Hindawi

Computational Intelligence and Neuroscience
Volume 2022, Article ID 2024686, 10 pages
https://doi.org/10.1155/2022/2024686

Research Article

Optimization Algorithm of Urban Rail Transit Network Route
Planning Using Deep Learning Technology

Yaqi Ma

School of Transportation, Soochow University, Suzhou 215131, China

Correspondence should be addressed to Yaqi Ma; 201772494@yangtzeu.edu.cn

Received 15 May 2022; Revised 9 June 2022; Accepted 10 June 2022; Published 13 July 2022
Academic Editor: Xin Ning

Copyright © 2022 Yaqi Ma. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Under the present background, optimizing the existing urban rail transit network is the focus of urban rail transit construction at
present. Based on DL, this paper constructs the optimization algorithm of urban rail transit network route planning. According to
the current urban layout and urban planning, build a suitable rail transit network line form; according to the function, the types of
urban rail transit stations are divided, and the optimization of urban rail transit network lines is realized. In addition, according to
the K short path algorithm, this paper calculates the effective path between any stations of rail transit and, according to the model,
allocates the passenger flow to each path. Experimental results show that the accuracy of real-time traffic flow prediction by this
algorithm can reach 94.98%, which is about 9% higher than other methods. This algorithm can effectively optimize the route
planning of urban rail transit network. This verifies the effectiveness of the route planning optimization algorithm proposed in this

paper. Using the algorithm in this paper for line planning can get good real time, rationality, and optimality.

1. Introduction

One of the most serious issues that has plagued cities all over
the world, particularly large and medium-sized cities, is
traffic congestion. In recent years, the scale of Chinese cities
has grown, the urbanization process has accelerated, and
urban economic development has progressed rapidly. The
number and distance of people’s trips have increased as the
city has grown and their living standards have improved,
and traffic flow has increased significantly [1]. The rationality
of urban traffic network layout, the scientificity of line fa-
cility configuration, and the effectiveness of network line
services are all factors in urban rail transit planning [2]. It is
critical to the city’s overall development, functional layout,
land use, and urban form evolution. Transportation, as an
important infrastructure for promoting the exchange of
materials and information within urban agglomerations, is
critical in providing channels for city internal development
and interconnection [3]. Fast transportation has the po-
tential to amplify the power of urban development and
connect cities. Network route planning is a subset of overall
urban planning that uses the overall urban planning as a

guide and, at the same time, has some impact on the overall
urban planning due to the characteristics of urban rail transit
[4]. It is a comprehensive, long-term, and guiding macro
planning that involves many specialties such as urban
planning, traffic engineering, rail transit engineering, ar-
chitectural engineering, and social economy. Furthermore,
urban rail transit requires a significant financial investment
and a lengthy construction period, all of which have a
significant impact on the city’s social and economic de-
velopment, as well as land development and utilization. To
do a good job on such a large system project, we need to do
overall planning and reasonable arrangements, as well as
scientific and reasonable rail transit planning, to lay a good
foundation and set the stage for the follow-up work.

Due to the slow construction of rail transit and the lack
of practical verification and summary, there have been some
problems such as too simple planning content, strong
planning color, and poor implementability. At the same
time, due to the uncertain factors in the process of urban
development, the early planning of some cities can no longer
meet the needs of current urban development. Therefore, it
is necessary to optimize the urban rail transit network and
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improve its performance and transportation service ca-
pacity. The concept of deep learning (DL) [5, 6] originates
from the research of ANN (artificial neural network) [7] and
is a new research direction of machine learning [8-10]. ANN
is a mathematical model that imitates biological NN (neural
network) for distributed parallel information processing [8].
In ANN, neurons connect and interact with each other to
form NN. There are different ways of linking neurons in
different NN types. The obtained deep network structure of
DL contains a large number of neurons, which has more
levels and depths than the simple NN structure, so it is
intended to study more abstract data representations. The
“learning” of DL mainly focuses on the abstract represen-
tation of data and finds the essential relationship between
variables by constantly mining the internal structure of data.
A good data representation can keep the information useful
to the learning task, and at the same time, it can eliminate the
influence of the change of factors unrelated to the learning
task in the input data on the learning performance. DL has
the advantages of high model accuracy and simple feature
extraction, and it has excellent applications in speech rec-
ognition, natural language processing, image recognition,
and other fields. In this paper, DL algorithm is applied to the
optimization of urban rail transit network route planning,
and its innovations are as follows:

(1) Based on the idea that urban rail transit plays a key
role in urban traffic, this paper studies the line
planning theory of urban rail transit network; based
on the analysis of existing practice and research
results at home and abroad, and combining theory
with practice, this paper puts forward solutions to
several common problems in the route planning of
urban rail transit network. Based on this, DL theory
is used to study the optimization of urban rail transit
network, which provides some reference for the
optimization of urban rail transit network.

(2) The disequilibrium coefficient of passenger flow
distribution in the section is calculated. This paper
analyzes the influencing factors of cross section
passenger flow from the aspects of network line
conditions, land use, passenger factors, and envi-
ronmental conditions. Based on the calculated cross
section passenger flow data, several cyclic DL pre-
diction models with time series as input are estab-
lished and the parameters are optimized. The
verification results show that the algorithm has high
prediction accuracy and high running efficiency and
meets the requirements of accuracy and timeliness. It
provides a brand-new perspective for the route
planning algorithm of urban rail transit network.

The main structure of this article is as follows: the first
chapter is the introduction. This chapter mainly expounds
the research object, background, purpose, and significance
of the paper, and summarizes the research methods and the
structure of the paper. The second chapter introduces the
related research literature of urban rail transit network route
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planning at home and abroad, and further leads to the re-
search work and research methods of this paper. The third
chapter is divided into two parts. Section 3.1 compares and
analyzes the development status of rail transit and intro-
duces the related contents of DL. Section 3.2 mainly dis-
cusses the optimization algorithm of urban rail transit
network route planning based on DL. The fourth chapter is
the experimental part. In this chapter, the optimization
algorithm of urban rail transit network planning based on
DL proposed in this paper is tested and compared with other
algorithms. The performance of this algorithm is compre-
hensively analyzed from the experimental results. The fifth
chapter is the summary and outlook. Firstly, it reviews and
summarizes the research content of this paper, points out the
deficiency and improvement space of the research content,
and looks forward to the follow-up research.

2. Related Work

The construction of urban rail system is the basic facilities of
a city. It is also a systematic project with large investment
and long construction period. At the same time, urban rail
transit, as an important part of urban public transport, has a
very important impact on urban social economy and land
development. Therefore, according to the future develop-
ment of the city, how to plan a reasonable rail transit
network line form, scale, and surrounding land development
form has attracted more and more attention from govern-
ment departments, research institutions, experts, and
scholars.

Wang et al. calculated the line density of the rail transit
network based on the population density of a city, judged the
rationality of the construction scale of its network lines,
classified the urban space and the layout of the rail transit
network lines, and analyzed the corresponding relationship
between the two [11]. Shang et al. studied the vulnerability of
urban rail transit systems and the optimization of network
resilience [12]. Based on the analysis of the reasonable scale
of network lines and its influencing factors, Li et al. took the
traffic demand and the service level of network lines as the
main influencing factors of the reasonable scale of urban rail
transit and carried out a reasonable scale calculation [13].
Ding et al. constructed the probability distribution function
of subway passenger flow and analyzed a certain urban rail
transit system as an example, showing that the station
passenger flow is closely related to the development degree
of the surrounding land, industry, commerce, and residence
[14]. Xin et al. took the algebraic connectivity as the objective
function and the construction cost as the constraint con-
dition, established an optimization model of the urban rail
transit network invulnerability, and used the improved
particle swarm optimization algorithm to solve the model
[15]. Based on the directed connection graph of factors
affecting the scale of network lines, Hu et al. obtained the
hierarchical structure of factors affecting network lines by
establishing an accessibility matrix; the matrix is based on
the hierarchical division of influencing factors, and the
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hierarchical structure of each influencing factor is obtained
[16]. Li et al. believed that the overall urban passenger
demand is jointly undertaken by the road traffic passenger
system and the rail transit passenger system; based on this
supply-demand balance principle, a reasonable scale of
network lines was calculated [17]. Through in-depth re-
search on the demand relationship of rail transit, Nie et al.
came to the conclusion that rail transit demand is con-
centrated in urban passenger flow corridors [18]. Ding et al.
took urban rail transit network construction as the research
object and established an urban rail transit network opti-
mization model [19]. The model takes the rationality and
accessibility of rail transit lines as constraints and selects the
minimum total travel time, the minimum total line length,
and the minimum total number of transfers to establish a
multiobjective function. Wang et al. believed that urban rail
transit planning can be divided into three interrelated
problems [20]. The first category is to study the design of rail
transit network; the second category is to analyze and
forecast rail transit demand; the third category is to evaluate
and decide on urban transportation planning. Jeongwoo
et al. studied the robustness optimization problem of urban
rail transit network under uncertain demand [21]. The re-
search proposes the concept of robustness of rail transit
network under uncertain demand and establishes predict-
able and unpredictable models of uncertain demand.

This paper proposes an optimization algorithm for urban
rail transit network route planning based on DL, and an-
alyzes and discusses the design and implementation of the
algorithm in detail, based on a thorough review of previous
literature. The passenger flow is allocated to each train on
each line based on the passengers’ arrival and departure
times, the cross section passenger flow in the statistical
period is calculated, and the stability of its time series is
examined in this paper. The historical data information of
the corresponding date type is selected as the network’s
training data for different forecast periods, and the trained
LSTM (long short-term memory neural network) model is
used to make short-term forecasts of cross section passenger
flow, with the forecasting accuracy calculated by each error
index to test the model’s validity. Experiments show that this
algorithm is more feasible and effective than other algo-
rithms, and that it can produce better predictions.

3. Methodology

3.1. DL and Urban Rail Transit Network Route Planning.
The concept of DL comes from the study of ANN, and it is a
new research direction of machine learning. ANN evolved
from biological NN, and a neuron is a nerve cell. Artificial
neuron is the most basic unit to process information by
using NN. Theoretically, the more parameters a model has,
the higher its complexity and capacity, and correspondingly
it can complete more complex learning tasks. However, in
general, complex models often fall into low training effi-
ciency and are easily over-fitted, so it is difficult to be favored
by researchers. Compared with the traditional NN or ma-
chine learning, DL is a relatively novel research method and
research direction. The advantages of DL are high model

accuracy and simple feature extraction [22]. Practice has
proved that it has good effects in computer vision, natural
language processing, and future trend prediction. In this
paper, the DL theory is applied to urban rail transit network
route planning, and an optimization algorithm of urban rail
transit network route planning based on DL is proposed. The
DL model increases the number of nonlinear hidden layers
and transforms the original signal layer by layer to obtain
new abstract features for subsequent learning tasks. DL, as a
major breakthrough in realizing machine learning and ac-
celerating human beings to the era of artificial intelligence, is
based on the research in the field of NN. The obtained deep
network structure of DL contains a large number of neurons,
which has more levels and depths than the simple NN
structure, so it is intended to study more abstract data
representations. DL is also a multilevel and multistep
learning process. In order to better simulate the neuron
structure of human brain, more hidden layers are added, and
the learned knowledge is transferred layer by layer to achieve
the purpose of information stratification and systematic
learning. The basic model framework of DL includes con-
volutional NN, stacked automatic coder, recursive NN, and
deep belief network. The NN model is shown in Figure 1.

The urban population has exploded in recent years, and a
large number of migrant workers have flooded into cities.
Urban traffic faces severe situations and challenges due to
frequent exchanges of people and materials. Road conges-
tion, chaotic traffic order, frequent traffic accidents, and
traffic environmental pollution are all serious issues in many
cities. Because of its large capacity and high speed, rail transit
has gradually become the development focus of trans-
portation infrastructure in large cities in this environment. It
has been instrumental in resolving traffic congestion in cities
and promoting the efficient use of urban land. To fully
exploit the leading role of urban rail transit in economic
development, it is critical to optimize the existing urban rail
transit network and build new lines in the modern envi-
ronment [23]. Urban rail transit, which includes subways,
light rail, monorails, trams, new traffic, and high-speed
maglev trains, is referred to as rapid rail transit. Large
transportation capacity, high speed, safety, reliability, and
punctuality are all common characteristics. It has the ability
to travel on wheels and rails on the ground, in the air, and
underground. Because of these characteristics, urban rail
transit has obvious advantages as a mode of urban trans-
portation. It is especially advanced compared to other modes
of public transportation when it comes to resolving traffic
congestion in large and medium-sized cities, such as heavy
passenger traffic during peak hours. With the rapid devel-
opment of rail transit and the continuous expansion of rail
network lines in recent years, urban rail transit network
operation has become a new trend. Because the urban rail
transit system serves as a mode of transportation, its
transportation service function must be considered. At the
same time, it has the nature of a network, and optimizing it
solely from one perspective is not comprehensive. The basic
types of rail transit usually include subway system, light rail
system, suburban railway, monorail system, new transport
system, tram, and automatic passenger rapid transit system.
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FicUure 1: NN model.

In order to reasonably select the form of rail transit system
under different objectives, the basic types of urban rail
transit can be classified according to different standards.
The main objectives of urban rail transit planning in-
clude @ solving the contradiction between traffic demand
and supply, @ achieving the goal of urban planning, and ®
meeting the needs of sustainable development. Rail transit
can guide the development of urban structure, and its
principle is to greatly improve the traffic supply and guide
the high-intensity utilization of surrounding land. Urban rail
transit with large capacity, high speed, and independent
dedicated track has already met the conditions as the
backbone transportation mode of public transportation
system in big cities. The backbone system is to undertake a
large proportion of urban passenger transport turnover [24].
It is generally difficult for a single rail transit line to meet this
backbone requirement; this is mainly because of the limi-
tations of its attracting range of passenger flow and route
direction. Therefore, rail transit must form a network to play
a key role. The research of network planning involves many
specialties such as urban planning, traffic engineering, rail
transit engineering, architectural engineering, and social
economy. It is a comprehensive, long-term, and guiding
macro planning. It emphasizes the unity of stability and
flexibility. Stability is to plan that the overall layout of
network lines should be stable in space, central city, and
time; flexibility is the extension condition of planning.
Under the condition of constantly changing urban condi-
tions, there should be room for flexible changes in the outer
urban areas in space and in the long term in time. In the
planning of urban rail transit, the principles of functionality,
rationality, economy, and sustainable development must be
followed. There are actually three ways of urban rail transit

lines: elevated, ground, and underground. They all have their
advantages and disadvantages. In addition, the determina-
tion of standards such as curve and slope also needs to
consider the specific conditions of the line. An important
part of the route planning is the station planning and site
selection, which needs to consider the station attraction,
station form, station spacing, cost, and other aspects. The
location of depot is also an important part of route planning.
It requires the approach to the trunk line as much as possible
and the necessary land conditions. Urban rail transit has a
huge investment and a long construction period, which has a
great influence on the social and economic development of
the city, land development and utilization, etc. However, due
to the uncertain factors in the process of urban development,
the early planning of some cities can no longer meet the
needs of current urban development. Therefore, it is nec-
essary to optimize the urban rail transit network and im-
prove its performance and transportation service capacity.

3.2. Optimization Algorithm of Urban Rail Transit Network
Route Planning. Through DL-related content, this chapter
focuses on the optimization algorithm for urban rail transit
network route planning. The neuron model is the most
fundamental unit in NN. According to the training data set,
the NN learning process adjusts the connection weight
between neurons as well as the threshold or bias of each
functional neuron. NN can fit any nonlinear system, even if
it only has one hidden layer. As a result, only one hidden
layer is typically employed. After comparing and analyzing
the fitting results of multiple hidden layers and a single
hidden layer, it was discovered that the fitting results are not
significantly different, so the reasonable scale of urban rail
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transit was calculated and analyzed using NN with three
layers, including one hidden layer. However, as the pre-
diction time step is increased, the influence of the previous
time node on the current time node diminishes, and when
information from a distant time node is needed in the model,
the network model is unable to effectively reflect this con-
nection; the learning ability is greatly weakened, the gradient
disappears, and the model’s prediction effect deteriorates.
Therefore, LSTM is introduced in this paper. The LSTM
structure and algorithm flowchart are shown in Figure 2.
In this paper, the Spacel. method is used to construct the
urban rail transit network model. In the model, the nodes
represent the urban rail transit stations and the connecting edges
represent the interval routes. Transformation of rail transit
network diagram into mathematical model is as follows:

=(V,E). (1)

Among them, V represents the set of nodes. If the rail
transit includes # stations, there are

V| =nV

= (V1 Ve Var - 5 V).

(2)

E represents the set of edges. If the rail transit includes m
section routes, there are

|E| = mE

= (e, €5 €5,...,€,).

(3)

In a subway network, a passenger travel path consists of
stations and segments, and the base travel time for a path is
equal to the inbound time, ride time, outbound time, and if
transfers are involved, plus the sum of the transfer times. Let
Ck denote the total time spent by most passengers traveling
on the k th route between the traffic trip volume pair W, then

Im ,wk
Ck _] +ZT1]61]k+Zei ¢i,lm+Kd> (4)

where ], represents the inbound time spent by passengers at
the starting station on the route and K, represents the exit
time spent by passengers at the end station on the route. 8
and ¢;1 are the relationship between the unit interval [7, ]]
the transfer station i, and the traffic travel volume in the
subway network to the path k between W.

Based on the idea of importance contribution matrix,
this paper combines the structural holes and centrality
features of the network to identify key sites. The K-kernel
importance is used to describe the role of nodes in the
network information dissemination, and the structural hole
importance index and K-kernel importance index of adja-
cent nodes are used as the importance contribution values to
reflect the local importance.

In the hidden layer of the LSTM model, the complexity of
the hidden layer is increased due to the addition of three gate
structures. Three different gate structures interact inside the
hidden layer in a very specific way. The first structure is simpler
and is often referred to as the forget gate. The input of the gate
structure is the output of the hidden layer of the previous time
node and the input of the hidden layer of the current node. The

activation function of the gate structure is ¢, and the output
result is £ ¥, which is sent to the upper part to interact with the
C® of the previous hidden layer. The forget gate structure can
be expressed by the following formula:

Im  wk
Ck - ] +ZT1]61]k +Zei ¢i,lm +Kd‘ (5)

Among them, ¢ represents the activation function of the
forget gate structure, which is the sigmoid function. W, U,
and b, represent the weight parameters and biases in the
forget gate structure, respectively. The middle structure is
called the input gate, and the input gate structure can be
expressed as

N O‘(Wi *h D 4 U, x4 bi),
— (6)
c? = tanh(WC wh"D U« x4 bc),

where o represents the activation function of the first part of
the input gate. W, U;, W, U_, b;, and b, represent the weight
parameters and biases of the corresponding parts, respec-
tively. The last gate is called the output gate. The output gate
structure can be expressed as

ot = O'(W «hD 4 U, * x4 bo),

(7)
h = oW « tanh(C(t )
where o represents the activation function of the first part of
the output gate. W, U,, and b, represent the weight pa-
rameters and bias of the output gate, respectively. The
normalization formula of the indicator data is as follows:

(X B xmin) (8)

L) % + ..
Ymin) G s, ) " Vo

= (Vmax =
Among them, y_;, =-1and y_ . =1

In this paper, a method for processing input real-number
data using Gaussian distribution characteristics is presented,
allowing the newly constructed deep belief network to
process the experimental data effectively. Because each
impact index has a different physical meaning and no
uniform dimensional unit, it is difficult to get a satisfactory
answer directly using the impact index as an input quantity,
which will slow the network’s convergence. This study ap-
plies dimensional processing to the data in order to make the
indexes comparable. In general, due to the large range of
collected data, it is generally required that the value of input
data be between [-1, 1] in order to improve training speed
and effectively avoid the saturation area of the sigmoid
function. The DL feature extraction process can ignore the
complex coupling relationship between urban rail transit
vehicle equipment systems and the complex functional re-
lationship between feature vectors, mine the data’s internal
structure, and find the essential relationship between vari-
ables. Robustness refers to the system’s ability to provide
alternate routes in the event of accidents or targeted attacks,
and it is one of the key indicators used to assess the rail
transit system’s quality. The system’s robustness is conducive
to improving the urban rail transit system’s reliability, service
quality, and resilience, allowing it to fully exploit rail transit’s
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FIGURE 2: LSTM structure and algorithm flowchart.

obvious advantages. The LSTM model goes through the same
training and optimization process as the NN model. To it-
eratively update all parameters in the model, it also uses a
time-based back propagation algorithm and the gradient
descent method. All of the parameters are based on partial
derivatives of the loss function, which is the most important
point. The network is trained and tested in a circular fashion
in this paper, with the reasonable error range as the final error
range. Finally, all of the remaining cities serve as training
samples and models, with the trained models being used to
research urban rail transit network route planning.

4. Result Analysis and Discussion

The model training platform is Windows 10, equipped with
Intel 8-core CPU; memory is 32G. Python is chosen as the
main programming language. TensorFlow framework in
Keras not only has good usability and practicability, but also
has flexibility and high efficiency, fast training speed, and
flexible parameter change. It can provide corresponding
operation support on multiple platforms. Therefore, this
paper chooses TensorFlow in Keras as the back-end
framework of DL model. After analysis and screening, 40
cities with developed urban rail transit were selected for
analysis and research, and finally 12 representative cities
were selected as samples for experiment. Then, the model
parameters and targets are selected to be digitized. In order
to get more accurate results and reasonable error range, 2
cities are selected as test samples from 12 cities, and the
remaining cities are used as training samples. Run the
program and record the error. Figure 3 shows the training
results of the model.

In this study, the results obtained for the established
predictive model are numerical data. Therefore, this chapter
selects the representative MSE (mean squared error), RMSE
(root mean square error), and MAE (mean absolute error)
three indicators to test the algorithm, respectively. The
calculation formulas of the three indicators are as follows:

1& )
MSE = ;Z (k= 70)
k=1

RMSE = 9)

1 n
MAE = 7 Z|J’k - )’lé'
k=1

Among them, n represents the number of predicted
samples, y, is the actual value, and y; is the model output
value. The prediction accuracy evaluation methods of the
three models are suitable for DL models. By comparing the
evaluation indexes among different models, we can roughly
understand the performance of the models. These three
indexes are used to test different algorithms, and the results
are shown in Table 1.

It can be seen from the data in the table that the errors
of the optimization algorithm of urban rail transit net-
work route planning in this paper are smaller than those of
the comparison algorithm, and their values are at a low
level. This shows the accuracy and reliability of this al-
gorithm. Figure 4 shows the recall results of different



Computational Intelligence and Neuroscience

4.5
4
3.5
3
2.5
2
1.5
1
0.5

Output error

0

20

40 60
Exponential value

Test error

== Train error

80 100 120 140 160 180 200
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TaBLE 1: Index test results of different algorithms.

Algorithm MSE RMSE MAE
Multiscale path planning algorithm 0.157 0.437 0.658
Cyclic neural network optimization algorithm 0.096 0.396 0.437
Algorithm in this paper 0.049 0.215 0.426
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TaBLE 2: Execution time of different algorithms.
Grou Starting Target Multiscale path planning Cyclic neural network optimization Algorithm in this
P point point algorithm algorithm paper
1 396 3678 894 136 81
2 579 3541 1103 94 46
3 863 2796 1039 87 51
4 827 3024 1004 98 58
5 978 4169 936 86 29

algorithms. Figure 5 shows the F1 values of different
algorithms.

The existing saturation of rail transit of each sample is
taken as the output target value of NN, and the training
sample and the inspection sample should be represen-
tative. Through training and learning, the network adapts
to the nonlinear mapping relationship between the input
sample and the target value, and then it is used for
simulation calculation. Test the rationality of using
different algorithms for urban rail transit network route
planning. The rationality comparison is shown in
Figure 6.

The prediction results of several DL models are com-
pared one by one according to the same evaluation index,

among which the traditional time series prediction method
and autoregressive summation average model are added to
achieve the effect of horizontal comparison. The traffic flow
prediction accuracy of different algorithms is shown in
Figure 7.

According to the data in Figure 7, the accuracy rate of
real-time traffic flow prediction by this algorithm can reach
94.98%, which is about 9% higher than other methods. The
prediction results and accuracy prove the rationality and
effectiveness of the proposed prediction method. This paper
simulates the actual traffic conditions. Table 2 shows the
comparison results of execution time of different algorithms.

It can be seen that under the same conditions, the ex-
ecution time of the route planning optimization algorithm in
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this paper is short. This shows that the algorithm in this
paper has higher efficiency and better performance.

Experiments in this chapter show that the accuracy rate
of real-time traffic flow prediction by this algorithm can
reach 94.98%, which is about 9% higher than other methods.
This verifies the real time, rationality, and optimality of the
proposed algorithm, which can reduce the management cost
and obtain a higher input-output ratio. The algorithm
proposed in this paper can achieve good results in the route
planning of urban rail transit network.

5. Conclusions

Congestion is a major issue in today’s major cities, and
there are numerous solutions available. Construction of
fast, large-capacity, safe, and environmentally friendly
urban rail transit has almost become the default option for
all major cities looking to alleviate traffic congestion. As a
result, systematically analyzing and studying the func-
tional positioning of urban rail transit network lines in the
urban agglomeration regional rail transit system, inte-
grating the regional rail transit system, and comprehen-
sively planning and optimizing the network line layout in
conjunction with the urban spatial structure and per-
sonnel travel characteristics are critical. It can effectively
promote the formation of a regional high-speed com-
prehensive transportation system, ease people’s travel,
reduce traffic congestion, and lay a solid foundation for
good urban traffic development. This paper proposes an
optimization algorithm based on DL to address the low
rationality and optimality of traditional urban rail transit
network route planning. This paper describes the algo-
rithm’s design and implementation. The accuracy of this
algorithm in predicting real-time traffic flow can reach
94.98 percent, which is about 9% higher than other
methods, according to experimental results. This validates
the proposed algorithm’s real time, rationality, and op-
timality, lowering management costs and increasing the
input-output ratio. The content of the urban rail transit
mode is complex, involving a wide range of variables and
numerous influencing factors. Despite the fact that this
paper has made some progress in the theory and practice
of urban rail transit network route planning, due to a lack
of knowledge and time, there are still some issues that
need to be addressed. We will expand the sample data set
while appropriately deepening the model’s depth, and we
will determine the parameters in the model by dis-
tinguishing the samples during the week and at the
weekend in the follow-up study in order to make the
prediction model more applicable.
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The data used to support the findings of this study are
available from the corresponding author upon request.

Conflicts of Interest

The author declares that there are no conflicts of interest.

Acknowledgments

This study was supported without any funding.

References

[1] L. Zhang, H. Wen, J. Lu, D. Lei, and S. Li, “Comparing the
time-varying topology-based dynamics between large-scale
bus transit and urban rail transit networks from a mesoscopic
perspective,” Nonlinear Dynamics, vol. 106, no. 1,
pp. 657680, 2021.

[2] H. Lv, Y. Zhang, K. Huang, X. Yu, and J. Wu, “An energy-
efficient timetable optimization approach in a Bi-Directio-
nUrban rail transit line: a mixed-integer linear programming
model,” Energies, vol. 12, no. 14, p. 2686, 2019.

[3] E. Hassannayebi, S. H. Zegordi, and M. Yaghini, “Train

timetabling in urban rail transit line using Lagrangian re-

laxation approach,” Applied Mathematical Modelling, vol. 40,

no. 23-24, pp. 9892-9913, 2016.

X. Zhu, R. Zhang, W. Dai, Z. Zhang, and J. Li, “Performance

and safety assessment of ATO systems in urban rail transit

systems in China,” Journal of Transportation Engineering,

vol. 139, no. 7, pp. 728-737, 2013.

[5] J. Zhang, J. Sun, J. Wang, and X. Yue, “Visual object tracking
based on residual network and cascaded correlation filters,”
Journal of Ambient Intelligence and Humanized Computing,
vol. 12, no. 8, pp. 8427-8440, 2021.

[6] Q. Liu, L. Cheng, A. L. Jia, and C. Liu, “Deep reinforcement
learning for communication flow control in wireless mesh
networks,” IEEE Network, vol. 35, no. 2, pp. 112-119, 2021.

[7] Y. Ding, Z. Zhang, X. Zhao et al, “Multi-feature Fusion:
Graph Neural Network and CNN Combining for Hyper-
spectral Image Classification,” Neurocomputing, vol. 501,
pp. 246-257, 2022.

[8] L. You, H. Jiang, J. Hu, C. Chang, L. Chen, X. Cui, and
M. Zhao, “GPU-Accelerated Faster Mean Shift with Euclidean
Distance metrics,” 2021, https://arxiv.org/abs/2112.13891.

[9] Z. Huang, Y. Zhang, Q. Li et al,, “Joint analysis and weighted
synthesis sparsity priors for simultaneous denoising and
destriping optical remote sensing images,” IEEE Transactions
on Geoscience and Remote Sensing, vol. 58, no. 10,
pp. 6958-6982, 2020.

[10] W. Cai, “Hierarchical domain adaptation projective dictio-
nary pair learning model for EEG classification in IoMT
systems,” IEEE Transactions on Computational Social Systems,
pp. 1-9, 2022.

[11] Q. Wang and L. Deng, “Integrated optimization method of
operational subsidy with fare for urban rail transit,” Com-
puters & Industrial Engineering, vol. 127, no. 1, pp. 1153-1163,
2018.

[12] P. Shang, Y. Yao, L. Yang, L. Meng, and P. Mo, “Integrated
model for timetabling and circulation planning on an urban
rail transit line: a coupled network-based flow formulation,”
Networks and Spatial Economics, vol. 21, no. 3, pp. 1-34, 2021.

[13] Z. Ming, “Continuous-behavior and discrete-time combined
control for linear induction motor-based urban rail transit,”
IEEE Transactions on Magnetics, vol. 52, no. 7, pp. 1-4, 2016.

[14] X. Ding, S. Zhang, Z. Liu, H. Hu, X. Xu, and W. Xu, “The
analysis and calculation method of urban rail transit carrying
capacity based on express-slow mode,” Mathematical Prob-
lems in Engineering, vol. 2016, pp. 1-9, Article ID 6820394,
2016.

[15] Y. Xin, A. Chen, B. Ning, and T. Tang, “Measuring route
diversity for urban rail transit networks: a case study of the

[4


https://arxiv.org/abs/2112.13891

10

beijing metro network,” IEEE Transactions on Intelligent
Transportation Systems, vol. 18, no. 2, pp. 259-268, 2017.

[16] X.Hu, X. Li, and Y. Huang, “Urban rail transit risk evaluation
with incomplete information,” Procedia Engineering, vol. 137,
pp. 467-477, 2016.

[17] D. W.Liand N. D. Yi, “Real-time forecast of passenger crowd
index on urban rail transit station platform based on test data
of internet of things,” Journal of the China Railway Society,
vol. 36, no. 3, pp. 9-13, 2014.

[18] X. L. Nie and Q. C. Wei, “Research on the location of
emergency rescue stations for urban rail transit based on the
PSO,” Journal of Railway Engineering Society, vol. 32, no. 7,
pp. 100-105, 2015.

[19] X. Ding, X. Yang, H. Hu, and Z. Liu, “The safety management
of urban rail transit based on operation fault log,” Safety
Science, vol. 94, pp. 10-16, 2017.

[20] Y. Wang, Z. Liao, T. Tang, and B. Ning, “Train scheduling and
circulation planning in urban rail transit lines,” Control
Engineering Practice, vol. 61, no. 4, pp. 112-123, 2017.

[21] L.Jeongwoo, B. Marlon, H. Douglas, and H. Nixon, “Changes
in service and associated ridership impacts near a new light
rail transit line,” Sustainability, vol. 9, no. 10, p. 1827, 2017.

[22] J. Kong, C. Yang, Y. Xiao, S. Lin, and K. Ma, “A graph-related

high-order neural network architecture via feature aggrega-

tion enhancement for identification application of diseases
and pests,” Computational Intelligence and Neuroscience,

vol. 2022, Article ID 4391491, 2022.

Z.Jiang, J. Gu, W. Fan, W. Liu, B. Zhu, and Q. Zhu, “Q-learning

approach to coordinated optimization of passenger inflow control

with train skip-stopping on a urban rail transit line,” Computers &

Industrial Engineering, vol. 127, no. 1, pp. 1131-1142, 2018.

[24] L. U. Gongyuan, M. A. Si, W. Kun, and D. N, “Integer
programming model of passenger flow assignment for con-
gested urban rail lines,” Xinan Jiaotong Daxue Xuebao/
Journal of Southwest Jiaotong University, vol. 52, no. 2,
pp. 319-325, 2017.

[23

Computational Intelligence and Neuroscience



