general, total waiting time of a passenger can be
simply calculated by 𝑃𝐵𝑗

𝑢
− 𝑃𝐴
𝑗

𝑢
. However, passengers may

have different feelings for different kinds of waiting time [28],
especially for OSWT, since passengers may need to brave the
scorching sun or biting wind. Therefore, EPWT and OSWT
may be presented at a higher rank. Here, two magnification
factors 𝛼 and 𝛽 (𝛼, 𝛽 ⩾ 1) are introduced to describe this
higher rank.

Constraint (4) ensures that the headway between two
successive trains should meet the safety requirement. Con-
straint (5) ensures that the headway between two successive
trains should not be too long or else passenger will have to
wait long time. Constraint (6) predefines the last service of
the urban rail line. Constraints (7) and (8) correspond to
the limited capacity, ensuring that occupancy of trains and
stations is not more than capacity. Note that it is difficult
for operators to forecast the number of alighting passengers
of each train. Thus, a simplified constraint, ∑

𝑓={1,2}
𝐿𝑃
𝑡

𝑢,𝑓
+

𝐿𝐴
max
𝑢

< CS
𝑢
, is proposed to replace the original constraint

(8) based on Assumption 2. Constraint (9) guarantees that
the accessing process occurs only when the station is under
an undersaturated situation (𝜎

𝑢,𝑡
= 0) or the number of

passengers at the station is less than threshold (𝜃
𝑢
⋅ 𝛾
𝑢
).

Constraint (10) guarantees that there exist available train
units to depart from the start terminal at scheduled departure
times. Constraint (11) ensures that the train supply couldmeet
the total passenger demands during the study period.

For our case, the movement of passengers is restricted by
a series of constraints, and it is difficult to use mathematical
modeling approach to describe the detailed movement of
passengers or calculate passenger waiting time. Asmentioned
in [13], minimizing passenger waiting time is a nonlinear
nonconvex objective function and it is computationally
expensive to evaluate. Here, due to the nonlinear nature of the
optimization problem, an alternative approach, simulation
modeling, is proposed to evaluate solutions.

3. Simulation Model

In this section, a simulation model of urban rail line is
presented to evaluate the performance of timetables. It is
characterized by a discrete-event and synchronous simula-
tion to model dynamic processes. The simulation process is
illustrated in Figure 2.

As shown in Figure 2, six main events are defined
in the simulation model. They can be divided into two
kinds, namely, passenger dynamic event and train operation
dynamic event. The details of the events are described as
follows.

(1) Events concern the passenger dynamics: four main
events are defined to describe passenger dynamics. The
flowcharts of system events and the changes in variables
related to passenger arrival, accessing, boarding, and alight-
ing are shown in Figures 3, 4, 5, and 6, respectively. Every time
a new passenger arrives at the station, he or she accesses the
station based on the FCFS rule. If the number of passengers
in station is more than the safe-value, the passengers are
required to stay outside the station and wait for permis-
sion to access the station (Figure 4). In station, passengers
stay in a queue at the platform to board incoming trains.
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Figure 2: Framework of simulation model.
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Figure 3: Flowchart of passenger arrival event.

Theboarding processes of passengers also obey the FCFS rule.
The passengers who cannot board a full train should wait
for the next incoming train at the platform (Figure 5). The
variables in order to handle the logics and constraints, such
as the length of queues (𝐿𝑃𝑡

𝑢,𝑓
and 𝐿𝑂𝑡

𝑢
) and the load of trains

(𝑏𝑡
𝑟
), are updated at the time events. The arrival time (𝑃𝐴𝑗

𝑢
),

accessing time (𝑃𝐶𝑗
𝑢
), and boarding time (𝑃𝐵𝑗

𝑢
) are recorded

for calculating the waiting time of passengers.
(2) Events concern the train dynamics: two main events

are defined to describe passenger dynamics, namely, train
arrival event (Figure 7) and departure event (Figure 8). Every
time when a train needs to depart from the start terminal, the
number of idle train units (𝑁𝐹

𝑡
) should be checked. If there

exist available train units, the train can depart punctually
and the number of idle train units decreases (𝑁𝐹

𝑡
←

𝑁𝐹
𝑡
− 1); otherwise, the train cannot depart according to

the given schedule, which means the given timetable is
infeasible (Figure 8). After the train has departed from the
start terminal, the details of train timetable including arrival
time and departure time at each station are recorded at time
events. When the train returns to the start terminal, the
number of idle train units increases (𝑁𝐹

𝑡
← 𝑁𝐹

𝑡
+ 1) after a

recovery time.
Note that the maximum number of alighting passengers

(𝐿𝐴max
𝑢

) is an important factor, which determines the maxi-
mum capacity for waiting passengers (𝛾

𝑢
). However, it is hard

to forecast before the simulation.Thus, a feedback is designed
to adjust the value of 𝐿𝐴max

𝑢
to ensure that the number of

passengers in station is always under its design capacity.

4. Simulation-Based Optimization Approach

The TDP in this paper belongs to the NP-hard class (see
[29]), which is difficult to solve by gradient-based methods
or commercial optimization solvers. Therefore, an artificial
intelligence algorithm is needed to solve the model to ensure
that an optimal solution can be obtained within a reasonable
amount of time.

The genetic algorithm (GA) is a stochastic searchmethod
that is inspired by the natural evolution of species. Due to its
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Figure 4: Flowchart of passenger accessing event.
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Figure 5: Flowchart of passenger boarding event.
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Figure 7: Flowchart of train arrival event.

extensive generality, strong robustness, high efficiency, and
practical applicability, GA has become increasingly popular
in solving complex optimization problems since the seminal
work of Holland [30]. In particular, it has been successfully
applied to the research on transportation systems [5, 12, 14,
19, 20, 22]. In this paper, we apply GA to solve the proposed
model.

4.1. Solution Representation. As the decision variable 𝑥
𝑡
is

a binary variable, a solution 𝑋 = (𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑚
) can be

used as a chromosome in GA directly. It is obvious that the
proposed chromosome structure can represent every possible
solution, and the number of departing trains changes from
0 to 𝑚. However, due to the constraints in the optimization
model, most of the solutions are infeasible. For example, a
solution with a gap or closeness between departures may
not satisfy constraint (4) or (5). Thus, it is time-consuming
to initialize a certain amount of feasible chromosomes ran-
domly. In this paper, a preprocessing stage is proposed to
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Figure 8: Flowchart of train departure event.
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Figure 9: Optimization procedure integrating simulation and GA.

reduce the time spent to generate initial chromosomes. The
detailed procedure of the two-stage simulation-based GA-
optimization framework is demonstrated in Figure 9.

4.2. The First Stage: Generate Initial Solution Pool. An initial
solution pool with pool-size chromosomes is generated in
this stage. It is conceivable that even-headway timetables are

Mutation start and end points

Mutated 
chromosome

Mutation target point

Original 
chromosome

Mutation process

Figure 10: Mutation operation I.

1 0 1 0 0 00 1 0 1 0 1 00

Mutation position

Original chromosome Mutated chromosome

Figure 11: Mutation operation II.

solutions for the optimization model. Thus, the scheduled
services that run with an even-headway are in question
first, and the simulation experiments will be conducted
to determine the feasible even-headway timetables. In this
paper, a timetable is feasible if it satisfies all constraints (4)–
(11). Then, add feasible even-timetables to the initial solution
pool. Finally, amutation operation is introduced to enrich the
initial solution pool.

Mutation Operation. In order to guarantee the diversity and
availability of the mutated timetable, twomutation principles
are proposed as shown in Figures 10 and 11, respectively. The
algorithm of mutation is described as follows. (1) Randomly
select a chromosome from feasible even-headway timetable
set as the parent for mutation. (2) Randomly generate a real
number 𝑎 ∈ [0, 1]. If 𝑎 < 0.5, obtain a mutated chromosome
based on mutation operator I; otherwise, obtain a mutated
chromosome based on mutation operator II.

4.3. The Second Stage: GA-Optimization Process. The proce-
dure for GA includes the following. (1) Initialize a population
with pop-size chromosomes, which are selected from the ini-
tial solution pool randomly. (2)Calculate evaluation function
value Eval(𝑋

𝑖
) of chromosome 𝑖 in the population based on

the output of the simulation model. Here, we use objective
function (1) as the evaluation function. The best individual
is the chromosome with the minimum value of Eval(𝑋).
(3) Obtain fine chromosomes via selection, crossover, and
mutation operations. (4) Terminate when the maximum
number of generations is reached. The flowchart of GA is
demonstrated in Figure 9.

Mutation Operation. Different from the mutation operation
in the first stage, mutation operation in this stage occurs
with a certain probability𝑃

𝑚
. Randomly select a chromosome

and generate a real number 𝑎 ∈ [0, 1] randomly. If 𝑎 <

𝑃
𝑚
, a mutated chromosome is obtained based on mutation

operator I ormutation operator II. And then take it to replace
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5min 5min 5min 5min 5min 5min

30 s 30 s 30 s 30 s 30 s 30 s 30 s

Figure 12: An urban rail line with 7 stations.

the original one if it is feasible; otherwise, keep the original
one.

Other detailed steps or approaches of GA, such as selec-
tion and crossover processes, are similar to the standard GA,
and interested readers are referred to the related references
(e.g., Gen and Cheng [31]).

5. Numerical Example

5.1. Input of Date and Parameter Settings. In order to show
applications of the proposed model and solution algorithm,
an urban rail line with seven stations, which is shown in
Figure 12, is adopted. The stations are numbered consecu-
tively with notations 1, 2, 3, 4, 5, 6, and 7, where stations
1 and 7 denote the start terminal and the return terminal,
respectively. All the stations have an island platform. The
section running time between two successive stations and
dwelling time of each station are fixed at 5min and 30 s,
respectively. The recovery time at the start terminal and the
return terminal is taken as 90 s; that is, 𝑒

1
= 𝑒
7
= 90 s. The

design capacity (CS
𝑢
) and control threshold (𝜃

𝑢
) of the station

𝑢 (𝑢 ∈ 𝑁) are taken as 1800 and 0.7.
In this example, we aim to determine the departure

time of each service at station 1 during the morning peak
period [7:00, 8:30]. For the convenience of the expression
of passenger demand, we use “second” as a basic unit to
describe the study period. That is, 0 denotes the time 7:00,
3600 denotes the time 8:00, and the representations of other
times can be deduced by analogy.Then, after determining the
length of modeling time interval 𝛿, the passenger demand of
station u at the tth time interval (i.e., time period (𝛿(𝑡−1), 𝛿𝑡])
can be calculated by

𝜆
𝑡

𝑢
= 𝜓
𝑢
⋅ ∫

𝛿𝑡

𝛿(𝑡−1)

1

√2𝜋𝜎
𝑢

⋅ exp(−
(𝜏 − 𝜇

𝑢
)
2

2𝜎2
𝑢

) d𝜏, (12)

where 𝜓
𝑢
, 𝜇
𝑢
, and 𝜎

𝑢
are characteristic parameters of station

𝑢, and the values of them are shown in Table 1. Here, we
give an example of how to calculate. If we let 𝛿 = 180 s, the
passenger demand of station 1 at the first time interval (i.e.,
time period (0, 180]) will be 443 passengers, which can be
obtained by the formula above with the value of 𝜓

𝑢
, 𝜇
𝑢
, and

𝜎
𝑢
(𝜓
𝑢
= 19800, 𝜇

𝑢
= 1680, and 𝜎

𝑢
= 2700) in Table 1.

Another important parameter related to demand, passen-
ger destination probability 𝜌

𝑢V, is depicted in Table 2. As we
can see, 10% of the passengers enter the urban rail transit
system from station 3 and then travel to station 1.

Other necessary parameters used in the simulationmodel
and GA are summarized in Table 3. 𝑃

𝑐
and 𝑃

𝑚
denote the

crossover and mutation rate, respectively.
All experiments in this paper are tested on a personal

computer with an Inter Celeron G1620 2.7GHz and 2GB

Table 1: Value of demand related parameters.

𝑢

1 2 3 4 5 6 7
𝜓
𝑢

19800 18000 12600 3000 18000 15600 10200
𝜇
𝑢

1680 1680 1800 900 1800 2100 1800
𝜎
𝑢

2700 2700 2100 4200 3300 3600 3600

Table 2: Passenger destination probability 𝜌
𝑢V.

To
From V

1 2 3 4 5 6 7

u

1 — 0.05 0.05 0.05 0.2 0.4 0.25
2 0.05 — 0.05 0.1 0.2 0.3 0.3
3 0.1 0.05 — 0.05 0.1 0.35 0.35
4 0.05 0.1 0.05 — 0.25 0.2 0.35
5 0.1 0.1 0.05 0.05 — 0.3 0.4
6 0.05 0.05 0.05 0.05 0.4 — 0.4
7 0.2 0.2 0.05 0.15 0.2 0.2 —

RAM. The simulation-based optimization model is coded in
MATLAB 7.11.

5.2. Optimization Results with Different Time Intervals. In
this section, we solve the optimization problemwith different
time intervals, namely, 𝛿 = 5 s, 10 s, and 30 s. The optimiza-
tion process of GA is shown in Figure 13, and the comparison
between different optimal results is shown in Table 4. Several
conclusions are put forward here.

(1) The objective value is obtained using numerical
calculation of the operation cost and passenger waiting cost
in the system. By optimizing the objective, the scheduled
timetablemakes a balance between operators and passengers.
Figure 13 shows that the proposed two-stage GA in this paper
is convergent and the optimal objective can be obtained
before 70 generations.

(2)The objective value 𝐶 and the CPU time are different
with different time intervals. And the shorter the time interval
𝛿 is, the better the objective value can be obtained and the
longer the CPU time will be needed. As shown in Table 4, the
best found value 15503.92USD is obtainedwith theminimum
time interval (𝛿 = 5 s) with the longest CPU time 5834.57 s.
Table 5 gives the departure time of trains at the start terminal
with the best found value.

(3) In order to show the superiority of the model, the
optimal results are also comparedwith the best even-headway
timetable (shown in Table 4). The results show that the
proposed optimization model can not only reduce passenger
waiting cost but also reduce operational cost, and the total
cost of the transportation system has been reduced by almost
15%, which clearly demonstrates the effectiveness of the pro-
posed optimization model. The main reason of this result is
that, comparing with even-headway timetable, the proposed
optimization model is more flexible that it can adjust the
departure time of each train, and the headways between any
two consecutive departures vary more appropriately based
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Table 3: Parameters used in numerical example.

Parameters 𝐾 𝐻max 𝐻min CT 𝜑 𝜂 𝛼 𝛽 Pop-size Pool-size Max-generation 𝑃
𝑐

𝑃
𝑚

Value 40 15min 120 s 1680 640USD/h 1USD/h 1 1 40 260 Up to 70 0.9 0.2

Table 4: Comparison between different optimal results.

𝛿 (s) 𝐶
𝑤 (USD) 𝐶

𝑜 (USD) 𝐶 (USD) CPU (s)
𝛿 = 5 2810.59 12693.33 15503.92 (85.2%) 5834.57
𝛿 = 10 2841.84 12693.33 15535.17 (85.4%) 2768.51
𝛿 = 30 3136.25 12693.33 15829.58 (87.0%) 929.09
Even-headway 3259.35 14933.33 18192.69 (100%) 281.36

Table 5: Best solution: departure times of trains at the start terminal.

Train Departure time
1 7:04:55
2 7:09:30
3 7:14:20
4 7:18:20
5 7:21:40
6 7:25:10
7 7:29:10
8 7:33:10
9 7:37:10
10 7:41:30
11 7:47:30
12 7:51:30
13 7:56:35
14 8:02:25
15 8:08:50
16 8:16:45
17 8:30:00

on the time-varying demand. As we can see in Table 5, the
headways in the optimal timetable range from 200 s to 795 s.

5.3. Analysis of the Impact of Station Capacity. Station capac-
ity is an important constraint in our model. In order to
analyze the impact of station capacity CS

𝑢
, sensitivity analysis

is conducted with 𝛿 = 30 s against CS
𝑢
= 1000, 1100, . . . ,

1700, 1800. The results are shown in Figure 14.
As we can see, when CS

𝑢
≤ 1400 pax, a decreasing trend

in system cost can be observed with the growth of station
capacity. The total system cost improved from 29777.60USD
to 15837.34USDwhen the capacities of stations increase from
1000 pax to 1400 pax. When CS

𝑢
> 1400 pax, however,

the system cost remains at a relatively stable value (about
15854USD). This is mainly because the larger the station
capacity is, the fewer the passengers will need to wait outside
station and the less the outside waiting time a passenger will
have. Also, fewer trains used to quicken the decreasing of the
number of waiting passengers at platform are needed. Just
as shown in Figure 14, the operational cost decreases nearly
monotonically from 17920.00USD to 12693.33USD (i.e., the
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Figure 13: Optimization process of GA.

number of departure trains decreases from 24 to 17) with
the increase of station capacity. Then, the system cost will
decrease. However, when a particular value (CS

𝑢
= 1400 pax

in this example) is reached, the total waiting time of passenger
outside station will become rather small, which is difficult to
have influence on the optimal result. Thus, the system cost
will not change evidently.

These results indicate that a limited station capacity will
have a great influence on the service quality and operation
plan of urban rail transit. And the smaller the station capacity
is the higher system cost will be. However, on the other side,
a too large capacity for a station will contribute little to the
improving of transportation system but may bring a high
infrastructure cost. Therefore, it is necessary to preestimate
the system cost in the operation stage before building the
station.

6. Conclusions

In this paper, we present a scheduling approach for a heavily
congested urban rail line. It aims to create an efficient
timetable with minimal passenger waiting cost and oper-
ational cost. In order to evaluate the performance of the
created timetable, a simulation model is proposed with strict
constraints on train and station capacities. Then, based on
the simulation results, a two-stage GA is designed to find the
best timetable. Finally, the feasibility of the solution method
is demonstrated through a numerical example.

Although only a small case is discussed in this paper, it is
shown that the strict constraint of station capacity is essential
for TDP; the timetable designed by the proposed model will
have a better balance between passengers and operators.

In addition, the passenger demand in our work is
assumed to be steady. However, in real work, timetables will



10 Discrete Dynamics in Nature and Society

0

5000

10000

15000

20000

25000

30000

35000

1000 1100 1200 1300 1400 1500 1600 1700 1800

C
os

t (
U

SD
)

Station capacity (pax)

System cost
Passenger waiting cost

Operational cost

Figure 14: Optimal values with different station capacities.

have a feedback on the distribution of passenger demand.
In our future research, we will try to create a new timetable
considering this feedback.
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With the rapid development of urban informatization, the era of big data is coming. To satisfy the demand of traffic congestion early
warning, this paper studies the method of real-time traffic flow state identification and prediction based on big data-driven theory.
Traffic big data holds several characteristics, such as temporal correlation, spatial correlation, historical correlation, and multistate.
Traffic flow state quantification, the basis of traffic flow state identification, is achieved by a SAGA-FCM (simulated annealing
genetic algorithm based fuzzy c-means) based traffic clustering model. Considering simple calculation and predictive accuracy, a
bilevel optimization model for regional traffic flow correlation analysis is established to predict traffic flow parameters based on
temporal-spatial-historical correlation. A two-stage model for correction coefficients optimization is put forward to simplify the
bilevel optimizationmodel.The first stagemodel is built to calculate the number of temporal-spatial-historical correlation variables.
The second stage model is present to calculate basic model formulation of regional traffic flow correlation. A case study based on
a real-world road network in Beijing, China, is implemented to test the efficiency and applicability of the proposed modeling and
computing methods.

1. Introduction

Real-time traffic flow state identification and prediction is
one of the critical components of intelligent transportation
system. It is of practical significance to identify and predict
traffic flow state quickly, precisely and timely. As the first
problem that needs to be solved, traffic flow state can be
measured by level of service (LOS), which is first introduced
in the 1965 Highway Capacity Manual (HCM 1965) [1]. The
latest version of Highway Capacity Manual (HCM 2010) [2]
divided LOS into six levels. Sasaki and Iida [3] divided LOS
into three levels. China GB 50220-1995 [4] divided LOS
into four levels. Existing studies of LOS evaluation can be
classified into four categories in transportation literature:
subjective evaluation based models [5], statistical analysis
based models [6], artificial intelligence based models [7],
traffic flow theory based models [8, 9].

Many previous research works concerning traffic flow
state identification especially for Beijing have been carried
out. Guan and He [10] analyzed the statistical features of
speed distribution at different density and divided traffic

flow state into four levels based on flow-rate-density plane.
Liao et al. [11] studied traffic state identification based on
perceptual experiment. Xia et al. [12] built traffic state rapid
identification model based on fuzzy theory. Qu et al. [13]
determined the relation between traffic state and travel speed.
Moreover, Beijing Traffic Management Bureau built Beijing
Regional Traffic Conditions and LOS Evaluation System
mainly based on fixed detectors [14], and Beijing Municipal
Commission of Transport built Traffic Performance Index
System mainly based on floating car data [15].

Real-time traffic flow prediction aims at evaluating antic-
ipated traffic flow state at a future time. Many studies focused
on traffic flow state and parameters prediction. Liu et al.
[16] analyzed multidimensional parameters and developed
the traffic prediction models of different dimensions based
on the support vector machine. Dong et al. [17] proposed
a preselection space time model to estimate the traffic
condition at poor-data-detector, especially nondetector loca-
tions. Canaud et al. [18] presented a probability hypothesis
density filtering based model for real-time traffic flow state
prediction. Pan et al. [19] put forward a modified stochastic
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cell transmission model to support short-term traffic flow
state prediction. Antoniou et al. [20] proposed an approach
for local traffic flow state estimation and prediction based
on data-driven computational approaches. Zhang et al. [21]
designed a traffic flow state estimator based on extended-
Kalman-filter method.

Traffic big data, massive and multisource, brings both
opportunities and challenges to effective traffic management
and control. During data processing, traffic big datameets the
same difficulties with the general big data, such as capture,
storage, search, sharing, analytics, and visualization. The
differences between traffic big data and traditional data in
the field of traffic flow state identification and prediction are
obvious. For traffic flow state identification, the advantage of
traffic big data is mainly manifested in the full coverage. That
is, traffic big data can represent traffic flow characteristics as
much as possible. However, the difficulties of data processing
are enhancedwith the increasing of the size of data.Therefore,
big data-driven methods should have a stronger capacity
of data processing. For traffic flow state prediction, the
advantage of traffic big data is mainly manifested in the
multisource.That is, the traffic big data has a higher accuracy
to describe the relationships between traffic flow state of
section 𝑠 at time 𝑡 and the others. However, the relationships
are not easy to be found. So, big data-driven methods should
have a clearer description of physical significance of traffic
flow. Traffic big data can improve the efficiency of real-time
traffic flow state identification and prediction. However, it
may face more challenges.

Taking into account all the present researches in this
field, there is still a lack of consideration of traffic big data.
Further researches remain to be conducted on the direction
of traffic flow state analysis. In this paper, the method
of real-time traffic flow state identification and prediction,
which perceives ability to handle big data, is put forward in
detail. The remainder of this paper is organized as follows.
Section 2 presents the basic characteristics of traffic big
data. In Section 3, the methodology of real-time traffic
flow state identification and prediction is proposed. A case
study based on a real-world road network is carried out in
Section 4 to demonstrate the performance and applicability
of the proposed method. Finally, conclusions are drowned in
Section 5.

2. Traffic Big Data Analysis

2.1. Temporal Correlation. By laying fixed and mobile traffic
flow detectors, dynamic traffic data of a section can be
obtained. Dynamic traffic flow data 𝑉 are time-series data,
which continuously change over time 𝑡 with a certain trend;
namely,

𝑉
𝑡
= 𝑇 (𝑉

𝑡−1
, 𝑉
𝑡−2
, . . .) , (1)

where 𝑉
𝑡
is the traffic flow parameter at time 𝑡, representing

flow 𝑞
𝑡
, speed V

𝑡
, or occupancy 𝜌

𝑡
. 𝑇 is a function that

describes trends of traffic flow time-series data.

2.2. Spatial Correlation. A regional transportation network
consists of multiple intersections and roads. It exists a spatial
association between traffic flowdata of neighboring junctions
or sections and that of target junctions or sections; namely,

𝑉
𝑠,𝑡
= 𝑆 (𝑉

1,𝑡
, 𝑉
2,𝑡
, . . .) , (2)

where 𝑉
𝑠,𝑡

is the traffic flow parameter of section 𝑠 at time
𝑡, representing flow 𝑞

𝑠,𝑡
, speed V

𝑠,𝑡
, or occupancy 𝜌

𝑠,𝑡
. 𝑆

defines the relationship between the data of upstream and
downstream sections.

2.3. Historical Correlation. For different weekdays or week-
ends, trip distribution of inhabitants in the same period
shows similar characteristics. The law of traffic flow cycle is
especially evident. Correlation between dynamic traffic flow
data and historical data is as follows:

𝑉
𝐷,𝑡
= 𝐻 (𝑉

𝐷−1,𝑡
, 𝑉
𝐷−2,𝑡
, . . .) , (3)

where 𝑉
𝐷,𝑡

is the traffic flow parameter on day 𝐷 at time
𝑡, representing flow 𝑞

𝐷,𝑡
, speed V

𝐷,𝑡
, or occupancy 𝜌

𝐷,𝑡
.

𝐻 defines the relationship between the data of different
workdays or holidays at the same time.

2.4. Multistate. Traffic flow state can be determined by the
traffic flow parameters. The correspondence between traffic
flow states and traffic flow parameters is as follows:

𝐴 = MS (V, 𝑞, 𝜌) , (4)

where𝐴 is LOS. V, 𝑞, and 𝜌 are the traffic flow parameters. MS
defines the relationship between traffic flow states and traffic
flow parameters.

3. Methodology

3.1. Overall Framework. The overall traffic flow state identifi-
cation and prediction framework is outlined in Figure 1.

(a) SAGA-FCM Based Traffic Clustering Model. As a random
social phenomenon, traffic flow state holds fuzzy character-
istics. For example, “congested” and “uncongested” are the
fuzzy descriptions of traffic flow. It is difficult to describe
these states quantitatively. Since membership function can
be used to explain the fuzzy phenomenon, fuzzy 𝑐-means
algorithm (FCM) is designed to evaluate trafficflow state [22].
However, FCM is sensitive to its initial clustering center and
it is easy to fall into the local optimum, especially for big data
[23]. SAGA-FCM algorithm integrates the strong local search
ability of simulated annealing algorithm (SA) and the strong
global search ability of genetic algorithm (GA) to overcome
the drawbacks of traditional FCM algorithm [24].

(b) DFT Based Historical Data Fusion Model. Road traffic
flow state information is periodic [25]. Each object to predict
can be associated with a set of historical data. Actual intelli-
gent traffic system has accumulated massive historical data.
However, it is difficult to achieve the integration of historical
data. During the on-going development of traffic prediction
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Figure 1: Overall traffic flow state identification and prediction framework.

system in Beijing, discrete Fourier transform (DFT) is found
effective in achieving the average of historical data and
noise elimination [26]. Traffic parameters are discrete time
series sequence; therefore DTF is applied to integrate massive
historical data [27].

(c) Regional Traffic Flow Correlation Model. Temporal corre-
lation, spatial correlation and historical correlation are the
characteristics of traffic big data. Based on this principle,
regional traffic flow correlation model can be established to
predict traffic flow parameters. Taking simple calculation and
predictive accuracy into consideration, a bi-level optimiza-
tion model is proposed to simplify the regional traffic flow
correlation model.

(d) Correction Coefficients Optimization Model. Considering
the amount of temporal, spatial, and historical variables, each
of which corresponds to an unknown parameter, the model
is too difficult to calibrate. Therefore, a two-stage model for
correction coefficients optimization is put forward to reduce
the number of variables and ensure accuracy simultaneously.

3.2. SAGA-FCM Based Traffic Clustering Model

3.2.1. Basic Traffic Clustering Model. Based on HCM 2010
[2], LOS (𝐴) can be divided into six types, as 𝐴 =

[𝐴
1
, 𝐴
2
, . . . , 𝐴

6
]. Considering the monotonicity between

traffic flow parameters and LOS, speed (V) and occupancy
(𝜌) are chosen as clustering parameters. Therefore, data
sample used for traffic clustering model can be written as

𝑋 = {𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑛
}, 𝑥
𝑗
= (V
𝑗
, 𝜌
𝑗
). Since traditional FCM

algorithm is put forward to find an optimal classification, the
objective function is expressed as

min 𝐽
𝑏 (𝑈, 𝑎) =

6

∑

𝑖=1

𝑛

∑

𝑗=1

(𝜇
𝑖𝑗
)
𝑏

(𝑑
𝑖𝑗
)
2

s.t.
6

∑

𝑖=1

𝜇
𝑖𝑗
= 1, 0 ≤ 𝜇

𝑖𝑗
≤ 1

𝑖 = 1, 2, . . . , 6, 𝑗 = 1, 2, . . . , 𝑛,

(5)

where 𝑈 is membership matrix, 𝑈 = [𝜇
𝑖
(𝑥
𝑗
)]
6×𝑛

. 𝑎 is the set
of clustering centers, 𝑎 = {𝑎

1
, 𝑎
2
, . . . , 𝑎

6
}, 𝑎
𝑖
= (V
𝑖
, 𝜌
𝑖
). 𝑑
𝑖𝑗
is

the Euclidean distance that measures distance between data
sample (𝑥

𝑗
) and clustering center (𝑎

𝑖
), 𝑑
𝑖𝑗
= 𝑑(𝑥

𝑗
−𝑎
𝑖
) = ‖𝑥

𝑗
−

𝑎
𝑖
‖. 𝑏 is weighted parameter, 𝑏 ∈ [1, +∞). 𝜇

𝑖
(𝑥
𝑗
) is the degree

of membership of which the sample data 𝑥
𝑗
belongs to LOS

𝐴
𝑖
, shorten for 𝜇

𝑖𝑗
.

𝑎
𝑖
can be calculated by the flowing formulation

𝑎
𝑖
=

∑
𝑛

𝑗=1
(𝜇
𝑖𝑗
)
𝑏

𝑥
𝑗

∑
𝑛

𝑗=1
(𝜇
𝑖𝑗
)
𝑏
,

s.t.
6

∑

𝑖=1

𝜇
𝑖𝑗
= 1, 0 ≤ 𝜇

𝑖𝑗
≤ 1, 0 ≤

𝑛

∑

𝑗=1

𝜇
𝑖𝑗
≤ 1

𝑖 = 1, 2, . . . , 6, 𝑗 = 1, 2, . . . , 𝑛.

(6)
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𝜇
𝑖𝑗
can be calculated by the flowing formulation

𝜇
𝑖𝑗
=

{{{{

{{{{

{

1

∑
6

𝑘=1
(𝑑
𝑖𝑗
/𝑑
𝑘𝑗
)
2/(𝑏−1)

, 𝑑
𝑖𝑗
> 0,

1, 𝑑
𝑖𝑗
= 0, 𝑖 = 𝑗,

0, 𝑑
𝑖𝑗
= 0, 𝑖 ̸= 𝑗.

(7)

Modification of the clustering centers and degrees of
membership is the core of FCM. When the algorithm is
convergent, clustering centers 𝑎

𝑖
can be found, and degrees of

membership 𝜇
𝑖𝑗
can be calculated.Therefore, fuzzy clustering

result can be achieved.

3.2.2. SAGA-FCM Based Solution Algorithm. SAGA-FCM
algorithm is used to improve the clustering quality of FCM.
The process of SAGA-FCM algorithm can be summarized as
in the following steps [28].

Step 1 (parameters initialization). Population size (𝑠𝑖𝑧𝑒𝑝𝑜𝑝),
maximum genetic evolution algebra (𝑀𝐴𝑋𝐺𝐸𝑁), crossing
probability (𝑃

𝑐
), gene variation probability (𝑃

𝑚
), original tem-

perature (𝑇
0
), cooling coefficient (𝑙), and final temperature

(𝑇end).

Step 2 (clustering centers initialization). Randomly selecting
six clustering centers (𝑎), designing the original sequence
(𝑐ℎ𝑟𝑜𝑚), calculating degrees of membership (𝜇

𝑖𝑗
), and fitness

value of each individual (𝑓
𝑖
).

Step 3 (genetic evolution algebra initialization). 𝑔𝑒𝑛 = 0.

Step 4 (genetic operations). Selection, crossover, and muta-
tion of original sequence (𝑐ℎ𝑟𝑜𝑚), achieving new clustering
centers (𝑎), calculating degrees of membership (𝜇

𝑖𝑗
), and

fitness value of each individual (𝑓
𝑖
).

Step 5 (fitness value judgment). If 𝑓
𝑖
> 𝑓
𝑖
, replace all of the

old individual with the new individual; otherwise, replace the
old individual with the new individual by probability (𝑃 =
exp(𝑓

𝑖
− 𝑓


𝑖
)𝑇).

Step 6 (𝑀𝐴𝑋𝐺𝐸𝑁 judgment). If 𝑔𝑒𝑛 < 𝑀𝐴𝑋𝐺𝐸𝑁, 𝑔𝑒𝑛 =
𝑔𝑒𝑛 + 1, turn to Step 4; otherwise, turn to Step 7.

Step 7 (temperature judgment). If 𝑇
𝑖
< 𝑇end, the new

solution is outputted, and that is themost optimized assembly
sequence; otherwise, 𝑇

𝑖+1
= 𝑙𝑇
𝑖
, turning to Step 3.

3.2.3. Calculation of LOS. Based on SAGA-FCM algorithm,
six clustering centers (𝑎) can be found. Thus, 𝜇

𝑖𝑗
is calculated

by formulation (7). Combining the numerical magnitude of
𝜇
𝑖𝑗
, the LOS of 𝑥

𝑗
(𝐴(𝑥
𝑗
)) is achieved:

𝐴(𝑥
𝑗
) = 𝐴

𝑘

s.t. 𝜇
𝑘𝑗
> 𝜇
𝑖𝑗
, 𝑘 ̸= 𝑖,

(8)

where 𝐴(𝑥
𝑗
) is the LOS of 𝑥

𝑗
.

3.3. DFT Based Historical Data Fusion Model. Given a dis-
crete temporal series {𝑥(0), 𝑥(1), . . . , 𝑥(𝑁 − 1)}, the length of
which is 𝑁, its discrete Fourier transform with𝑀 sampling
points can be calculated:

𝑋 (𝑘) =
1

𝑁
×

𝑁−1

∑

𝑛=0

𝑥 (𝑛) × 𝑒
−𝑗(2𝑘𝜋/𝑁)𝑛

, (𝑘 = 0, 1, . . . ,𝑀 − 1) .

(9)

The corresponding inverse Fourier transform formula-
tion is

𝑥 (𝑛) =

𝑀−1

∑

𝑘=0

𝑋 (𝑘) × 𝑒
𝑗(2𝑘𝜋/𝑁)𝑛

, (𝑘 = 0, 1, . . . ,𝑀 − 1) .

(10)

Normally, take 𝑀 = 𝑁. To facilitate the program, the
natural logarithm complex power form above is converted to
trigonometric form:

𝑥 (𝑖) = 𝑎0 +

𝑁−1

∑

𝑓=1

(𝛼
𝑛
cos(2𝜋

𝑁
𝑓
𝑖
) + 𝛽
𝑛
sin(2𝜋

𝑁
𝑓
𝑖
))

× (𝑓
𝑖
= 𝑒
𝑗(2𝑘𝜋/𝑁)𝑖

(𝑖 = 0, 1, . . . , 𝑁 − 1)) .

(11)

Suppose that the traffic flow varies in one week cycle,
which includes 7 days with different characteristics. Each
day contains 288 pieces of data with a time interval of 5
minutes. Apply DFT to average massive historical data and to
eliminate noise, so as to achieve the integration of historical
data. Consider

𝑉
𝐻

𝐷
= {𝑉
𝐻

𝐷,1
, . . . , 𝑉

𝐻

𝐷,𝑡
, . . . , 𝑉

𝐻

𝐷,288
} , (12)

where 𝑉𝐻
𝐷

is the collection of historical data on day 𝐷, 𝐷 =
[1, 2, . . . , 7]. 𝑉𝐻

𝐷,𝑡
is the traffic data on day 𝐷 at time 𝑡, 𝑉𝐻

𝐷,𝑡
=

[𝑞
𝐻

𝐷,𝑡
, V𝐻
𝐷,𝑡
, 𝜌
𝐻

𝐷,𝑡
]
𝑇, 𝑡 = [1, 2, . . . , 288].

For example, the process of DFT of traffic volume (𝑞) can
be summarized as in the following steps.

Step 1. Enter the discrete temporal series {𝑞(0), 𝑞(1), . . .,
𝑞(287)}.

Step 2. Apply DFT and acquire Fourier coefficients sequence
{𝛼
1
, 𝛽
1
, 𝛼
2
, 𝛽
2
, . . . , 𝛼

287
, 𝛽
287
}.

Step 3. Filter Fourier coefficients series to excise all coeffi-
cients less than the specified amplitude threshold of coef-
ficient. Record the rest of the coefficients. The value of the
threshold needs to be chosen by analyzing the historical data.

Step 4. Restore data at any point in the sequence 𝑞(𝑖).

3.4. Regional Traffic Flow Correlation Model

3.4.1. Basic Model Formulation. The basic assumption of the
regional traffic flow correlation model is that traffic flow has
a strong temporal-spatial-historical correlation, namely:
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(i) in the temporal series, the traffic flow of the last
moment can be regarded as the continuation of the
current traffic flow;

(ii) in the spatial series, downstream sections of the traffic
flow can be seen as a continuation of the upstream
traffic flow;

(iii) in the historical series, traffic demand characteristics
determine that traffic flow characteristics of the same
day in the same period are similar.

Basic form of regional traffic flow correlation model is
expressed as

𝑉
𝑠 (𝑡) = 𝛾𝑇𝑉𝑇 (𝑡) + 𝛾𝑆𝑉𝑆 (𝑡) + 𝛾𝐻𝑉𝐻 (𝑡)

s.t. 𝛾
𝑇
+ 𝛾
𝑆
+ 𝛾
𝐻
= 1, 𝛾

𝑇
, 𝛾
𝑆
, 𝛾
𝐻
≥ 0,

(13)

where 𝑉
𝑠
(𝑡) is the traffic flow parameter of section 𝑠 at time 𝑡,

representing flow 𝑞
𝑠
(𝑡), speed V

𝑠
(𝑡), or occupancy 𝜌

𝑠
(𝑡).𝑉
𝑇
(𝑡),

𝑉
𝑆
(𝑡), and 𝑉

𝐻
(𝑡) are the estimated value of 𝑉

𝑠
(𝑡). 𝑉
𝑇
(𝑡) is

calculated by temporal correlation analysis.𝑉
𝑆
(𝑡) is calculated

by spatial correlation analysis.𝑉
𝐻
(𝑡) is calculated by historical

correlation analysis. 𝛾
𝑇
, 𝛾
𝑆
, and 𝛾

𝐻
are coefficients of these

three variables.
According to formulation (1), 𝑇 is generally achieved

by regression analysis model. Thus, 𝑉
𝑇
(𝑡) is created by the

following equation:

𝑉
𝑇 (𝑡) = 𝜃1𝑉𝑠 (𝑡 − 1) + 𝜃2𝑉𝑠 (𝑡 − 2) + ⋅ ⋅ ⋅

s.t. ∑𝜃 = 1, 𝜃 ≥ 0,
(14)

where 𝑉
𝑠
(𝑡 − 𝑑) is the traffic flow parameter of section 𝑠 at

time 𝑡 − 𝑑. 𝑑 is time delay, 𝑑 ≥ 0. 𝜃
1
, 𝜃
2
, . . . are regression

coefficients.
According to formulation (2), 𝑆 is generally achieved

by neighbor regression model. Thus, 𝑉
𝑆
(𝑡) is created by the

following equation:

𝑉
𝑆 (𝑡) = 𝜆1𝑉1 (𝑡 − 1) + 𝜆2𝑉2 (𝑡 − 2) + ⋅ ⋅ ⋅

s.t. ∑𝜆 = 1, 𝜆 ≥ 0,
(15)

where 𝑉
𝑗
(𝑡 − 𝑑) is the traffic flow parameter of section 𝑗 at

time 𝑡 − 𝑑. 𝜆
1
, 𝜆
2
, . . . are regression coefficients.

According to formulations (12), (13), (14), and (15), sim-
plified equation is achieved:

𝑉
𝑠 (𝑡) = ∑∑𝜔𝑗𝑑𝑉𝑗 (𝑡 − 𝑑)

s.t. ∑𝜔 = 1, 𝜔 > 0, 𝜂 ∈ 𝑁∗,
(16)

where𝜔
𝑗𝑑
is regression coefficient of𝑉

𝑗
(𝑡−𝑑). 𝜂 is the number

of 𝜔
𝑗𝑑
.

3.4.2. Effectiveness Proof of Proposed Formulation. The gen-
eral form of formula (16) is

𝑌 =

𝑛

∑

𝑖=1

𝑤
𝑖
𝑌
𝑖

s.t.
𝑛

∑

𝑖=1

𝑤
𝑖
= 1, 𝑤

𝑖
≥ 0,

(17)

where 𝑌 is the state of physical system with the measurement
of multisensors. 𝑌

𝑖
is the measured value of 𝑖th sensor, and

they are independent. 𝑤
𝑖
is a weighting factor.

The total mean square error 𝛿2 is a multivariate quadratic
function of 𝑤

𝑖
:

𝛿
2
=

𝑛

∑

𝑖=1

𝑤
𝑖

2
𝛿
2

𝑖
, (18)

where 𝛿
𝑖
is the mean square error of 𝑌

𝑖
.

According to extreme value theorem of multivariate
quadratic function, weighting factor can be calculated as
follows:

𝑤
𝑖
=

1

𝛿
𝑖

2
∑
𝑛

𝑖=1
(1/𝛿
2

𝑖
)

. (19)

Assume that the detection accuracy varies with sensors,
the mean square error of the measurements from the least
accurate sensor is 𝛿2min and that from themost accurate sensor
is 𝛿2max. Then,

esp [𝑌] = [ 1
𝛿2max

+
1

𝛿
2

min
+

𝑛−2

∑

𝑖=1

1

𝛿
2

𝑖

]

−1

< [
1

𝛿
2

min
+

𝑛−2

∑

𝑖=1

1

𝛿
2

𝑖

]

−1

< 𝛿
2

min.

(20)

The formula above shows that the measurement accuracy
of the system can be improved by multisensor measurement
and that participation of an inaccurate sensor also helps
improve the accuracy of the system.

3.4.3. Bilevel Optimization Model. For big date-driven anal-
ysis, the speed and accuracy of data processing are both
important. The number of unknown parameters in formula-
tion (16) is large and uncontrolled. Therefore, taking simple
calculation and predictive accuracy into consideration, a
bilevel optimization model is proposed.

The upper level model is formulated to optimize the
speed of date processing by minimizing the number of
temporal-spatial-historical correlation variables. The upper
level formulation is

min 𝜂

s.t. 𝜂 ∈ 𝑁
∗
.

(21)

The lower level model is articulated in accordance with
predictive accuracy. Therefore, the lower level formulation
is proposed in order to minimize predictive encoding. The
lower level formulation is

min 
𝑉
𝑠 (𝑡) − �̂�𝑠 (𝑡)



s.t. 𝑉
𝑠 (𝑡) = ∑∑𝜔𝑗𝑑𝑉𝑗 (𝑡 − 𝑑) , ∑𝜔 = 1, 𝜔 ≥ 0,

(22)

where �̂�
𝑠
(𝑡) is actual value of 𝑉

𝑠
(𝑡).

In the bilevel optimization model, the purpose of objec-
tive function is to achieve a best combination, which holds
both fast calculation speed and high prediction accuracy.
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3.5. Correction Coefficients Optimization Model. The more
the temporal-spatial-historical correlation variables are, the
slower the program calculates and the higher the accuracy
is. The bilevel optimization model above is difficult to solve.
To put it in another way, we can define a threshold of
computing speed and therefore derive the maximum of
acceptable number of temporal-spatial-historical correlation
variables. In addition, we can put forward a new variable
which can be calculated to replace the variable 𝜔

𝑗𝑑
. Since the

alternative process will bring some errors, which are likely
to be systematic, a linear correction method is put forward.
Therefore, the correction coefficients optimization model is a
two-stage model.

3.5.1. The First Stage Model. The first stage model is mainly
used to determine the number of unknown parameters 𝜂. It
can be determined through the following steps.

Step 1 (determination of the range of 𝜂). The number of
unknown parameters should not exceed a threshold value.
After several data tests, it is found that when 𝜂 is less than
4, the correlation coefficients are not very different from
relatively high values; when 𝜂 is more than 8, the rapid decay
of the correlation coefficients is observed with relatively low
values. Therefore 𝜂 ranges from [4, 8].

Step 2 (calculation of the correlation coefficients). Calculate
the correlation coefficients (𝑟

𝑗𝑑
) between the studied section 𝑠

and the related section 𝑗, solve themax correlation coefficient
(𝑟
𝑗
) corresponding to each section 𝑗, and determine the

corresponding time delay (𝑑); namely, 𝑟
𝑗
= max 𝑟

𝑗𝑑
. 𝑟
𝑗𝑑

can
be solved by

𝑟
𝑗𝑑
= (

𝑛−𝑑

∑

𝑡=1

𝑉
𝑠 (𝑡) 𝑉𝑗 (𝑡 − 𝑑) −

1

𝑛 − 𝑑

𝑛−𝑑

∑

𝑡=1

𝑉
𝑠 (𝑡)

𝑛−𝑑

∑

𝑡=1

𝑉
𝑗 (𝑡 − 𝑑))

× ([

[

𝑛−𝑑

∑

𝑡=1

𝑉
2

𝑠
(𝑡) −

1

𝑛 − 𝑑
(

𝑛−𝑑

∑

𝑡=1

𝑉
𝑠 (𝑡))

2

]

]

× [

[

𝑛−𝑑

∑

𝑡=1

𝑉
2

𝑗
(𝑡 − 𝑑) −

1

𝑛 − 𝑑
(

𝑛−𝑑

∑

𝑡=1

𝑉
𝑗 (𝑡 − 𝑑))

2

]

]

)

−1/2

s.t 𝑑 ≥ 0.
(23)

Step 3 (selection of the relative section). Sort 𝑟
𝑗
in ascending

order, and take the first 𝜂 section as a range of temporal and
spatial correlation.

3.5.2. The Second Stage Model. The second stage model is
mainly used to reduce parameters and determines the base
model. Through the first stage model, the number of
unknown parameters is reduced. But the model is still dif-
ficult to solve and can be further simplified.
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Figure 2: Spatial location of research object.

Step 1 (calculation of the normalization factor). Take normal-
ized 𝑟

𝑗
as the parameters of 𝑉

𝑗
(𝑡 − 𝑑):

𝜔
𝑗
=

𝑟
𝑗

∑
𝜂

𝑗=1
𝑟
𝑗

,

𝜂

∑

𝑗=1

𝜔
𝑗
= 1, 𝜔

𝑗
> 0. (24)

Step 2 (solving the system error). Introduce the correction
parameters 𝜑 and 𝜀 to calibrate, in order to reduce the system
error caused by parameter substitution:

min 
𝑉
𝑠 (𝑡) − �̂�𝑠 (𝑡)



s.t. 𝑉
𝑠 (𝑡) = 𝜑

𝜂

∑

𝑗=1

𝜔
𝑗
𝑉
𝑗 (𝑡 − 𝑑) + 𝜀.

(25)

4. Case Study

4.1. Data Characteristics. Taking a section of the Second Ring
Road (Section 1, as shown in Figure 2) and its surrounding
roads in Beijing, China, as the object of study, it verifies the
effectiveness and feasibility of the proposed method. Basic
traffic flow data are detected by microwave detectors.

As shown in Figure 2, Section 1, Section 2, Section 3, and
Section 9 are all Second Ring Road. Section 4 and Section 5
are Expressway Tie Line. Section 6, Section 7, Section 8, and
Section 10 are Secondary Road. Section 2, 3, . . . , 10 are the
temporal-spatial correlated sections of Section 1.

For traffic flow state identification, it needs enough data
to divide LOS.The historical data of Section 1 (one week, five
minutes for the interval) are used to build SAGA-FCM based
traffic clustering model. The amount of data is large enough
to represent nearly all the traffic flow characteristics.
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Table 1: Clustering centers.

LOS Speed (km/h) Occupancy (%)
A 68.1 2.1
B 58.3 3.1
C 51.2 11.4
D 46.0 14.9
E 38.0 20.5
F 23.4 35.1
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Figure 3: Traffic flow state evaluation result.

For traffic flow prediction, it needs enough data to
describe the temporal-spatial-historical correlation charac-
teristic, that is, to build correction coefficients optimization
model.Thehistorical data of Section 1 (oneweek, fiveminutes
for the interval) are used for temporal-spatial correlation
analysis. The historical data of Section 1, 2, . . . , 10 (one week,
five minutes for the interval) are used for temporal-spatial-
historical correlation analysis. The historical data of Section
1 (one month, five minutes for the interval) are used for
historical correlation analysis.

4.2. Traffic Flow State Identification

4.2.1. Offline Training. The main task of offline training is
to establish the evaluation method of traffic flow state. Case
study of traffic flow state identification is done based on the
two clustering methods (FCM and SAGA-FCM). The value
of objective function calculated by SAGA-FCM is better than
the one by FCM. Different traffic flow states are respected
by different colors. As shown in Figure 3, traffic flow state is
divided into six levels, as A to F. Clustering centers are shown
in Table 1.

4.2.2. Online Application. Themain task of online application
is to realize traffic flow state identification. Traffic flow state
identification result is shown in Figure 4.

0:00 4:00 8:00 12:00 16:00 20:00 24:00
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B
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Time (h:m)

Figure 4: Traffic flow state identification.

Table 2: Temporal-spatial-historical correlation coefficients.

𝑗 𝑑 (min) 𝑟
𝑗𝑑

𝜔
𝑗

9 0 0.9970 0.2677
1 (temporal correlation) 5 0.9797 0.2630
1 (historical correlation) 0 0.9167 0.2461
2 0 0.8312 0.2232

4.3. Traffic Flow State Prediction

4.3.1. Offline Training. The offline training mainly summa-
rizes the prior knowledge based on historical data.

(1) Parameter Initialization. Choose 9 of the upstream and
downstream sections of Section 1 based on their attributes
and transport network characteristics. Let 𝜂 ∈ [4, 8].

(2) Search of Temporal-Spatial-Historical Correlative Sections.
Calculate the correlation coefficient between Section 1 and its
relative sections, time series data, and historical trend data.
The top 6 of the calculation result are shown in Figure 5,
where the abscissa is the time delay 𝑑 and the vertical axis
is the value of the correlation coefficient 𝑟

𝑗𝑑
.

Compare 𝑟
𝑗𝑑
, decide the value of corresponding 𝑑, and

then get 𝑟
𝑗
. According to the distribution characteristics of

𝑟
𝑗
, let 𝜂 = 4. The search results of temporal-spatial-historical

correlative sections are Section 9, Section 1 (time series data),
Section 1 (historical trend data), and Section 2.

Results of temporal-spatial-historical correlation coeffi-
cients are shown in Table 2.

(3) Calculation of Normalization Parameter. Calculate the
normalization parameters 𝜔

𝑗
, as shown in Table 2.

(4) Solving Correction Parameters. Apply regression analysis
to solve correction parameters 𝜑 and 𝜀:

V
1 (𝑡) = 1.029 × [0.2677 ⋅ V9 (𝑡) + 0.2630 ⋅ V1 (𝑡 − 5)

+ 0.2461 ⋅ V𝐻
1
(𝑡) + 0.2232 ⋅ V2 (𝑡)] + 1.8173,

(26)
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Figure 5: Temporal-spatial-historical correlation analysis based speed.
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Figure 6: Fitting curve.

where V
𝑗
(𝑡) is the velocity of section 𝑗 at time 𝑡 and V𝐻

1
(𝑡) is

the historical relative data of Section 1.
Apply the same method to analyze flow and occupancy:

𝑞
1 (𝑡) = 1.0629 × [0.2246 ⋅ 𝑞9 (𝑡) + 0.2151 ⋅ 𝑞1 (𝑡 − 5)

+ 0.2145 ⋅ 𝑞
𝐻

1
(𝑡 − 5) + 0.1787 ⋅ 𝑞2 (𝑡)

+ 0.1670 ⋅ 𝑞
6 (𝑡 − 10)] + 22.652,

(27)

𝜌
1 (𝑡) = 1.0148 × [0.2791 ⋅ 𝜌9 (𝑡) + 0.2747 ⋅ 𝜌1 (𝑡 − 5)

+ 0.2294 ⋅ 𝜌
2 (𝑡) + 0.2168 ⋅ 𝜌

𝐻

1
(𝑡)]

+ 0.4793,

(28)

where 𝑞
𝑗
(𝑡) is the flow of Section 𝑗 at time 𝑡, 𝑞𝐻

1
(𝑡) is the

historical relative data of Section 1, 𝜌
𝑗
(𝑡) is the occupancy of

Section 𝑗 at time 𝑡, and 𝜌𝐻
1
(𝑡) is the historical relative data of

Section 1.
Fitting curve is shown in Figure 6.

4.3.2. Online Application. Online calculations mainly deal
with real-time data based on prior knowledge. Figure 7 shows
the predicted results.The prediction errors of speed, flow, and
occupancy are controlled around 10%. Traffic state deviation
is shown in Table 3. Two-level-deviation and Three-level-
deviation are considered as errors, which are controlled in
10%.

5. Conclusions

In the era of big data, real-time traffic flow state identification,
and prediction may face many challenges. This difficulty is
decided by the characteristics of big data. This paper uses
speed and occupancy to build the traffic flow state clustering
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Figure 7: Modification effective analysis.

Table 3: Comparative analysis.

Deviation Non-level-deviation One-level-deviation Two-level-deviation Three-level-deviation
Accuracy 75.37% 15.80% 8.46% 0.37%

model. And real-time traffic flow state identification is based
on speed and occupancy. Traditional fuzzy 𝑐-mean clustering
does not meet the requirements of big data analysis. To
improve the feasibility of traffic flow state clustering, this
paper uses the simulated annealing genetic algorithm based
fuzzy 𝑐-means (SAGA-FCM). Case study shows that the value
of objective function calculated based on SAGA-FCM is
better.

Traffic flow big data strongly shows temporal, spatial, and
historical correlations. The regional traffic flow correlation
model is established for real-time traffic flow prediction. The
characteristics of big data make it difficult to resolve the
model. In order to reduce parameters and ensure calculation
speed and calculation accuracy, the correction coefficients
optimization model, which can be divided into two stages, is
put forward. Effectiveness of the method has been validated
by the case study.

The core of this paper is to present a traffic temporal-
spatial-historical correlation model, which comprehensively
considers the temporal, spatial, and historical correlations
of traffic flow big data. Compared with the model based
on a single nature, the accuracy of proposed model is
relatively high. Besides, thismodel quantitatively solves, from

the perspective of spatiotemporal correlation analysis, the
weight selection problem of different analytical methods
in the traditional combined model. The traffic temporal-
spatial-historical correlation model can be applied in other
researches such as identification and correction of abnormal
data and traffic congestion mechanism analysis.
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This paper presents a model for solving a multiobjective vehicle routing problem with soft time-window constraints that specify
the earliest and latest arrival times of customers. If a customer is serviced before the earliest specified arrival time, extra inventory
costs are incurred. If the customer is serviced after the latest arrival time, penalty costs must be paid. Both the total transportation
cost and the required fleet size are minimized in this model, which also accounts for the given capacity limitations of each vehicle.
The total transportation cost consists of direct transportation costs, extra inventory costs, and penalty costs. This multiobjective
optimization is solved by using amodified genetic algorithm approach.The output of the algorithm is a set of optimal solutions that
represent the trade-off between total transportation cost and the fleet size required to service customers. The influential impact of
these two factors is analyzed through the use of a case study.

1. Introduction

In a competitive environment, obtaining themaximumprofit
plays a key role in the success of an enterprise. Logistics costs
make up a large portion of the total costs of enterprises but
can be reduced through supply chain optimization. Analysis
of the logistics costs of enterprises reveals that transportation
costs are an important part of the costs of logistics enterprises.
Therefore, it is very important to study how transportation
costs can be optimized in logistics enterprises.

The transportation costs of logistics enterprises are influ-
enced by the fixed costs and variable costs involved in the
transportation process. However, transportation costs are
more closely related to time-window constraints, which are
governed by customers’ arrival times. Logistics enterprises
must pay penalties when time-window constraints are vio-
lated, and this causes increases in transportation costs.

Many past studies have been dedicated to determining
how to achieve the lowest possible transportation cost. For
example, McCann [1] addressed two interrelated questions:
the optimum size of a vehicle or vessel and the structure
of transportation costs with respect to haulage distance. C.
Pilot and S. Pilot [2] focused on minimizing the total costs
involved in a transportation problem. Jha et al. [3] considered

a joint-location inventory problem and minimized the trans-
portation cost involved in a joint inventory location model
by using a modified adaptive different evolution algorithm.
Chanas and Kuchta [4] proposed what they see as an optimal
solution to the transportation problem, which makes use
of fuzzy cost coefficients and an algorithm determining the
nature of the solution.

As exploration of transportation problems has developed,
multiobjective transportation cost problems have emerged.
For instance, Prakash et al. [5] drew attention to a cost-time
trade-off bulk transportation problem, which they solve by
using Pareto optimal solutions. Ojha et al. [6] formulated a
multiobjective transportation solution, with fuzzy relations
under fuzzy logic. The objectives of their model are the
minimization of the total transportation cost and total time
for transportation required for the system.

The conditions that force each vehicle to start with each
customer at a period specified by that customer are called
time-window constraints. Existing literature on transporta-
tion problems with time-window constraints has mainly
concentrated on vehicle routing problems. Vehicle routing
problems, with different variations and generalizations, have
been studied for several decades, since the pioneering work
of Dantzig and Ramser [7] on a truck dispatching problem.
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Alvarenga et al. [8] proposed a robust heuristic approach
to vehicle routing problems with time windows (VRPTW),
using travel distance as the main objective through an
efficient genetic algorithm and a set partitioning formulation.

Ghoseiri and Ghannadpour [9] presented a new model
and solution for multiobjective VRPTW using goal pro-
gramming and genetic algorithm, in which decision makers
specify optimistic aspiration levels to objectives and devi-
ations from those aspirations are minimized. They used a
direct interpretation of VRPTW as a multiobjective problem,
in which both total required fleet size and total traveling
distance were minimized, while capacity and time-window
constraints were secured.

Al-Khayyal and Hwang [10] formulated a model for find-
ing theminimum-cost route in a network for a heterogeneous
fleet of ships engaged in the pickup and delivery of several
liquid bulk products. They showed that the model can be
reformulated as an equivalent mixed-integer linear program
with a special structure.

Yu et al. [11] proposed a hybrid approach, which consists
of ant colony optimization (ACO) and Tabu search, to solve
VRPTW.

Chiang and Hsu [12] proposed their own approach to
solve a multiobjective vehicle routing problem with time
windows. The objectives were to simultaneously minimize
the number of vehicles and the total distance.Their approach
was based on an evolutionary algorithm and it aims to find a
set of Pareto optimal solutions.

Because of themany applications of different vehicle rout-
ing problems, a wide variety of researchers have focused on
developing solutions to them. Useful techniques for solving
general vehicle routing problems can be found in [13–15].

Our analysis of the works described above has shown that
existing literature based on accurate algorithms and heuristic
algorithms aims to achieve the lowest transportation cost
possible. To our knowledge, no study has considered the
time-window constraints in the transportation cost model.
Time-window constraints increase transportation costs in
logistics enterprises, and so it is necessary for logistics enter-
prises to take the time-window constraints into consideration
when making decisions.

This paper presents a biobjective transportation cost
model with time-window constraints, which is modeled
through modified genetic algorithm. In our study, the simul-
taneous minimization of fleet size and total transportation
cost are considered objective functions.

The model is formulated under the following assump-
tions:

(1) Time-window constraints are soft, and the time win-
dows specified by customers are elastic.

(2) The service time for a vehicle at its destination is equal
to zero.

(3) A route is defined as starting from a depot, going
through a number of customers, and ending at the
depot. Every customer on the route must be visited
only once by one of the vehicles.

i j

h

0

0

t0i

t
h0

tij

...

Figure 1: A network representation of the transportation process.

2. Model Formulation

This paper assumes that a logistics enterprise is the single
supplier in a transportation process. The logistics enterprise
distributes goods to customers according to the number of
orders. The customer number for a route is uncertain, and
the vehicle route must be determined in order to optimize
transportation cost.

The system of logistics enterprise transportation can be
regarded as a simple network. In this network, the start node
and end node are both the central depot of the logistics
enterprise. Each arc of the network represents the transporta-
tion relationship between customers. The number of the arc
represents the travel time between the two customers. Let us
assume there are𝑁+1 customers,𝐶 = {0, 1, 2, . . . , 𝑁}, and for
simplicity denote the depot as customer 0. Figure 1 presents a
network representation of the transportation process.

The transportation cost model in this paper takes time-
window constraints into consideration. Any customer 𝑖must
be serviced within a predefined time interval [ES

𝑖
, LF
𝑖
],

limited by an earliest arrival time ES
𝑖
, and a latest arrival

time LF
𝑖
. Vehicles arriving later than the latest arrival time are

penalized, while those arriving earlier than the earliest arrival
time have to pay for the inventory cost involved.

In order to formulate the model, the notations in it are
defined as follows:

𝐾: the maximum possible size of the fleet,
𝐶
𝑘
: the transportation cost per unit mass or volume

of vehicle 𝑘,
𝐶 = {0, 1, 2, . . . , 𝑁}: the customer set,
(𝑖, 𝑗): the transportation process from customer 𝑖 to
customer 𝑗,
𝑡
𝑖𝑗
: the travel time between customer 𝑖 and customer

𝑗,
𝑚
𝑖
: the demand of customer 𝑖,

𝑄
𝑘
: the limited capacity of vehicle 𝑘,

𝑥
𝑖𝑗𝑘
:
{{

{{

{

1, vehicle 𝑘 drives from customer 𝑖

to customer 𝑗

0, otherwise,

𝑟
𝑘
: the maximum route time allowed for vehicle 𝑘,

[ES
𝑖
, LF
𝑖
]: the predefined time interval that customer

𝑖 must be serviced within, with ES
𝑖
being the earliest

arrival time of customer 𝑖, and LF
𝑖
being the latest

arrival time of customer 𝑖,
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𝑑
1
: the inventory cost that the logistics enterprise has

to pay if a vehicle arrives one day earlier than the
earliest arrival time,

𝑑
2
: the penalty cost that the logistics enterprise has

to pay if a vehicle arrives one day later than the latest
arrival time,

𝑒
𝑖𝑘
: the arrival time in advance for vehicle 𝑘 at node 𝑖,

𝑓
𝑖𝑘
: the delayed arrival time for vehicle 𝑘 at node 𝑖,

𝑇
𝑖𝑘
: the real arrival time for vehicle 𝑘 at node 𝑖.

There are two objectives in the transportation cost model.
One is to minimize the transportation cost, and the other
is to minimize the fleet size used to serve the customers.
The model has four constraints. This paper observes vehicle
capacity constraints and time-window constraints. In it, each
customer is served exactly once and each vehicle starts its
journey from a depot and ends at the depot.

The transportation costmodel in this paper can bewritten
as

Min
𝑁

∑

𝑖=1

𝑚
𝑖

𝑁

∑

𝑗=0,𝑖 ̸=𝑗

𝐾

∑

𝑘=1

𝑥
𝑖𝑗𝑘

× 𝐶
𝑘
+

𝑁

∑

𝑖=1

𝐾

∑

𝑘=1

𝑒
𝑖𝑘

× 𝑑
1

+

𝑁

∑

𝑖=1

𝐾

∑

𝑘=1

𝑓
𝑖𝑘

× 𝑑
2
,

Min
𝐾

∑

𝑘=1

𝑁

∑

𝑗=1

𝑥
0𝑗𝑘

,

(1)

subject to

𝑁

∑

𝑗=1,𝑗 ̸=𝑖

𝑥
𝑖𝑗𝑘

=

𝑁

∑

𝑗=1,𝑗 ̸=𝑖

𝑥
𝑗𝑖𝑘

≤ 1

for 𝑖 = {0, 1, . . . , 𝑁} , 𝑘 = {1, 2, . . . , 𝐾} ,

(2)

𝐾

∑

𝑘=1

𝑁

∑

𝑗=0,𝑗 ̸=𝑖

𝑥
𝑖𝑗𝑘

= 1 for 𝑖 = {1, 2, . . . , 𝑁} , (3)

𝐾

∑

𝑘=1

𝑁

∑

𝑖=0,𝑖 ̸=𝑗

𝑥
𝑖𝑗𝑘

= 1 for 𝑗 = {1, 2, . . . , 𝑁} , (4)

𝑁

∑

𝑖=1

𝑚
𝑖

𝑁

∑

𝑗=0,𝑗 ̸=𝑖

𝑥
𝑖𝑗𝑘

≤ 𝑄
𝑘

for 𝑘 = {1, 2, . . . , 𝐾} , (5)

𝑁

∑

𝑖=0

𝑁

∑

𝑗=0,𝑗 ̸=𝑖

𝑥
𝑖𝑗𝑘

𝑡
𝑖𝑗
≤ 𝑟
𝑘

for 𝑘 = {1, 2, . . . , 𝑘} , (6)

ES
0
= LF
0
= 0, (7)

𝐾

∑

𝑘=1

𝑁

∑

𝑖=0,𝑖 ̸=𝑗

𝑥
𝑖𝑗𝑘

(𝑇
𝑖𝑘

+ 𝑡
𝑖𝑗
) = 𝑇
𝑗𝑘

for 𝑗 = {𝑖, . . . , 𝑁} , (8)
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Figure 2: Representation of the individual integer code.

ES
𝑖
≤

𝐾

∑

𝑘=1

𝑇
𝑖𝑘

+ 𝑒
𝑖
− 𝑓
𝑖
≤ LF
𝑖
, (9)

𝑒
𝑖
× 𝑓
𝑖
= 0. (10)

Constraint (2) specifies that every route starts and ends
at the central depot. Constraints (3) and (4) define that every
customer node is visited only once by one vehicle. Constraint
(5) is the capacity constraint. Constraint (6) is the maximum
travel time constraint. Constraints (7)–(10) define the time
windows.

3. Modified Genetic Algorithm

Asmentioned before, Ghoseiri andGhannadpour [9] studied
a vehicle routing problem with time windows and presented
a genetic algorithm (GA) to solve it. In this section, we
modify the presented GA to be used in the multiobjective
optimization model above, by further considering the total
transportation cost and time-window constraints. The spe-
cific content is described below.

A GA starts with a set of chromosomes referred to as the
initial population. Each chromosome represents a solution
to the problem, and the initial population is randomly
generated. A selection mechanism is then used to select
prospective parents based on their fitness, computed by
the evaluation function. The selected parent chromosomes
are then recombined via the crossover operator to create
a potential new population. The next step is to mutate a
small number of newly obtained chromosomes, in order to
introduce a level of randomness that prevents the GA from
converging to a local optimum.

3.1. Chromosome Representation and the Initial Population.
To solve a transportation cost model, each individual is
usually represented by just one chromosome, which is a chain
of integers (as discussed by Ghoseiri and Ghannadpour [9]).
In this representation, each vehicle identifier is represented
by 0 and is also a separator between two different routes.
There are𝐾−1 vehicle identifiers in the chromosome, which
can divide the chromosome into 𝐾 routes. The customer
identifiers are represented by 𝑖 (𝑖 = 1, 2, . . . , 𝑁), and a string
of customer identifiers represents the sequence of deliveries
that a vehicle must cover during its route. Figure 2 shows a
representation of a possible solution with 10 customers and 6
vehicles. The route of vehicle 1 is 3 → 1, the second route is
2 → 4 → 6 → 8, and the third is 5 → 7 → 10 → 9.
There are no travel tasks for vehicles 4, 5, and 6.
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An initial population is built such that each individual
must at least be a feasible candidate solution (i.e., every route
in the initial population must be feasible). In this paper, an
individual is feasible when the limited capacity of the vehicle
and the maximum route time allowed are satisfied. Based on
this, the population initialization algorithm can be written as
follows.

Step 1. Determine the set of all unscheduled customers 𝛼 =

{1, 2, . . . , 𝑁} and the maximal size of fleets 𝐾. Denote 𝑍
𝑘

and 𝑅
𝑘
as the rest capacity and travel time of vehicle 𝑘 (𝑘 =

1, 2, . . . , 𝐾), respectively. Let 𝛽
𝑘
be the set consisting of all

customers served by vehicle 𝑘. Initialize 𝑍
𝑘

= 𝑄
𝑘
, 𝑅
𝑘

= 𝑟
𝑘
,

and 𝛽
𝑘
= ⌀ for all 𝑘 = 1, 2, . . . , 𝐾.

Step 2. Randomly select an unscheduled customer 𝑖 who has
higher demand than others (i.e., 𝑖 ∈ {𝑟 | 𝑚

𝑟
= max

𝑟∈𝛼
{𝑚
𝑟
}}).

Let 𝑐
𝑘
(𝑘 = 1, 2, . . . , 𝐾) be the last customer in the set 𝛽

𝑘

(if 𝛽
𝑘

= ⌀, then 𝑐
𝑘
represents the central depot). Then,

determine the set 𝜒, which consists of all vehicles whose rest
capacities and rest route times are sufficient to serve customer
𝑖 (i.e., 𝜒 = {𝑘|𝑚

𝑖
≤ 𝑍
𝑘
, 𝑡
𝑖
𝑘
𝑖
≤ 𝑅
𝑘
, 𝑘 = 1, 2, . . . , 𝐾}). Finally,

randomly choose a vehicle 𝑘 from the set 𝜒 to serve customer
𝑖 and update 𝛽

𝑘
= {𝛽
𝑘
, 𝑖}, 𝛼 = 𝛼 \ {𝑖}, 𝑍

𝑘
= 𝑍
𝑘
− 𝑚
𝑖
, and

𝑅
𝑘
= 𝑅
𝑘
− 𝑡
𝑐
𝑘
𝑖
.

Step 3. If 𝛼 = ⌀, go to the next step; otherwise, go to Step 2.

Step 4. Rearrange the sequence of customers in set 𝛽
𝑘
and

randomly generate a feasible travel route for vehicle 𝑘,
denoted by FR

𝑘
, for all 𝑘 = 1, 2, . . . , 𝐾. Finally, a complete

individual can be represented as {FR
1
, 0, FR

2
, 0, . . . , FR

𝐾
}.

Using the above presentation method, the individual
shown in Figure 2 is coded as {{3, 1}, 0, {2, 4, 6, 8}, 0, {5, 7,

10, 9}, 0, 0, 0}.

3.2. Selection. A feasible solution (i.e., individual solution)
for the models is said to dominate another solution if it is not
worse with regard to any of the objectives and clearly better
with regard to at least one. In the current problem, a feasible
solution (𝐶,𝑁) is said to dominate another solution (𝐶,𝑁)
if both𝐶 and𝑁 are smaller than or equal to𝐶

 and𝑁
, where

𝐶 and 𝐶
 denote the total transportation costs and 𝑁 and

𝑁
 denote the total number of vehicles. The feasible solution

(𝐶, 𝑁) is said to be a nondominated solution (or a Pareto
solution), if there is no other solution that can dominate it.
Based on this nondomination criterion, this paper evaluates
and selects the individuals through the following procedure.

Step 1. Calculate the objective function values for all individ-
uals, where the total transportation costs are determined by
(11), and total numbers of vehicles are determined directly by
decoding the chromosome.

Step 2. Assign a rank value to each individual, depending on
its position within the population.The smaller the number of
solutions that dominate an individual, the smaller the rank
of the individual. If we suppose that, for a given generation 𝑡,

an individual 𝑘 is dominated by the number of 𝑑
𝑘
of individ-

uals in the considered population, its rank will be determined
as follows:

rank (𝑘, 𝑡) = 1 + 𝑑
𝑡
. (11)

It is easy to determine that all nondominated solutions
will have a rank equal to 1. Note also that, for a given individ-
ual, this metric may vary across generations because of the
population distribution changes.

Step 3. Compute the fitness value of an individual 𝑘 in a
population at a generation 𝑡 by calculating the following (as
discussed by Elloumi and Fortemps [16]):

𝑓 (𝑘, 𝑡) =
1

rank (𝑘, 𝑡)
. (12)

Step 4. Randomly select POP/2 pairs of individuals, by
roulette selection, to undergo forthcoming evolutionary
operations, where POP denotes the number of individuals
within a population. The selection probability of individual
𝑘 in generation 𝑡 is given by the following:

𝑝 (𝑘, 𝑡) =
𝑓 (𝑘, 𝑡)

∑
POP
𝑙=1

𝑓 (𝑙, 𝑡)

. (13)

3.3. Crossover. This paper employs a problem-specific best
cost-route crossover (as discussed byOmbuki et al. [13]), with
the probability of crossover𝑝cross.This aims to simultaneously
minimize the fleet size and the total transportation cost,
while also assessing the feasibility of constraints. For any
pair of individuals randomly selected through the selection
operation above, one is called the “father” and is denoted by
𝐼
𝐹

= (𝛽
𝐹

1
, 0, 𝛽
𝐹

2
, 0, . . . , 𝛽

𝐹

𝐾
). Another is termed the “mother”

and is denoted by 𝐼
𝑀

= (𝛽
𝑀

1
, 0, 𝛽
𝑀

2
, 0, . . . , 𝛽

𝑀

𝐾
).

First, a random route from the father is selected. Second,
all of the genes in the selected route are removed from the
mother, and the remaining chromosome is directly passed on
to the son, 𝐼𝑆. Third, each of the removed genes is reinserted
into the son’s line, based on the minimum cost principle, and
the whole offspring 𝐼

𝑆 is then obtained by the end of this step.
We proceed similarly for the daughter, 𝐼𝐷, but replace the
father with the mother and vice versa.

The pseudocode for generating the son 𝐼
𝑆 can be

described as shown in Procedure 1.
In Procedure 1, length (𝐼𝐷) is the number of genes of 𝐼𝐷.

𝐼
𝐷

𝑖→𝑗
is the chromosome of 𝐼𝐷 between position 𝑖 and position

𝑗.

3.4. Mutation. The mutation operator is applied to newly
generated individuals with a probability of mutation 𝑝mut.
First, we randomly choose two positions, 𝑞mut1 and 𝑞mut2,
such that 1 ≤ 𝑞mut1 < 𝑞mut2 ≤ 𝑁 + 𝐾 − 1, 𝑞mut1 ̸= 0, and
𝑞mut2 ̸= 0 (recall that 𝑁 and 𝐾 are the numbers of customers
and vehicles, resp.). Then, we check whether customers in
positions 𝑞mut1 and 𝑞mut2 can be permuted. In other words,
if the change does not result in infeasibility, we can permute
the customers. Otherwise, we choose another position, 𝑞mut2.
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BEGIN:
(1) Randomly generate a number 𝑞cross, such that 1 ≤ 𝑞cross ≤ 𝐾 and 𝛽

𝐹

cross ̸= ⌀;
(2) Let 𝐼𝐷 = 𝐼

𝑀
\ {𝛽
𝐹

cross};
(3) Randomly select a gene 𝑔

𝐹 in 𝛽
𝐹

cross;
(4) FOR 𝑖 = 1 TO length(𝐼𝐷);
(5) Generate the partial schedule 𝑃

𝑖
= (𝐼
𝐷

1→ 𝑖−1
, 𝑔
𝐹
, 𝐼
𝐷

𝑖→ end);
(6) Compute the total transportation cost 𝐶

𝑖
of 𝑃
𝑖
. If 𝑃
𝑖
is infeasible, let 𝐶

𝑖
= a sufficiently large number;

(7) Let 𝑖∗ = min
𝑖
{𝑟 | 𝐶

𝑟
} and reinsert gene 𝑔

𝐹 in the position 𝑖
∗ of 𝐼𝐷;

(8) Update 𝐼
𝐷

= (𝐼
𝐷

1→ 𝑖
∗
−1
, 𝑔
𝐹
, 𝐼
𝐷

𝑖
∗
→ end) and 𝛽

𝐹

cross = 𝛽
𝐹

cross \ 𝑔
𝐹; ENDFOR

(9) If 𝛽𝐹cross ̸= ⌀, return to Step (3); otherwise, terminate the procedure.
END

Procedure 1

BEGIN
Input: all necessary data related to customers and vehicles
GA parameters: POP, 𝑝cross, 𝑝mut
Generate a new population of individuals
While maximal iteration number is not met DO
Evaluate the individuals
Select the better individuals
Generate the offspring population using evolutionary operators

Output: a set of non-dominated solutions
END

Procedure 2

Table 1: The situation of vehicles in the logistics enterprise S.

Vehicle model 𝑄
𝑘

𝐶
𝑘

Quantity
a 15 ton/59m3 0.2 yuan/kg 2
b 2 ton/15m3 0.3 yuan/kg 1
c 25 ton/77m3 0.15 yuan/kg 2
d 40 ton/100m3 0.1 yuan/kg 2

We repeat the procedure until two customers are permuted
or until a certain number of unsuccessful attempts are made.

Finally, the main process of proposed GA can be
described as shown in Procedure 2.

4. Experimental Results and Comparisons

A logistics enterprise named S has 10 vehicles, the situation
of which is shown in Table 1. S needs to deliver goods to
10 customers. Table 2 shows the travel time for S’s logistics
enterprise. The positions and demands of the customers can
be seen in Figure 3 and Table 3. Table 4 presents the time-
windows constraints for each customer. When a vehicle’s
arrival time is one day earlier than the earliest permitted
arrival time, the inventory cost is equal to 0.44 yuan/(ton ×

day). The penalty cost, when the vehicle’s arrival time is
one day later than the latest permitted arrival time, is
4,000 yuan/weekday.Themaximum travel time for each route
is 30 weekdays.
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Figure 3: The position relationship of the customers.

In real life, it is important to confirm the trade-off
between fleet sizes and total transportation costs of logistics
enterprises. These two aspects may positively correlate with
each other. In other words, a higher transportation cost may
be incurred if more vehicles are involved. At the same time,
these two values may conflict with each other. Such situations
are difficult to determine when using the classical approach
but are easily analyzed with our suggested approach.
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Table 2: The travel time of S logistics enterprise (day).

Travel time 0 1 2 3 4 5 6 7 8 9 10
Depot 0 0 2 3 2 3 3 3 4 4 5 3
Customer 1 — 0 3 3 2 2 3 3 5 5 3
Customer 2 — — 0 4 3 2 1 2 4 3 2
Customer 3 — — — 0 4 4 5 5 6 6 4
Customer 4 — — — — 0 2 2 3 5 5 2
Customer 5 — — — — — 0 2 2 5 5 1
Customer 6 — — — — — — 0 1 4 4 1
Customer 7 — — — — — — — 0 5 3 1
Customer 8 — — — — — — — — 0 5 5
Customer 9 — — — — — — — — — 0 4
Customer 10 — — — — — — — — — — 0

Table 3: The demand of customers.

Customer Demand
Customer 1 3000 kg
Customer 2 10000 kg
Customer 3 5000 kg
Customer 4 2000 kg
Customer 5 2000 kg
Customer 6 10000 kg
Customer 7 8000 kg
Customer 8 5000 kg
Customer 9 7000 kg
Customer 10 20000 kg

Table 4: The time windows constraints of each customer.

Customer Time windows
Customer 1 [1, 2]
Customer 2 [2, 4]
Customer 3 [3, 5]
Customer 4 [4, 8]
Customer 5 [3, 10]
Customer 6 [11, 15]
Customer 7 [3, 6]
Customer 8 [7, 12]
Customer 9 [4, 10]
Customer 10 [2, 7]

In this paper, the proposedGA is run under theMATLAB
development environment and performed on a computer
with a 2 GHz Intel dual-core processor with 2GB RAM,
running Windows 7. We tuned the algorithm parameters,
including population size, max iteration, mutation rate, and
crossover rate, by using crossover values of {0.6, 0.7, 0.8, 0.9}
and mutation rates of {0.1, 0.2, 0.3, 0.4}. After many trials,
the population size, crossover rate, mutation rate, and max
iteration were set to 50, 0.8, 0.4, and 500, respectively. The
example case was solved and repeated 30 times, and the
average CPU time was 102 seconds. The best results for the
GA are listed in Tables 5 and 6.

The results with time-window constraints are shown in
Table 5, and the results without time-window constraints are
shown in Table 6. Table 5 shows that the transportation cost
of a solution is reduced as the number of vehicles is increased.
For example, when the fleet size is 2, the total transportation
cost is 65,320 yuan, while when the fleet size is 3, the total
transportation cost is 34,581 yuan. When the fleet size is
increased by 1, the total transportation cost is thus reduced
by 47.06% (from 65,320 to 34,581).

Comparing the results of Tables 5 and 6, we can find that
the total transportation cost with time-window constraints
is higher than the transportation cost without them. In
particular, when the fleet size is equal to 2, the gap between
the two costs can be as high as 26,520 yuan. Tables 5 and 6
present the different vehicle routes for the two results. This
situation can be explained by the real transportation process.
In reality, in daily life, some customers determine the goods
arrival time interval according to their demand, and this
arrival time interval is called a time window. If a customer
is serviced before the earliest arrival time, extra inventory
costs are incurred. If the customer is serviced after the latest
arrival time, penalty costs have to be paid. Therefore, time-
window constraints may influence transportation costs and
vehicle routes. It must be mentioned that decision-makers
maymake thewrong decisionswhen they ignore the effects of
time-window constraints, which results in resource wasting
and customer dissatisfaction.

The vehicle routes with time-window constraints of dif-
ferent fleet sizes are shown in Figure 4. When the fleet size is
equal to 2, there are two routes, when the fleet size is equal
to 3, there are three routes, and so on. When the fleet size
is increased by 1, the vehicle routes also increase by 1. Note
that the results in Table 5 and Figure 4 are clearly comparable,
and the decision-maker of S can decide which vehicle route is
more preferable, based on specific preferences. For instance,
if the decision-maker wants fewer transfers to occur, in order
to use vehicle space efficiently, the two-vehicle route may be
more reasonable. If the decision maker wants to lower cost,
the six-vehicle route may be more reasonable.

The results of this example case allow us to obtain
information on the trade-off relationship between fleet size
and total transportation cost, as shown in Figure 5. It can be
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Table 5: The results with time-window constraints.

Fleet size Limited capacity The vehicle route Total transportation cost

2 [40, 40] 0 → 1 → 5 → 10 → 7 → 9 → 0;
0 → 3 → 2 → 6 → 4 → 8 → 0

65320

3 [40, 40, 25]
0 → 10 → 7 → 9 → 8 → 0;
0 → 2 → 6 → 4 → 5 → 0;
0 → 1 → 3 → 0

34581

4 [40, 40, 25, 25]
0 → 2 → 6 → 8 → 0;
0 → 10 → 7 → 9 → 0;
0 → 1 → 5 → 4 → 0;
0 → 3 → 0

30533

5 [40, 40, 25, 25, 15]

0 → 10 → 7 → 9 → 0;
0 → 2 → 6 → 5 → 0;
0 → 1 → 4 → 0;
0 → 8 → 0;
0 → 3 → 0

29440

6 [40, 40, 15, 15, 25, 25]

0 → 10 → 7 → 9 → 0;
0 → 2 → 6 → 4 → 0;
0 → 8 → 0;
0 → 3 → 0;
0 → 1 → 0;
0 → 5 → 0

29240

7 [40, 40, 25, 25, 15, 15, 2]

0 → 10 → 7 → 9 → 0;
0 → 2 → 6 → 4 → 0;
0 → 8 → 0;
0 → 3 → 0;
0 → 1 → 0;
0 → 5 → 0

29240

Table 6: The results without time-window constraints.

Fleet size Limited capacity The vehicle route Total transportation cost

2 [40, 40] 0 → 2 → 6 → 7 → 9 → 8 → 0;
0 → 10 → 5 → 1 → 3 → 4 → 0

38800

3 [40, 40, 25]
0 → 10 → 7 → 9 → 4 → 0;
0 → 2 → 6 → 8 → 0;
0 → 3 → 1 → 5 → 0

33350

4 [40, 40, 25, 25]
0 → 6 → 2 → 8 → 0;
0 → 10 → 7 → 9 → 0;
0 → 1 → 5 → 4 → 0;
0 → 3 → 0

31000

5 [40, 40, 25, 25, 15]

0 → 10 → 7 → 9 → 0;
0 → 6 → 2 → 5 → 0;
0 → 8 → 0;
0 → 1 → 4 → 0;
0 → 3 → 0

29400

6 [40, 40, 15, 15, 25, 25]

0 → 2 → 6 → 4 → 0;
0 → 10 → 7 → 9 → 0;
0 → 3 → 0;
0 → 8 → 0;
0 → 5 → 0;
0 → 1 → 0

29200

7 [40, 40, 25, 25, 15, 15, 2]

0 → 10 → 7 → 5 → 0;
0 → 6 → 2 → 9 → 0;
0 → 8 → 0;
0 → 3 → 0;
0 → 1 → 0;
0 → 4 → 0

29200
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Figure 4: The vehicle routes with time-window constraints of different fleet sizes.
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Figure 5: The trade-off relationship between fleet size and total
transportation cost.

found that these two objectives conflict with each other,
and the total transportation cost is reduced as the fleet size
is increased. The reason for this is that the transportation
weight is a dominant part of transportation cost. However,
transportation cost reduction decreases gradually with the
increase of fleet size.When the fleet size is six, the transporta-
tion cost is at a minimum and will not change further if the
fleet size keeps increasing. This situation may be due to fuel
consumption, driver salaries, or vehicle maintenance costs,
which increase transportation cost.

Based on these findings, this paper emphasizes that the
number of vehicles involves separate objectives, beyond the
total cost of traveling.This is because there is a cost associated
with having more vehicles, and considering this in different
cases is important. In some cases when a vehicle and its
associated costs (namely,manpower costs, fuel consumptions
cost, etc.) are negligible, the routing plan will be irrational.
This model represents a range of possible answers, with dif-
ferent numbers of vehicles and costs, with which a decision-
maker can decide which kind of solution is preferable.

5. Conclusion

In this paper, we have considered a transportation cost prob-
lem with time-window constraints as a biobjective problem
in which the size of a fleet of vehicles and total transporta-
tion costs are minimized, while capacity and time-window
constraints are not violated. This paper uses a modified
algorithm approach to solve this transportation cost problem.
The proposed GA employs a string of customer identifiers,
which represent the sequence of deliveries that must cover a
vehicle during its route. Each vehicle identifier represents a
separator between two different routes in the chromosome.
A selection mechanism is then used to select prospective
parents based on their fitness, as computed by an evaluation

function. In this paper, the selected parent chromosomes
are then recombined via a crossover operator to create a
potential new population. A special mutation is applied to
introduce a level of randomness that will preserve the GA
from converging to a local optimum.

Finally, the algorithm is applied to solve an enterprise
transportation problem for S logistics. In the last part of this
paper, we compare two results (results with time-window
constraints and results without time-window constraints).
Based on the gap between these two situations, we find
that the total transportation cost with time-window con-
straints is higher than the transportation cost without time-
window constraints. In addition, time-window constraints
also change vehicle routes during transportation.

Through an analysis of the case, we also find that total
transportation cost and fleet size conflict with one another
and that the total transportation cost is reduced as fleet size
is increased. The results with time-window constraints are
clearly comparable, and the decision-maker for S can decide
which vehicle route is more preferable based on specific
preferences. Thus, it is important for logistics enterprises’
decision-makers to ensure that the sizes of their fleets of
vehicles are appropriate.
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Simulation, as a powerful tool for evaluating transportation systems, has beenwidely used in transportation planning,management,
and operations. Most of the simulation models are focused on motorized vehicles, and the modeling of nonmotorized vehicles is
ignored.The cellular automata (CA)model is a very important simulation approach and is widely used formotorized vehicle traffic.
The Nagel-Schreckenberg (NS) CA model and the multivalue CA (M-CA) model are two categories of CA model that have been
used in previous studies on bicycle traffic flow.This paper improves on these twoCAmodels and also compares their characteristics.
It introduces a two-lane NS CAmodel andM-CAmodel for both regular bicycles (RBs) and electric bicycles (EBs). In the research
for this paper, many cases, featuring different values for the slowing down probability, lane-changing probability, and proportion of
EBs, were simulated, while the fundamental diagrams and capacities of the proposedmodels were analyzed and compared between
the two models. Field data were collected for the evaluation of the two models. The results show that the M-CA model exhibits
more stable performance than the two-lane NS model and provides results that are closer to real bicycle traffic.

1. Introduction

Traffic flow theories are generally divided into two branches:
macroscopic and microscopic theories [1]. The macroscopic
traffic flow models are based on fluid dynamics and are
mostly used to elucidate the relationships between density,
volume, and speed (also called the fundamental diagram) in
various traffic conditions. The microscopic traffic models, on
the other hand, describe the interaction between individual
vehicles. The microscopic traffic models generally include
car-following models and cellular automata (CA) models.
The car-following model is the most important model,
describing the detailed movements of vehicles proceeding
close together in a single lane. There have been many car-
following models produced in the literature over the past
60 years, such as stimulus-response models, safety distance
models, action point models, fuzzy-logic-based models, and
optimal velocity models [2–5]. For a broader review, refer
to Brackstone and McDonald [6] and Chowdhury et al.
[7]. Recently, CA models have emerged as an efficient tool
for simulating highway traffic flow because of their easy

concept, simple rule, and speed in conducting numerical
investigations. The rule-184 model, proposed by Wolfram
[8], was the first CA model to be widely used for traffic
flow. Nagel and Schreckenberg [9] presented the well-known
NS CA model, which is an extension of the rule-184 model
allowing the maximal speed of vehicles to be more than one
cell/s. The NS model and the many improved versions of
it reproduce some basic and complicated phenomena such
as stop and go, metastable states, capacity drop phenomena
(which means the capacity of road experiences a large drop
under critical density conditions), and synchronized flow in
real traffic conditions.

Most of the aforementioned microscopic traffic models
have been developed only for motorized vehicles. Few of
them have been used for modeling non-motorized vehicles
such as bicycles, tricycles, electric bicycles, and motorcycles
because of the complicated characteristics of such vehicles
movements. With the increasing usage of bicycles, some
researchers have begun focusing on modeling the operation
of bicycle facilities. Jiang et al. [10] introduced two different
multivalue CA (M-CA) models in order to model bicycle
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flow. Their simulation results showed that, once the ran-
domization effect is considered, the multiple states in deter-
ministic M-CA models disappear and unique flow-density
relations exist. They found the transition from free flow to
congested flow to be smooth in onemodel but of second order
in the other. Lan and Chang [11] developed inhomogeneous
CA models to elucidate the interacting movements of cars
and motorcycles in mixed traffic contexts. The car and
motorcycle were represented by nonidentical particle sizes,
respectively, occupying 6 × 2 and 2 × 1 cell units, each of size
1.25 × 1.25 meters. The CA models were validated by a set of
field-observed data and the relationships between flow, cell
occupancy (a proxy of density), and speeds under different
traffic mixtures and road (lane) widths were elaborated. A
M-CA model for mixed bicycle flow was proposed by Jia
et al. [12]. Two types of bicycles, with different maximum
speeds (1 cell/s and 2 cells/s), were considered in the system.
Different results were analyzed and investigated under both
deterministic and stochastic regimes. Li et al. [13] presented
a multivalue cellular model for mixed nonmotorized traffic
flow composed of bicycles and tricycles. A bicycle was
assumed to occupy one unit of cell space and a tricycle two
units of cell space.The simulation results showed themultiple
state effect of mixed traffic flow. Gould and Karner [14]
proposed a two-lane inhomogeneous CA simulation model,
an improved version of the NS model combining a lane-
changing rule, for bicycle traffic, and collected field data from
three UC Davis bike paths for comparison with a simulation
model. Yang et al. [15] proposed an extended multivalue CA
model that permitted the bicycles to move at faster speeds.
The simulation results showed that the mixed nonmotorized
traffic capacity increased with an increase in the electric
bicycle ratio. Zhang et al. [16] used an improved three-laneNS
model to analyze the speed-density characteristics of mixed
bicycle flow. The simulation results of the CA model were
effectively consistent with the actual survey data when the
density was lower than 0.225 bic/m2.

Summarizing the above, none of the aforementioned car-
following models have been devoted to mixed traffic with
regular bicycles (RBs) and electric bicycles (EBs), but CA
models have been widely used for modeling nonmotorized
traffic.Themodeling ofmixed bicycle traffic usingCAmodels
can be divided into two branches: NS CA model and M-CA
model approaches. The update rules of the NS CA model for
bicycle flow are the same as for motorized vehicles, with only
the cell size and bicycle speeds being different. As pointed
out by Jiang et al. [10] and Jia et al. [12], the M-CA model is
more suitable than the NS model for modeling bicycle traffic
flow. Because the update rules of the M-CA model do not
include direct car-following and lane-changing behavior, it
may be appropriate formodeling the nonlane-based behavior
of bicycle traffic. The NS CA model and M-CA model have
been used for modeling bicycle traffic and mixed bicycle
traffic with RBs and EBs. However, there is no evidence in the
existing literature as to which model is better for modeling
mixed traffic flow, nor as to the differences between these two
models. Therefore, a comparison of the NS CA model and
the M-CA model in terms of their ability to model mixed

bicycle traffic is required so that CAmodels can be improved
efficiently.

This paper attempts to develop twoCAmodels to describe
the behaviors of mixed bicycle traffic with RBs and EBs on
a separated bicycle path and to compare the characteristics
of the NS CA model and the M-CA model. The remaining
parts are organized as follows. Section 2 introduces the
development of NS and M-CA rules. Section 3 presents the
simulation results of these two CA models. Section 4 further
discusses differences in the simulation results. Finally, the
conclusions and ideas for future studies are addressed.

2. CA Models

2.1. Definition of Cell Size and Bicycle Speed. The main
differences encountered when modeling bicycle traffic as
opposed to motorized vehicle traffic using a CA model are
the cell size and the speed. Mixed bicycle traffic with RBs
and EBs on separated bicycle paths is ubiquitous in many
Asian countries, such as China, Vietnam, Indonesia, and
Malaysia. Because of the different operating speeds of RBs
and EBs, mixed traffic produces complicated behavior and
characteristics that are likely to lead to safety and efficiency
problems. Modeling mixed bicycle traffic is very important
for the planning, operation, and management of bicycle
facilities. Based on the behavior of cyclists, CA models are
the best option for modeling bicycle traffic. The size of cell
space and the update rules are two significant aspects of CA
models.

Bicycles are shorter and narrower than motorized vehi-
cles. Based on field surveys, the length of most RBs and EBs
is 1.7–1.9m. Meanwhile, bicycle lanes are set at 1 meter wide
in both China and theUSA [17, 18].Therefore, the size of a RB
or an EB is assumed rectangular, with length 2m and width
1m, as is widely used in other CA models [14–16]. The other
parameter for modeling bicycle traffic is speed. According to
the literature, the reported free flow speed of EBs is larger
than that of RBs. Accordingly, in this paper speeds of 2 cells/s
(4m/s or 14.4 km/h) and 3 cells/s (6m/s or 21.6 km/h) were
chosen for RBs and EBs, respectively.

2.2. NS CA Model. The NS CA model used in this paper
was proposed by Nagel and Schreckenberg [9]. This model
is very widely used in modeling highway traffic and bicycle
traffic. The NS CA model includes a car-following rule and a
lane-changing rule. The car-following rule is based on four
steps, and the lane-changing rule is based on the work of
Rickert et al. [19]. Different vehicle behavior rules would
lead to different simulation results. With an increase in the
number of lanes, the lane-changing logic would becomemore
complicated and make modeling more difficult. Therefore, in
this paper only a two-lane bicycle path is simulated and used
in the comparison. In the time interval from 𝑡 to 𝑡+1, the four
basic rules of the NS model evolve according to the following
steps.

Step 1 (longitudinal acceleration). Consider

V
𝑖 (𝑡 + 1) = min (V

𝑖 (𝑡) + 1, V𝑖max) , (1)
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where V
𝑖
(𝑡) is the speed of the 𝑖th bicycle at updating time

𝑡. V
𝑖max is the maximum speed of the 𝑖th bicycle. This corre-

sponds to the cyclists’ realistic free flow speed.

Step 2 (longitudinal deceleration). Consider

V
𝑖 (𝑡 + 1) = min (V

𝑖 (𝑡) , gap𝑖) , (2)

where gap
𝑖
is the distance between the 𝑖th bicycle and the

bicycle in front of it, at updating time 𝑡. This step ensures that
the bicycle stays safe with no collisions.

Step 3 (random slowing down). Consider

V
𝑖 (𝑡 + 1) = max (V

𝑖 (𝑡) − 1, 0) if rand () < 𝑝𝑑𝑖, (3)

where rand() is a uniformly distributed random number
between 0 and 1 and 𝑝

𝑑𝑖
is the random slowing down

probability of the 𝑖th bicycle. The random slowing down
effect, which captures one cyclist’s brakingmaneuver due to a
random event (e.g., accident, road, or weather related fac-
tors), is one of the most significant parameters of the CA
model. This step incorporates the idea of random effects on
bicycles that may cause them to slow down.

Step 4 (motion). Consider

𝑥
𝑖 (𝑡 + 1) = 𝑥𝑖 (𝑡) + V𝑖 (𝑡 + 1) , (4)

where 𝑥
𝑖
(𝑡) is the position of the 𝑖th bicycle at time 𝑡.

The lane-changing logic is shown below. Before the accel-
eration step, both lanes are examined to evaluate lane-chang-
ing opportunities. The following conditions are checked for
each bicycle and must be true in order for it to change lanes.

(1) The speed of the bicycle currently in 𝑖th position is
larger than or equal to the cell distance to the next
bicycle. This condition ensures that this bicycle will
need to slow down at the next update:

V
𝑖 (𝑡) ≥ gap𝑖 (𝑡) . (5)

(2) The distance to the next bicycle in the lane adjacent to
the lane of the 𝑖th bicycle (gap𝑓

𝑖
(𝑡)) is larger than the

distance to the next bicycle in its current lane
(gap
𝑖
(𝑡)). This condition ensures that a benefit is

derived from changing lanes:

gap𝑓
𝑖
(𝑡) > gap

𝑖
(𝑡) . (6)

(3) The distance to backward bicycle in the lane adjacent
to that of the currently 𝑖th bicycle (gap𝑏

𝑖
(𝑡)) is large

enough. This condition ensures that, looking back-
wards, the closest bicycle in the adjacent lane is suf-
ficiently far away:

gap𝑏
𝑖
(𝑡) ≥ min [V𝑏

𝑖−1 (𝑡) + 1, V
𝑏

𝑖−1max] . (7)

(4) A uniformly distributed random number between 0
and 1 is less than the probability of a lane change (𝑝

𝑡
):

rand () < 𝑝𝑡. (8)

gap𝑓
𝑖
(𝑡) and gap𝑏

𝑖
(𝑡) can be calculated as follows:

gap𝑓
𝑖
(𝑡) = 𝑥

𝑓

𝑖+1 (𝑡) − 𝑥𝑖 (𝑡) − 1

gap𝑏
𝑖
(𝑡) = 𝑥𝑖 (𝑡) − 𝑥

𝑏

𝑖−1 (𝑡) − 1,
(9)

where 𝑥𝑏
𝑖−1(𝑡), V

𝑏

𝑖−1(𝑡), and V𝑏
𝑖−1max(𝑡) are the position, speed,

and maximum speed of the nearest following bicycle in the
lane adjacent to that of the 𝑖th bicycle.

The new speed for the bicycle currently in the 𝑖th position
after lane-changing is calculated as follows:

V
𝑖
(𝑡 + 1) = min [V

𝑖 (𝑡) + 1, gap
𝑓

𝑖
(𝑡) , V𝑖max] , (10)

where V
𝑖
(𝑡 + 1) is the speed of this bicycle after the lane-

changing.
The motion of the lane-changing bicycle is

𝑥


𝑖
(𝑡 + 1) = 𝑥𝑖 (𝑡) + V



𝑖
(𝑡 + 1) , (11)

where 𝑥
𝑖
(𝑡 + 1) is the position of the bicycle after the lane-

changing.

2.3. M-CA Model. A family of M-CA models has recently
been proposed byNishinari andTakahashi [20–22].The basic
version of the family is obtained fromanultradiscretization of
Burgers’ equation. Therefore, it is also called the Burgers CA
(BCA). Previously, BCA models were proposed for highway
traffic. Recent attempts have includedBCAmodels purported
to represent bicycle flow [12, 13] adapted for the unobvious
car-following and lane-changing behavior in bicycle traffic.
In order to make a comparison with the NS CA model, the
M-CAmodel for mixed bicycle flow is improved upon in this
paper.

The numbers of RBs and EBs in location 𝑗 at time 𝑡 are
𝑈
𝑟

𝑗
(𝑡) and 𝑈𝑒

𝑗
(𝑡), respectively. As shown in Section 2.1, RBs

with a maximum speed of 2 cells/s and EBs with a maximum
speed of 3 cells/s are considered in the simulation systems.
Therefore, the updating procedures are changed as follows:

(1) all bicycles in location 𝑗 move to their next location
𝑗+1 if the location is not fully occupied, and EBs have
priority over RBs;

(2) all bicycles that moved in procedure (1) can move to
location 𝑗+2 if their next location is not fully occupied
after procedure (1), and EBs again have priority over
RBs;

(3) only EBsmoved in procedure (2) canmove to location
𝑗 + 3 if their next location is not fully occupied after
procedure (2).

The numbers of RBs and EBs that move one location on
from location 𝑗 at time 𝑡 in procedure (1) are 𝑏𝑟

𝑗
(𝑡) and 𝑏𝑒

𝑗
(𝑡),

respectively. The numbers of RBs and EBs that move two
locations on from location 𝑗 at time 𝑡 are 𝑐𝑟

𝑗
(𝑡) and 𝑐𝑒

𝑗
(𝑡), resp-

ectively. 𝑑𝑒
𝑗
(𝑡) represents the number of EBs that move three

locations on from location 𝑗 at time 𝑡. 𝐿 is defined as the lane
number of the simulation bicycle path. The randomization
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effect on the RBs is introduced as follows: 𝑐𝑟
𝑗
(𝑡 + 1) decreases

by 1 with probability 𝑝
𝑑𝑟

if 𝑐𝑟
𝑗
(𝑡 + 1) > 0. The randomization

effect on the EBs is as follows: 𝑑𝑒
𝑗
(𝑡 + 1) decreases by 1 with

probability 𝑝
𝑑𝑒

if 𝑑𝑒
𝑗
(𝑡 + 1) > 0. The updating rules are as

follows.

Step 1. Calculation of 𝑏𝑟
𝑗
(𝑡 + 1), 𝑏𝑒

𝑗
(𝑡 + 1), and 𝑏

𝑗
(𝑡 + 1) (𝑗 =

1, 2, 3, . . . , 𝐾) is as follows:

𝑏
𝑒

𝑗
(𝑡 + 1) = min (𝑈𝑒

𝑗
(𝑡) , 𝐿 −𝑈𝑗+1 (𝑡)) (12)

𝑏
𝑟

𝑗
(𝑡 + 1) = min (𝑈𝑟

𝑗
(𝑡) , 𝐿 −𝑈𝑗+1 (𝑡) − 𝑏

𝑒

𝑗
(𝑡 + 1)) (13)

𝑏
𝑗 (𝑡 + 1) = 𝑏

𝑟

𝑗
(𝑡 + 1) + 𝑏𝑒

𝑗
(𝑡 + 1) . (14)

Step 2. Calculation of 𝑐𝑟
𝑗
(𝑡 + 1), 𝑐𝑒

𝑗
(𝑡 + 1), and 𝑐

𝑗
(𝑡 + 1) is as

follows:

𝑐
𝑒

𝑗
(𝑡 + 1) = min (𝑏𝑒

𝑗
(𝑡 + 1) , 𝐿 −𝑈𝑗+2 (𝑡) − 𝑏𝑗+1 (𝑡 + 1)

+ 𝑏
𝑗+2 (𝑡 + 1))

(15)

𝑐
𝑟

𝑗
(𝑡 + 1) = min (𝑏𝑟

𝑗
(𝑡 + 1) , 𝐿 −𝑈𝑗+2 (𝑡) − 𝑏𝑗+1 (𝑡 + 1)

+ 𝑏
𝑗+2 (𝑡 + 1) − 𝑐

𝑒

𝑗
(𝑡 + 1)) .

(16)

If rand() < 𝑝
𝑑𝑟
, then

𝑐
𝑟

𝑗
(𝑡 + 1) = max (𝑐𝑟

𝑗
(𝑡 + 1) − 1, 0)

𝑐
𝑗 (𝑡 + 1) = 𝑐

𝑟

𝑗
(𝑡 + 1) + 𝑐𝑒

𝑗
(𝑡 + 1) .

(17)

In (12) and (15), 𝑏𝑒
𝑗
(𝑡 + 1) and 𝑐𝑒

𝑗
(𝑡 + 1) are calculated first

because the EBs have priority over the RBs.

Step 3. Calculation of 𝑑
𝑗
(𝑡 + 1) is as follows:

𝑑
𝑗 (𝑡 + 1) = min (𝑐𝑒

𝑗
(𝑡 + 1) , 𝐿 −𝑈𝑗+3 (𝑡) − 𝑏𝑗+2 (𝑡 + 1)

+ 𝑏
𝑗+3 (𝑡 + 1) − 𝑐𝑗+1 (𝑡 + 1) + 𝑐𝑗+2 (𝑡 + 1)) .

(18)

If rand() < 𝑝
𝑑𝑒
, then

𝑑
𝑗 (𝑡 + 1) = max (𝑑

𝑗 (𝑡 + 1) − 1, 0) . (19)

Step 4. Update 𝑈𝑟
𝑗
(𝑡 + 1), 𝑈𝑒

𝑗
(𝑡 + 1), and 𝑈

𝑗
(𝑡 + 1):

𝑈
𝑒

𝑗
(𝑡 + 1) = 𝑈𝑒

𝑗
(𝑡) − 𝑏

𝑒

𝑗
(𝑡 + 1) + 𝑏𝑒

𝑗−1 (𝑡 + 1)

− 𝑐
𝑒

𝑗−1 (𝑡 + 1) + 𝑐
𝑒

𝑗−2 (𝑡 + 1)

− 𝑑
𝑗−2 (𝑡 + 1) + 𝑑𝑗−3 (𝑡 + 1)

𝑈
𝑟

𝑗
(𝑡 + 1) = 𝑈𝑟

𝑗
(𝑡) − 𝑏

𝑟

𝑗
(𝑡 + 1) + 𝑏𝑟

𝑗−1 (𝑡 + 1)

− 𝑐
𝑟

𝑗−1 (𝑡 + 1) + 𝑐
𝑟

𝑗−2 (𝑡 + 1)

𝑈
𝑗 (𝑡 + 1) = 𝑈

𝑟

𝑗
(𝑡 + 1) +𝑈𝑒

𝑗
(𝑡 + 1) ,

(20)

where rand() is a uniformly distributed random number
between 0 and 1.

3. Simulation Results

For the comparison of the NS CA model against the M-CA
model, the simulation parameters in both models should be
set to the same values. In the simulations, a two-lane bicycle
path (𝐿 = 2) was selected with length 𝐾 = 500 cells (equal to
1000m). In the initial conditions, RBs and EBs are randomly
distributed on the road using the same random number for
both models.The default values of the random slowing down
probability (𝑝

𝑑
), the probability of a lane change (𝑝

𝑡
), and the

proportion of EBs (𝑝
𝑒
) are 0.2, 0.8, and 0.5, respectively, for

the NS CA model (as in previous studies [14]). The default
values of the random slowing down probability of RBs (𝑝

𝑑𝑟
),

the random slowing down probability of EBs (𝑝
𝑑𝑒
), and the

proportion of EBs are 0.4, 0.4, and 0.5, respectively, for theM-
CAmodel. In theM-CAmodel, the slowing down probability
is the probability that the number of bicycles (𝑐𝑟

𝑗
(𝑡 + 1))

decreases, which means that one bicycle decreases its speed.
In this paper, the simulation is based on two lanes (𝐿 = 2).
Therefore, the maximum value of 𝑐𝑟

𝑗
(𝑡+1) is 2. If 𝑐𝑟

𝑗
(𝑡+1) = 0,

no bicycle slows down, and the slowing down probability of
any bicycle is zero. If 𝑐𝑟

𝑗
(𝑡 + 1) = 1, only one bicycle slows

down, with probability 𝑝. If 𝑐𝑟
𝑗
(𝑡+1) = 2, this means only one

bicycle may slow down with probability 𝑝; therefore, the total
slowing down probability of bicycles is 0.5𝑝. By summing the
above three cases, we assume these three cases have the same
percentage. Therefore, the mean of the three cases’ slowing
down probabilities is (0 + 𝑝 + 0.5𝑝)/3 = 0.5𝑝. In order
to compare the two models, we used a default value for the
random slowing down probability for the M-CA model of
half that for the NS CA model.

Periodic conditions that are as close as possible to the
actual conditions are used so that the bicycles ride on a circuit.
The instantaneous positions and speeds for all particles are
updated in parallel, per second. The flow, speed, and density
of the mixed bicycle traffic flow can be calculated after a
given amount of time (20000 simulation steps) [15], and the
averages over the last 5000 steps are used for the calculation
in order to decrease the random effect.

3.1. Results of the NS CA Model. In order to show the dif-
ferent characteristics of the NS CA model under different
model parameters, speed-density and flow-density plots (the
fundamental diagram of bicycle traffic flow) were created so
that the results could be analyzed. Example plots are shown
in Figures 1, 2, and 3. When 𝑝

𝑑
= 0, it is a deterministic case,

while 𝑝
𝑑
̸= 0 is a stochastic case. From Figure 1, it can be seen

that, with an increase in the slowing down probability 𝑝
𝑑
, the

fundamental diagrams drop quickly, which means that the
capacity of the bicycle lane drops quickly with an increase in
𝑝
𝑑
. When the slowing down probability 𝑝

𝑑
is equal to one,

the stopped RBs will lead bicycle traffic flow to jam, and the
speed and flow will both be zero.

Figure 2 shows the speed-density and flow-density rela-
tionships under different lane-changing probabilities. In the
low-density region, with an increase in the lane-changing
probability, the speed of bicycle flow increases. In the high-
density region, the speeds of bicycle flow under different
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Figure 1: Speed-density and flow-density relationships under different slowing down probabilities when 𝑝
𝑡
= 0.8 and 𝑝

𝑒
= 0.5.
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Figure 3: Speed-density and flow-density relationships under different proportions of EBs when 𝑝
𝑑
= 0.2 and 𝑝

𝑡
= 0.8.

lane-changing probabilities show smaller differences than in
the low-density region. This is due to using the motorized
vehicle lane-changing rule for bicycle traffic flow. The lane-
changing rule proposed in this paper is very strictly based on
gap acceptance theory, and the looking-backward gap should
be large in order for lane-changing to happen. However, the
driving behavior of bicycles is very different from that of
motorized vehicles. The lane-changing rule for motorized
vehicles will restrict the lane-changing behavior of higher-
speed bicycles (such as EBs in this case) and lead to no
significant differences between the fundamental diagrams for
different lane-changing probabilities.

The proportion of EBs is one of the most important
parameters for mixed bicycle traffic flow. Figure 3 shows the
fundamental diagrams for different proportions of EBs in the
mixed traffic. It can be seen that, with an increase in the
proportion of EBs, speed and capacity increase because of the
EBs’ higher free flow speed compared to the RBs. Another
finding observable in Figure 3 is that, when 𝑝

𝑒
is small, the

influence on capacity is small, and with the increase in 𝑝
𝑒
, the

influence of 𝑝
𝑒
on capacity becomes larger. This means that

the influence of EBs on the bicycle lane capacity is not linear,
which may be due to the existence of lower-speed RBs and
the strict lane-changing rule, which deter EBs from changing
lanes and increasing their speed.

3.2. Results of the M-CA Model. This section presents the
simulation results of the M-CA model. In order to compare
the results with those of the NS CAmodel, the slowing down
probabilities of RBs and EBs are set to the same value of

0.4. Therefore, only two parameters, 𝑝
𝑑
and 𝑝

𝑒
, are analyzed

in this simulation case. Figure 4 shows the fundamental
diagrams under different 𝑝

𝑑
values. Similarly to the NS CA

model, the capacities drop with the increase in the slowing
down probability. However, the capacity drops of the M-CA
model are smaller than those of the NS CA model, as will be
discussed in detail in the next section.

From Figure 5(a), in the low-density region (density <
200 bicycles/km per lane), the bicycle flow is in the free flow
state and most bicycles move independently. Therefore, the
average speed of the system equals the free flow speed of
mixed bicycles, which increases with the proportion of EBs.
As can be seen in Figure 5(b), similar to the case of the NS
CA model, with an increase in the proportion of EBs, the
bicycle capacity also increases. It is easy to see that the free
flow speed of all bicycles will increase with the proportion of
EBs. The simulation results from the NS CA model and the
M-CA model show the same findings.

4. Discussion

Most of the previous studies on CAmodels for mixed bicycle
flow discuss multiple states and the transition from free flow
to congested flow. However, the choice of an appropriate CA
model for simulating bicycle traffic is more important than
model analysis and calibration.Therefore, we should compare
the simulation results of the two CAmodels presented above
and try to draw conclusions about the selection of a CA
model.
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Figure 4: Speed-density and flow-density relationships under different slowing down probabilities of RBs and EBs when 𝑝
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= 0.5.
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Figure 6: Speed-density relationships for different bicycle types.

Because the capacity is a significant parameter for bicycle
lane planning and management, capacity and fundamental
diagrams can be used for evaluating the CAmodels [23]. The
capacity is defined as the maximum flow under particular
road conditions. In the fundamental diagram, the capacity is
the peak of the fundamental diagram curve. For simplicity,
due to the fact that the simulation densities of bicycle traffic
flow cover all traffic conditions, we use the maximum flow of
bicycles as the observed capacity of the bicycle path in this
paper.

Figure 6 shows the comparisons of the speed-density
relationships for the NS CA and M-CA models. It can easily
be seen that, for the NS CA model, in the low-density region
(approximately 100 bicycles/km per lane or fewer), the speeds
of RBs and EBs are very different, while in the high-density
region the speeds of RBs and EBs are almost equal. Similar
conclusions are found for the M-CA model. However, the
critical density distinguishing low from high density is nearly
300 bicycles/km per lane, much larger than that for the NS
CA model. The results show that the lane-changing rule of
the NS CAmodel enables the EBs hardly to pass the RBs and
the speeds of both bicycle types to quickly become the same.

Figure 7 shows the simulated capacity values obtained
from the maximum values of the fundamental diagrams. It
can be seen that when the slowing down probability is zero
(meaning that both models are deterministic CA models)
the two CA models have the same capacity (NS CA model
2387 bicycles/h per lane; M-CA model 2375 bicycles/h per
lane). With the increase in the slowing down probability, the
capacities of both models drop linearly. Linear regression

equations are also shown in Figure 7, and it can clearly
be seen that there are strongly linear relationships between
the capacities of the two models and the slowing down
probabilities. However, the difference between the regression
model slopes of the two models is large (−407.27 versus
−2045.3). Therefore, when the slowing down probability of
the M-CA model equals 1, which means that the slowing
down probability of the NS CA model is nearly 0.5, the
maximumvolumes of the twomodels are very different (2000
versus 1000 bicycles/h per lane). This means that the slowing
down probability has a greater influence on the NS CAmodel
than the M-CA model.

The slowing down probability, as the most significant
parameter of the CA model, describes the stochastic effects
on bicycle traffic flow. Because of the strict lane-changing rule
in the NS CAmodel, the EBs (fast bicycles) do not find it easy
to change lanes andmust follow the RBs, which leads to a very
low capacity. However, theM-CAmodel has an implied lane-
changing rule in the update rules which has less influence on
capacity than in the NS CA model.

Field bicycle data were collected at Jiaogong Road in
Hangzhou, China. The width of this bicycle path is 2.27m,
making it nearly a two-lane bicycle path. The field data cover
all traffic conditions, and the EB percentages also cover a
wide range. The average percentage of EBs is 60.3%, and
the capacity of the bicycle path is defined as the maximum
volume, with a 30-second sampling interval. Figure 8 shows
the observed and simulated speed-density and flow-density
relationships, where the percentage of EBs is set to 0.6
(equal to the field sample percentage) and other simulation
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Figure 7: Simulated capacities of two CA models under different slowing down probabilities.

0

5

10

15

20

25

30

35

0 100 200 300 400 500

Sp
ee

d 
(k

m
/h

)

Density (bicycles/km per lane)

Observations
NS model
Multivalue model

(a) Speed-density relationship

0

500

1000

1500

2000

2500

3000

3500

0 100 200 300 400 500

Fl
ow

 (b
ic

yc
le

s/
h 

pe
r l

an
e)

Density (bicycles/km per lane)

Observations
NS model
Multivalue model

(b) Flow-density relationship

Figure 8: Observed and simulated speed-density and flow-density relationships.

parameters are set to the default values presented above. The
results imply that the M-CA model performs better than the
NS model in fitting the field bicycle observations.

The proportion of EBs describes the proportion of fast
bicycles in the mixed bicycle traffic, which affects the free
flow speed and the capacity of the bicycle lane. Figure 9 shows

the relationships between the proportion of EBs and the lane
capacity from observed and simulated results. It can be seen
that both models produce the same nonlinear relationship,
and the correlation coefficients are both very high. When the
proportion of EBs is low, the EBs must slow down their speed
and follow the RBs. Therefore, the capacity slowly increases
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Figure 9: Observed and simulated capacities under different pro-
portions of EBs.

with the proportion of EBs. When the proportion of EBs is
large, lane-changing and passing occur more frequently, and
the capacity increases quickly with the proportion of EBs.The
simulated results of the M-CA model seem more consistent
with the observed field bicycle capacity than those of the NS
CAmodel.The rootmean square error (RMSE) and themean
absolute percentage error (MAPE) [24, 25] of M-CA model
are less than those of NS CA model.

Based on the above comparison and analysis, some con-
clusions can be drawn. Firstly, CA models can be used for
bicycle traffic simulation because of their simple rules and
quick simulation. The results for the fundamental diagrams
and capacities (about 2000–2500 bicycles/h per lane) are
similar to those from the field data and previous studies
[26]. Secondly, the slowing down probability has a significant
influence on the simulation results for both the NS CAmodel
and the M-CA model. Meanwhile, with an increase in the
slowing down probability, the capacity and speed drop more
quickly in the NS CA model than in the M-CA model. This
may be due to the lane-changing rule of NS CA models that
restricts EBs in changing lanes and accelerating. Thirdly, the
proportion of EBs in the mixed traffic flow affects the critical
density and capacity in both the NS CAmodel and theM-CA
model, as was also reported by some researchers [27, 28]. As
the proportion of EBs moves from 0 to 1, the capacities of the
NSCAmodel and theM-CAmodel increase 19.3% and 17.4%,
respectively. Fourthly, for the NS CA model, the probability
of lane-changing has less influence on the mixed traffic flow
than does the slowing down probability, which may be due to
the strict lane-changing rule leading to less lane-changing by
bicycles. Lastly, the NS CA model is restricted for multilane
bicycle path simulation becausemore bicycle laneswill lead to
more complicated lane-changing rules that are hard to model
and calibrate. In contrast, with the M-CA model it is easy to
simulate a multilane bicycle path, by simply setting different
𝐿 values. As can be seen from the above summary, the M-
CAmodel provides more effective performance for modeling

bicycle traffic and ismore consistentwith the field bicycle data
than the NS CA model.

5. Conclusions

Themodeling and simulation of mixed bicycle traffic flow are
becoming increasingly significant because of the increased
popularity of regular bicycles and electric bicycles in recent
years, due to their greenness and convenience.This paper has
proposed two improved CA models for bicycle traffic flow
modeling and simulation and has compared their character-
istics. The two-lane NS CA model and the multivalue CA
model for mixed bicycle traffic flow were introduced and the
same parameters set for both models so that a comparison
could be made under the same conditions. Speed-density
and flow-density relations were obtained so as to compare
and analyze the models, and the capacities obtained from the
simulation results were also compared under different model
parameters. Field data collected fromHangzhou, China, were
used for the evaluation of the proposed models. The results
show that the M-CA model performs better than the NS
CA model in simulating mixed bicycle traffic. The main
difference between these twomodels is the lane-changing and
slowing down probability rules, making it harder or easier for
EBs to change lanes and accelerate to their free flow speed.

Because of the difficulty of collecting bicycle field data,
especially in congested traffic conditions, the calibration
and validation of the proposed model using field data were
omitted from this paper, and only simulation results were
analyzed and compared between the two models. Future
work will focus on the calibration of the slowing down
probabilities and lane-changing probabilities under different
traffic conditions, so as to further validate and evaluate the
proposed models.
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With system dynamics, we establish three-closed-loop supply chain distribution network system model which consists of supplier,
manufacturer, two retailers, and products (parts) recycler. We proposed that recycler make reflect for the government policy
by adjusting the recycling ratio and recycling delay. We use vensim software to simulate this model and investigate how the
products (parts) recyclers behavior influences the loop supply chain distribution system. The result shows that (1) when recyclers
respond positively to government policies, recycling will increase the proportion of recyclers. When recyclers respond negatively
to government policy making, recycling will reduce the proportion of recyclers. (2) When the recovery percentage of recyclers
improves, manufacturers, Retailer 1, and Retailer 2 quantity fluctuations will reduce and the bullwhip effect will diminish. (3)When
the proportion of recycled parts recyclers is lowered, manufacturers, Retailer 1, and Retailer 2 inventory fluctuation will increase
and the bullwhip effect will be enhanced. (4) When recyclers recycling product delays increased, volatility manufacturers order
quantity will rise, but there is little change in the amount of fluctuation of orders of the two retailers. (5) When recycling parts
recyclers delay increases, fluctuations in the supplier order quantity will rise, but there is little change in the amount of fluctuation
of orders of the two retailers.

1. Introduction

Nowadays, closed-loop supply chain distribution network
system has become a new research point since people pur-
sue circular economy and social sustainable development.
Closed-loop supply chain distribution system is a new supply
chain form in circular economy. vanWassnhove et al. [1] and
Guide Jr. et al. [2] have researched the closed-loop supply
chain; they think that we can build a complete closed-loop
supply chain distribution network system which includes
supply, manufacturing, retail, and recycling and is based on
the traditional supply chain and adds to products (parts)
recycler.

With products (parts) recycler adding to the supply
chain distribution network system, it makes the nature

of the supply chain distribution network system gradually
changed. Domestic and foreign scholars deeply discuss coop-
eration mechanism between various members in the supply
chain distribution network system. Savaskan et al. [3] and
Savaskan and van Wassenhove [4] research the cooperation
mechanism problem between manufacturers and retailers
under symmetric information with the recycler participating
in the supply chain. Forrester [5], Sterman [6], and Baik
[7] mainly discuss the cooperative factors and competitive
factors in the supply chain distribution network system
and come up with the corresponding cooperation strategy.
Then, Liu et al. [8] consider competitive factors in differ-
ent supply chain distribution network system and establish
appropriate cooperation model and propose effective solving
measure.
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Based on the abovementioned articles, many scholars
research the bullwhip effect problem in the closed-loop
supply chain distribution network system. Based on the two-
stage supply chain [8], Wan and Li [9] increase recycling
logistics, and they research the bullwhip effect in the closed-
loop supply chain distribution network system. Because
the recycler participates in the supply chain, it causes the
bullwhip effect in the supply chain distribution network
system. Forrester [10] analyzes a traditional supply chain
and observes how a small change in a customer’s demand
pattern amplifies as it flows through distribution, production,
and replenishment processes. Burbidge [11, 12] presents the
so-called PBC (period batch control), which develops the
five golden rules to avoid bankruptcy. Subsequently, Towill
[13] integrates Forrester and Burbidge’s concepts to develop
a series of improved communication and materials flow
practices in the supply chain. Lee et al. [14] research how the
structure of different supply chain types influences the bull-
whip effect. Holmström [15] analyzes the bullwhip effect in
a supply chain of the grocery industry; Towill and McCullen
[16] study the bullwhip effect in a clothes supply chain, while
Daganzo [17] unveils the core causes of the bullwhip effect
and describes control methods for eliminating all instabilities
without increasing supplier costs. However, Sterman [18] pro-
vides the best illustration of the bullwhip effect, investigating
how human errors affect the dynamics of a system through
its well-known business game, the so-called Beer Game, from
the performance science perspective, but did not consider the
circumstances under asymmetric information.

As can be seen from the abovementioned articles, the
shortage of normal research is as follows. Firstly, most
articles are limited to accessing the single closed-loop supply
chain distribution system; few scholars research the bullwhip
effect in the supply chain distribution network system which
consists of multiple manufacturers and multiple retailers.
And then, few scholars research recycler’s reaction to the
government policy in the supply chain distribution network
system.

Based on the above research, we establish a three-closed-
loop supply chain distribution system dynamicsmodel which
consists of supplier, manufacturer, two retailers, and products
(parts) recycler. We research the influence of each member
in supply chain distribution system under different recycling
ratios and different recycling delay, thus revealing the impact
of product (parts) recycler’s behavior on the entire closed-
loop supply chain distribution system.

The rest of this paper is organized as follows. In Section 2
we establish a closed-loop supply chain distribution system
dynamics model. In Section 3 we illustrate our model using
numerical examples. Concluding remarks are given in
Section 4.

2. Closed-Loop Supply Chain Distribution
System Dynamics Model

In the paper, we establish a closed-loop supply chain distri-
bution system dynamics model by vensim PLE. The model
consists of a supplier, a manufacturer, two retailers, and
a products (parts) recycler. The supply chain starts from

supplier supplying new parts and recycling old parts, man-
ufacturer sailing some products to two retailers, products
(parts), and recyclers recycling old products, thus con-
stituting a complete closed-loop supply chain distribution
system.

2.1. Model Assumption. The assumption in supply chain
distribution system model is as follows.

(1) Suppliers’ products (parts) capacity, manufacturers’
production capacity, retailers’ sale capacity, and trans-
port capacity all have no restriction; products (parts)
recyclers recycling products and components capac-
ity have no restriction.

(2) The price of recycling products and parts is equal to
new products price; old parts and products are recy-
cled by the manufacturer; manufacturer or supplier is
not recycling old parts or old products.

(3) Customer does not discriminate the remanufacturing
products and remanufactured parts; customer has the
same demand for new products and remanufactured
products (parts).

(4) In the paper, using two retailers’market rates, wemea-
sure the customer’s demand; if two retailers’ market
rate is high, it indicates that customer’s demand is
high.

2.2. System Dynamics Model. In the paper, closed-loop
supply chain distribution system consists of a supplier, a
manufacturer, two retailers, and a products (parts) recycler;
in the middle, any link does not appear out of stock. We
establish the supply chain distribution system as shown in
Figure 1.

In Table 1 and Figure 1, we can find that suppliers’
inventory is decided by suppliers’ products delay time, parts
productivity, recycled parts remanufacturing rate, and sup-
pliers’ delivery rate. Manufacturers’ inventory is decided by
suppliers’ delivery rate, recycled products remanufacturing
rate, manufacturers’ products delay time, and manufactur-
ers’ shipment ratio to two retailers. Retailer 1 inventory is
decided by market sale’s rate and transportation delay time
1. Retailer 2 inventory is decided by market sale’s rate and
transportation delay time 2. Order of Retailers 1 and 2,
the needs for manufacturer’s products, and the needs for
suppliers’ products (parts) are decided by sales forecast,
inventory adjustment, and inventory adjustment time. The
recycler recycles the waste products (parts) from market.
Some recovered products (parts) are directly discarded, some
recovered products (parts) for are kept further processing,
recycling old products directly flow to the manufacturer,
recycling old parts directly flow to the supplier, then parts
go through distribution and transport to reach the hands of
customers, and this cycle forms a complete closed-loop. We
can establish the flow chat of the supply chain distribution
network in Figure 2 and the system dynamics model in
Figure 3.
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Figure 1: Supply chain distribution system conceptual model.

Table 1: Model constants set.

Parameters Value Parameters Value
Inventory adjustment time 28 Manufacturer product delay 14
Supplier product delay 14 Retailer 2 transportation delay 14
Retailer 1 transportation delay 14 Moving average period number 14
Expect inventory sustainable time 21 Manufacture delivery delay 14
Recycling product adjustment time 14 ⟨Time2⟩ 12
⟨Time1⟩ 12 Supplier delivery delay 14

3. Main Parameters and System
Dynamics Equation

3.1. Supplier’s Main Equation. Supplier inventory is a stock
variable, inflow variables are parts productivity and recycled
parts remanufactured rate, and the out of flow variable is
delivery rate from supplier to manufacturer. Delivery rate
from supplier to manufacturer is based on manufacturer’s
production orders. Parts productivity is equal to supplier pro-
duction order. Supplier’s expected inventory and supplier’s
sale forecast are based on the sustainable time of expected
inventory. Supplier’s parts production consists of supplier’s
new product and recycled parts remanufacturing product.
Supplier’s new production order is equal to supplier’s produc-
tion demand rate minus recycled parts remanufactured rate.
Supplier’s sale forecast is the smoothing function for supplier
delivery rate. The function is as follows:

Supplier inventory

= DELAY3I (Parts productivity,Delivery delay of

the supplier’s, Supplier

production delays time)

+ Recycled parts remanufactured rate

− Delivery rate from supplier to manufacturer;

Supplier production demand rate

= MAX(0, Supplier’s sale forecast

+
Supplier’s expect inventory
Inventory adjustment time

−
Supplier inventory

Inventory adjustment time
) ;

Supplier’s sale forecast

= SMOOTH (Delivery rate from supplier to

manufacturer,Average moving

period time) ;

Delivery rate from supplier to manufacturer

= DELAY3 (Manufacturer production order,

Delivery delay of the supplier’s) ;

Supplier production orders

= Supplier production demand rate

− Recycled parts remanufactured rate;
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Figure 2: Flow chat of the supply chain distribution system.
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Figure 3: Closed-loop supply chain distribution network system dynamics flow diagram.
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Supplier’s expect inventory

= Supplier’s sale forecast

∗ the sustainable time of expect inventory;

Parts productivity = Supplier production orders.
(1)

3.2. Manufacturer’s Main Equation. Manufacturer inventory
is a stock variable, inflow variables are delivery rate from
supplier to manufacturer and recycled production reman-
ufactured rate, and the out of flow variables are delivery
rate from manufacturer to Retailer 1 and delivery rate from
manufacturer to Retailer 2. Delivery rate from manufacturer
to Retailer 1 is based on Retailer 1 sale orders. Delivery
rate from manufacturer to Retailer 2 is based on retailer 2
sale orders. Manufacturer’s expected inventory and manu-
facturer’s sale forecast are based on the sustainable time of
expect inventory. Manufacturer production order is equal
to manufacturer production demand rate minus recycled
production remanufactured rate. Manufacturer sale forecast
is the smoothing function formanufacturer delivery rate.The
function is as follows:

Manufacturer inventory

= DELAY3I (Delivery rate from

supplier to manufacturer,

Manufacturer production delays time,

Delivery delay of the supplier’s)

+ Recycled production remanufactured rate

− Delivery rate from manufacturerto retailer 1

− Delivery rate from manufacturer to retailer 2;
Manufacturer production order

= MAX (0,Manufacturer production demand rate

−Recycled production remanufactured rate) ;

Manufacturer production demand rate

= MAX(0,Manufacturer’s sale forecast

+
Manufacturer expect inventory
Inventory adjustment time

−
Manufacturer inventory

Inventory adjustment time
) ;

Manufacturer expect inventory

= Inventory adjustment time

∗Manufacturer’s sale forecast;

Manufacturer’s sale forecast

= SMOOTH3I (Delivery rate from

manufacturer to retailer 1,

Delivery rate from manufacturer

to retailer 2,

Average moving period time) .
(2)

3.3. Retailer 1 and Retailer 2 Main Equation. Retailer 1 inven-
tory and Retailer 2 inventory are all stock variable, inflow
variables are delivery rate from manufacturer to Retailer 1
and delivery rate from manufacturer to Retailer 2, and the
out of flow variables are Retailer 1 market sale’s rate and
Retailer 2 sale’s rate. Retailer 1 expected inventory andRetailer
1 sale forecast are based on the sustainable time of expect
inventory. Retailer 2 expected inventory and Retailer 2 sale
forecast are based on the sustainable time of expect inventory.
Retailer 1 purchase order is related to Retailer 1 sale forecast,
Retailer 1 expected inventory, and inventory adjustment time.
Retailer 2 purchase order is related to Retailer 2 sale forecast,
Retailer 2 expected inventory, and inventory adjustment time.
Retailer 1 sale forecast is the smoothing function for Retailer
1 market sale’s rate. Retailer 2 sale forecast is the smoothing
function for Retailer 2 market sale’s rate. The function is as
follows:

Retailer 1 inventory

= DELAY3 (Delivery rate from manufacturer

to retailer 1,Transportation delay 1)

− Retailer 1 market sale’s rate;
Delivery rate from manufacturer to retailer 1

= DELAY3 (Retailer 1 purchase order,Delivery

delay of the manufacturer’s) ;

Retailer 1 expect inventory

= Retailer’s 1 sale forecast

∗ the sustainable time of expect inventory;

Retailer 1 purchase order

= MAX(0,Retailer’s 1 sale forecast

+
Retailer 1 expect inventory
Inventory adjustment time

−
Retailer 1 inventory

Inventory adjustment time
) ;
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Retailer’s 1 sale forecast

= SMOOTH (Retailer 1 market sale’s rate,

Average moving period time) ;

Retailer 2 inventory

= DELAY3 (Delivery rate from manufacturer

to retailer 2,Transportation delay 2)

− Retailer 2 market sale’s rate;

Retailer 2 purchase order

= MAX(0,Retailer 2 sale’s forecast

+
Retailer 2 expect inventory
Inventory adjustment time

−
Retailer 2 inventory

Inventory adjustment time
) ;

Retailer’s 2 sale forecast

= SMOOTH (Retailer 2 market sale’s rate,

Average moving period time) ;

Delivery rate from manufacturer to retailer 2

= DELAY3 (Retailer 2 purchase order,

Delivery delay of the manufacturer’s) ;

Retailer 2 expect inventory

= Retailer’s 2 sale forecast

∗ the sustainable time of expect inventory.
(3)

3.4. Recycler’s Main Equation. Recycled product inventory is
a stock variable, inflow variables are recycled product rate
and recycled production adjustment time, and the out of
flow variables are recycled production remanufactured rate
and recycled parts remanufactured rate. Recycled production
remanufactured rate is based on the recycled production
remanufactured delay. Recycled production rate is based on
recycled product ratio, Retailer 1 market sale’s rate, recycled
product ratio, and Retailer 2 market sale’s rate. Recycled
parts remanufactured rate is mainly based on the recycled
production remanufactured delay and recycling parts reman-
ufactured ratio. The function is as follows:

Recycled product inventory

= DELAY3 (Recycled delay,Recycled product rate

∗Recycled production adjustment time)

− Recycled production remanufactured rate

− Recycled parts remanufactured rate;

Recycled production remanufactured rate

= DELAY3 (Recycled product inventory

∗
Recycling production remanufactured ratio

Recycled production adjustment time
,

Recycled production remanufactured delay) ;
Recycled product rate
= DELAY1 (Recycled product ratio

∗ Retailer 1 market sale’s rate,

Recycled product ratio

∗ Retailer 2 market sale’s rate,
Recycled delay) ;

Recycled parts remanufactured rate

= DELAY3 (Recycled product inventory

∗
Recycling parts remanufactured ratio
Recycled production adjustment time

,

Recycling parts remanufacturing delay) .
(4)

4. System Dynamics Simulation
Model Which Is Recycler’s Reaction to
the Government Policy in Closed-Loop
Supply Chain Distribution Network

In closed-loop supply chain distribution network, recycler’s
products recycled rate is based on the recycled ratio. We
assume that recycler recycles the old product at a certain
proportion. When the manufacturer produces products,
recycler predicts the manufacturer’s remanufacturing order,
according to the manufacturer’s remanufacturing rate, and
determines their own recycling ratio. The higher the reman-
ufacturing order, the higher the recycling ratio. In 2009, “the
circular economy promotion law of China” can be promul-
gated. In 2011, the regulation of the waste electrical electronic
products recycling and dealing can be promulgated. It is
more important for us to protect the environment around us.
Our government comes up with the “producer responsibility
system”; it asks the producer not only to be responsible for the
environment pollution in the process of production but they
should also be responsible for the environment pollution in
the whole life cycle. Based on above, we propose recycler’s
reaction coefficient to respond for the environment policy
such as the law or policy of mentioned above.We assume that
the recycler reaction coefficients are −1, 0, 1. When recycler
makes positive response to the government environment
policy, the recycler reaction coefficient is 1; when recycler
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makes no response to the government environment policy,
the recycler reflection coefficient is 0; when recycler makes
negative response to the government environment policy, the
recycler reflection coefficient is −1.

Recycler’s products recycled rate = DELAY1(products
recycled ratio ∗ Retailer 1 market sale’s rate and recycling
delay time) + DELAY1(products recycled ratio ∗ Retailer
2 market sale’s rate and recycling delay time). As can be
seen from the above equation, recyclers recycling behavior
is mainly affected by the recycled ratio and recycled delay
time.

Based on the above research, we assumed the following.

Assumption 1. When recycler makes positive response to the
government policy, recycler will increase the recycling rate;
when recycler makes negative response to the government
policy, recycler will decrease the recycling rate.

Assumption 2. When recyclers increase the recycling rate,
manufacturers, Retailer 1, and Retailer 2 will decrease inven-
tory, and the bullwhip effect will be weak.

Assumption 3. When recyclers decrease the recycling rate,
manufacturers, Retailer 1, and Retailer 2 will increase inven-
tory, and the bullwhip effect will be enhanced.

4.1. Numerical Examples. Based on the above assumptions,
we establish systemdynamicsmodel verifying the accuracy of
the above assumptions. In the paper, the set for mathematical
equations about recycling ratio are as follows:

Product recycling ratio

= recyclers’ reaction coefficient

∗ (baseline product recycling ratio

+𝛼
1
∗ product reproduction ordering ratio)1/2 ,

Parts recycling ratio

= recyclers’ reaction coefficient

∗ (baseline parts recycling ratio

+𝛼
2
∗ parts reproduction ordering ratio)1/2 .

(5)

When we use the system dynamics simulation, the
baseline product recycling ratio is 0.1, the baseline parts
recycling ratio is 0.2, parts recycling delay time is 14 days,
product recycling delay time is 21 days, and recycler reaction
coefficients are −1, 0, and 1. When recycler makes positive
response to the government policy, the recycler reaction
coefficient is 1; when recycler makes no response to the
government policy, the recycler reflection coefficient is 0;

when recycler makes negative response to the government
policy, the recycler reflection coefficient is −1. We can get

𝛼
1
= (

product recycling ratio2

recyclers’ reaction coefficient

− baseline product recycling ratio)

⋅ (product reproduction ordering rate)−1 ,

𝛼
2
= (

parts recycling ratio2

recyclers’ reaction coefficient

− baseline parts recycling ratio)

⋅ (parts reproduction ordering rate)−1 .

(6)

Combinationwith the simulation result of specificmodel,
𝛼
1
= 0.000001, and 𝛼

2
= 0.000002 results in

Product recycling ratio

= recyclers’ reaction coefficient

∗ (baseline product recycling ratio + 0.000001

∗product reproduction ordering rate)1/2 ,

Part recycled ratio

= recyclers’ reaction coefficient

∗ (baseline parts recycling ratio + 0.000002

∗parts reproduction ordering rate)1/2 .
(7)

4.2. Research on Recycler Reaction Coefficient in System
Dynamics. Simulation setting is as follows: INITIAL TIME
= 0 days, FINALTIME = 4000 days, TIME STEP = 1 day,
SAVEPER = TIME STEP; the simulation period is 4000 days,
one day for a step.

4.2.1. The Change of Recycling Ratio under Different
Reaction Coefficient

(1) Product Recycling Ratio underDifferent Recyclers Reflection
Coefficient. As can be seen from Figure 4, run 1 is product
recycling ratio when recycler reaction coefficient is 1; run 2
is product recycling ratio when recycler reaction coefficient
is 0; run 3 is product recycling ratio when recycler reaction
coefficient is −1. This also shows that when recycler makes
positive response to the government policy, recycler will
increase recycling ratio and when recycler makes negative
response to the government policy, recycler will reduce the
recycling ratio.
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Figure 4: Product recycling ratio under different recycler reaction
coefficients.
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Figure 5: Parts recycling ratio under different recycler reaction
coefficients.

4.2.2. Parts Recycling Ratio under Different Recycler Reaction
Coefficient. As can be seen from Figure 5, and Table 2 run 1
is parts recycling ratio when recycler reaction coefficient is 1;
run 2 is parts recycling ratio when recycler reaction coeffi-
cient is 0; run 3 is parts recycling ratio when recycler reaction
coefficient is −1. This also shows that when recyclers make
positive response to the government policy, recycler will
increase recycling ratio and when recyclers make negative
response to the government policy and the various members’
order changes in the supply chain distribution network under
different recyclers reflection coefficient and recycling delay.

(1) Various Members’ Order Changes in the Supply Chain
Distribution Network under Different Recyclers Reflection
Coefficient. The main difference between the traditional sup-
ply chain model and the supply chain distribution network
model established in this paper is that we add two retailers. As
a result, the relationship ismore complex in this supply chain.
We consider when recycler reaction coefficient changes, how
the order changes in manufacturer and two retailers.
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Figure 6: The members’ order quantity changes when recycler
reaction coefficient is 1.
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Figure 7: The members’ order quantity changes when recycler
reaction coefficient is 2.

As can be seen from the Figures 6, 7, and 8, when recycler
reaction coefficient is 1, the fluctuation of order quantity is
very large in each of the members, range bound between
0 and 2000. When recycler reaction coefficient is 2, the
fluctuation of order quantity in each member is decreased;
when recycler reaction coefficient is 3, the fluctuation of
order quantity in each member reduces between 0 and 1000.
With recycler reaction coefficient increasing, order quantity
in each member gradually reduces.

We introduce the variation coefficient in the financial
management and quantify the bullwhip effect in the closed-
loop supply chain distribution network:

Bullwhip effect =
𝛿 (𝑥
𝑖
) /𝐸 (𝑥

𝑖
)

𝛿 (𝑦
𝑖
) /𝐸 (𝑦

𝑖
)
, (8)

where 𝛿(𝑥
𝑖
) is said to be the standard of the order rate, 𝐸(𝑥

𝑖
)

is said to be the expectation of the order rate, 𝛿(𝑦) is said to
be the standard of the market sailor rate, and 𝐸(𝑥) is said to
be the expectation of the market sailor rate.

(2)TheEffect of Recycled ProductsDelay on theOrderQuantity
in Manufacturers and Two Retailers. As can be seen from
the Figures 9, 10, and 11, and Table 3 with the increase of
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Table 2: Bullwhip effect of the order quantity of each member under different recycler’s coefficient.

Recycler reaction coefficient is 1 Recycler reaction coefficient is 2 Recycler reaction coefficient is 3
Manufacturer order quantity 105.32 100.08 98.24
Retailer 1 order quantity 85.24 79.201 68.204
Retailer 2 order quantity 83.054 77.204 65.38

Table 3:The bullwhip effect when product recycling delay times are different (3) parts recycling delay’s influence on supplier and two retailers.

Recyclers reflection coefficient is 1 Recyclers reflection coefficient is 2 Recyclers reflection coefficient is 3
Manufacturer order quantity 105.32 120.52 140.25
Retailer 1 order quantity 85.24 86.32 88.27
Retailer 2 order quantity 83.56 84.22 86.57

500
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Figure 8: The members’ order quantity changes when recycler
reaction coefficient is 3.

recycling product delay time, fluctuations of the order in the
two retailers did not change much; at the same time, with the
increasing of the recycled product delay time, fluctuation of
the order in manufacturer gradually increases. This is mainly
due to the recycling product delay time directly affecting
changes in the manufacturer’s order.

(3) Parts Recycling Delay’s Influence on Supplier and Two
Retailers. As can be seen from the Figures 12, 13, and 14,
and Table 4 with the parts recycling delay time increasing,
fluctuations of the order in two retailers did not change
much; at the same time, with the parts recycling delay time
increasing, fluctuation of the order inmanufacturer gradually
increases.This is mainly due to the parts recycling delay time
directly affecting changes of the manufacturer’s order.

5. Conclusion

In this paper, we research the different reflection of recyclers
on the government policy. We can get the conclusion that
(1) when recyclers respond positively to government policies,
recycling will increase the proportion of recyclers. When
recyclers respond negatively to government policy making,
recycling will reduce the proportion of recyclers. (2) When
the recovery percentage of recyclers improves, manufactur-
ers, Retailer 1, and Retailer 2 order quantity fluctuations will
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Figure 9: Changes of the order quantity of each member when
recycled product delay time is 14.
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Figure 10: Changes of the order quantity of each member when
recycled product delay time is 21.

reduce and the bullwhip effect will diminish. (3) When the
proportion of recycled parts recyclers is lowered, manufac-
turers, Retailer 1, and Retailer 2 inventory fluctuation will
increase and the bullwhip effect will be enhanced. (4) When
recyclers recycling product delays increased, volatility manu-
facturers order quantity will rise, but there is little change in
the amount of fluctuation of orders of two retailers. (5)When
recycling parts recyclers delay increases, fluctuations in the
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Table 4: The bullwhip effect when parts recycling delay times are different.

Recyclers reflection coefficient is 1 Recyclers reflection coefficient is 2 Recyclers reflection coefficient is 3
Supplier order quantity 102.412 118.521 147.502
Retailer 1 order quantity 88.21 89.21 92.01
Retailer 2 order quantity 86.204 88.024 89.2817
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Figure 11: Changes of the order quantity of each member when
recycled product delay time is 42.
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Figure 12: Changes of the order quantity of each member when
parts recycling delay time is 14.
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Figure 13: Changes of the order quantity of each member when
parts recycling delay time is 21.
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Figure 14: Changes of the order quantity of each member when
parts recycling delay time is 42.

supplier order quantity will rise, but there is little change in
the amount of fluctuation of orders of two retailers.
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