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Abstract 
In recent years, the rapid development of urban rail transit in China has not only solved 
many traffic problems, but also brought some new problems, such as passenger flow 
prediction. In view of the periodicity of urban rail transit passenger flow, this paper 
studies and analyzes a station of Xi'an Metro Line 3 based on BP neural network model. 
The research results show that the prediction results of BP neural network have a 
certain reference value for urban rail transit operation, and provide a certain theoretical 
basis for the scientific operation of urban rail transit operation in the future. At the same 
time, in the process of fitting data, problems are found and corresponding solutions are 
put forward. 
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1. Introduction 

With the rapid development of China's urban economy, urban problems such as traffic congestion, 
excessive use of fuel and air pollution are gradually emerging. On this condition, the rapid 
development of urban rail transit system has obvious advantages in improving the use efficiency of 
land, alleviating traffic congestion and reducing energy consumption, it has become an important way 
to solve urban traffic problems.  

The rapid development of urban rail transit has also brought some problems, such as insufficient 
development of supporting management system of urban rail transit system, large error of passenger 
flow prediction and so on. As the basic link of urban rail transit, passenger flow forecast is closely 
related to the early planning and construction and later operation management. At present, China's 
urban rail transit passenger flow forecast usually adopts the traditional traffic demand forecasting 
models, such as the classic four-stage method, direct demand forecasting model, etc. However, these 
methods are only applicable to the medium and long-term passenger flow forecasting problem, 
mainly applicable to whether to build rail transit and how to select routes, which is difficult to be 
applied to the short-term traffic passenger flow forecasting during the operation of urban rail 
transit, and short-term traffic passenger flow prediction has always been the focus of urban subway 
system operation. 

BP neural network is a multi-layer feedforward network proposed by Rumelhart et al. in 1986[1], 
which obtains the optimal weight after multiple training. Cheng Hao simulated the passenger flow 
based on BP neural network and MATLAB, and achieved ideal results [2]; Wang Lizheng adopted 
the optimized LM-BP algorithm to further improve the accuracy of predicting passenger flow in view 
of the characteristics of BP neural network, such as easy to fall into local minimum, slow convergence 
speed and inflexibility[3]; Li Jie verified the effectiveness of long-term and short-term memory 
(LSTM) model in passenger flow forecasting[4]. Compared with other models, LSTM model has 
higher accuracy; He Bisheng and others proposed a short-term passenger flow prediction model based 
on spatio-temporal map neural network to improve the transportation service capacity of urban rail 
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transit[5]. In this paper, the passenger flow of a station of Xi'an Metro Line 3 is simulated and 
predicted by constructing three-layer neural network and python simulation. 

2. Analysis on Passenger Flow Characteristics of Urban Rail Transit 

2.1 The Law of Time Distribution 

2.1.1 The Passenger Flow Distribution Law of Day and Night 

The day and night passenger flow distribution law of urban rail transit usually changes with the overall 
rhythm of the city, which is not only related to the lifestyle of urban residents, but also relevant to the 
land use and traffic characteristics around the station. It is generally reflected in single and double 
peak. As shown in Figure 1, we can easily see that the day and night passenger flow of the station is 
characterized by double peaks. The reason for the bimodal distribution may be there are schools, 
malls and other places that can attract a large number of passengers in the morning in the 1000 meter 
radiation area of the station. In fact, it is true. 

 

 
Figure 1. The Passenger Flow Distribution Law of Day and Night 

2.1.2 The Distribution Law of Passenger Flow in A Cycle 

 
Figure 2. The Passenger Flow Distribution Law of Cycle 
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People's work and life usually cycle in weeks, and people's travel is inseparable from rail transit. 
Therefore, the passenger flow of rail transit must cycle in weeks. Generally, the passenger flow on  
non-working day should be slightly less than that on working days, but it does not rule out that the 
passenger flow on non-working days will be higher than that on working days at stations near some 
weekend working places, such as amusement parks. As shown in Figure 2, we will find that the 
passenger flow changes circularly in weeks, but the change is not very obvious because it is only the 
passenger flow of one site. 

2.1.3 The Distribution Law of Passenger Flow of Special Holidays 

The passenger flow of urban rail transit will increase significantly due to the arrival of peak tourism 
season and large holidays. Similarly, in case of bad weather or other emergencies, the passenger flow 
will also decrease evidently. When predicting the short-term passenger flow, considering special 
weather, holidays and other issues is not only the focus, but also the difficulty. 

2.2 The Law of Space Distribution 

2.2.1 The Distribution Characteristics of Passenger Flow 

Due to the different nature of land use around each urban rail transit station, it leads to the different 
attraction capacity of each station radiation area to passenger flow, and then affect the passenger flow 
of urban rail transit. 

2.2.2 The Distribution Characteristics of Upstream and Downstream Passenger Flow 

Generally speaking, the passenger flow in different directions on the rail transit line is different in a 
certain period of time. For example, in the early peak period, the passengers flows to the commercial 
area, while in the late peak period, the passengers flow to the residential area. It leads to the difference 
in the distribution of upstream and downstream passenger flow. The difference will be particularly 
obvious in the morning and evening peak hours, and will show a reverse complementary trend. 

2.2.3 The Distribution Characteristics of Section Passenger Flow  

Section passenger flow refers to the total passenger flow passing through a certain area of urban rail 
transit line in a unit period. Generally, 15 minutes is taken as a period for analysis. The analysis of 
section passenger flow is conducive to the reasonable arrangement of train routing plan and the 
effective utilization of train capacity [6]. 

3. The Passenger Flow Prediction Model of Urban Rail Transit based on BP 
Neural Network 

3.1 The Prediction Models Commonly Used 

In recent decades, experts in various professional fields have developed various models and methods 
for short-term passenger flow prediction by using prediction methods in various fields, which can be 
generally divided into five categories: statistical prediction model, neural network prediction model, 
support vector machine prediction model, prediction model based on Chaos Theory and combined 
prediction model [7]. The advantages and disadvantages of several short-term passenger flow 
prediction models are listed below, see Table 1. 
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Table 1. Comparison of Various Models 

Model 
Data 

Acquisition 
Prediction 
accuracy 

Complexity of 
model 

establishment 

Applicable 
conditions 

deficiencies 

Time Series  

Model 

Supported by a 
large amount of 
uninterrupted 

data 

In the case 
of sufficient 
data, it has 

high 
accuracy 

Modeling is 
simple and easy 
to understand  

Single 
influencing 
factor and 
long-term 

stable original 
data 

It only studies the 
change law of traffic 

flow in the past, 
without considering 

other influencing 
factors, such as 

weather, holidays and 
so on; Its fixed 

parameters make the 
model difficult to 

meet the requirements 
of dynamic prediction 

Kalman  

Filtering 

 Model 

It requires data 
in a continuous 
period of time, 

which is 
relatively 
flexible 

It has the 
advantages 
of linearity, 

unbiased and 
minimum 

mean square 
error 

The recursive 
algorithm model 

is relatively 
complex 

The 
nonlinearity 

and 
randomness of 

passenger 
flow change 

are small 

Matrix and vector 
calculation are large 
and the algorithm is 
complex, so it is not 
suitable for on-line 
real-time prediction 

BP Neural  

Network 
Model 

Training and 
testing samples 
need a relatively 
large amount of 
data, but they can 
be discontinuous 
data 

In the case 
of sufficient 
data, it has 

high 
accuracy 

The structure of 
the model is 
simple, but the 
selection of the 
number of nodes 
needs 
experience 
 

It has wide 
applicability 

 

The determination of 
network structure 

needs many attempts, 
and may fall into 
problems such as 

slow convergence and 
local minimum 

3.2 The Prediction Models Commonly Used 

BP neural network model is a multilayer perceptron neural network. Its operation process can be 
divided into two stages: forward propagation and back propagation [8]. Forward propagation is 
mainly responsible for calculating the required prediction value according to the input value, while 
back propagation is mainly responsible for propagating the error according to the forward direction, 
and continuously adjusting each weight in this process. The model structure is shown in Figure 3. 
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Figure 3. The Structure of The BP Neural Network 
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Among them, from the bottom to the top are the input layer, hidden layer and output layer,    
( 1, 2, , )jx j M  is the input value of the j neuron in the input layer, ( 1, 2, , )jx j M  is the input 

value of the network, ijw is the weight value of the i neuron in the hidden layer and the j neuron in 

the input layer, the activation function of the i neuron in the layer is ( )n
iz , and the output of the output 

layer is O [9]. 

4. The Design of The BP Neural Network 

The following mainly describes the construction process of this BP neural network, grouping the 
passenger flow data of a station of Xi'an Metro Line 3, taking the passenger flow data of the first 7 
days as the input layer data and the corresponding data of the 8th day as the label item of the output 
data, and using Python to realize the prediction simulation of BP neural network. 

4.1 Data Normalization 

Data normalization is mainly aimed at the input and output of training set and the input of test set. 
The advantage of data normalization is to speed up the convergence of training network [3]. In Python, 
the functions of MinMaxScaler in the module can be used for data preprocessing. 

4.2 Network Creation 

4.2.1 The Determination of the Number of Network Layers and the Number of Neurons in Each 
Layer 

Usually, neural networks are composed of an input layer, an output layer and multiple hidden 
layers. According to our experience, when there is a hidden layer, we can well fit some nonlinear data 
[10] to meet the needs of passenger flow prediction, so we choose a hidden layer. 

In this paper, the number of neurons in the input layer is 7, which corresponds to the passenger flow 
of the previous 7 days, and the number of neurons in the output layer is 1, which corresponds to the 
predicted passenger flow of the 8th day. The number of hidden layer neurons is usually in the middle 
of the number of input neurons and output neurons, but in practical application, it needs to be 
continuously modified according to previous experience and actual fitting results to make it reach the 
best fitting state. This paper adopts the trial and error method. Firstly, the number of hidden layers 
should be set less, and then gradually increase the number to train the samples, the number of hidden 
layer nodes corresponding to the minimum network error is determined. 

4.2.2 The Initialization of All Weights in the Network 

As needed, random numbers of (- 1, 1) or (0, 1) are randomly generated by the designated module in 
Python as the initialization weights. 

4.2.3 The Determination of Activation Function 

The BP neural network has few layers, so sigmoid function is adopted to ensure the nonlinear 
mapping ability of the neural network. The formula is as follows: 

 

1
( )

1 x
S x

e



                                         (1) 

4.2.4 The Setting of Training Parameters 

Since there is no clear setting standard for the learning rate, it is tentatively 0.05. When the number 
of neurons in the hidden layer is determined, the optimal learning rate will be sought according to the 
trial and error method. 

4.3 The Training of The Network 

4.3.1 Randomly Select an Input Sample 

1 2 3( , , , , )nx x x x x                                       (2) 
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Where: x is the training sample; the specific value of n needs to be determined according to the 
incoming data. 

4.3.2 The Calculation of Input and Output of Hidden Layer 

Input the hidden layer: 

 

1

( 1, 2, , )
n

h ih i
i

hi w x h p


                                       (3) 

 

Output the hidden layer: 

 

 ( )( 1, 2, , )h hho f hi h p                                      (4) 

 

Where: ihw is the weight from the input layer to the hidden layer; hhi input for hidden layer; P is the 

number of neurons in the hidden layer; hho output for hidden layers. 

4.3.3 Input and Output Calculation of Sample Output Layer 

Input the output layer: 

 

1

( 1, 2, , )
p

o ho h
h

yi w ho o q


                                      (5) 

 

Output the output layer: 

 
( )( 1, 2, , )o oyo f yi o q                                       (6) 

Where: how is the weight from hidden layer to output layer; oyi input for the output layer; q is the 

number of neurons in the output layer; oyo output for the output layer. 

4.3.4 Input and Output Calculation of Sample Output Layer 

The loss function of minimum mean square error is adopted, and the formula is as follows: 

 

2

1

1
( )

2

q

o
o

E yo d


                                         (7) 

 

Where: d is the expected output. 

4.3.5 The Parameters Between The Output Layer and The Hidden Layer of The Error Function 

2

1 1

1
( )

2 ( )
( ) ( )

q p

o ho h
o ho o o

o o h
ho o o ho o o ho

yo d w ho
dyo yi df yiE E

yo d f yi ho
w yo dyi w yo dyi w

 

   
              

    

         (8) 

4.3.6 The Parameters Between The Hidden Layer and The Input Layer of The Error Function  

2

1 1 1

1
( )

2 ( ) ( )

( ) ( ) ( )

q p n

o ho h ih i
o h io o h h o h

ih o o h h ih o o h h ih

o o ho h i

yo d w ho w x
yo yi ho hi df yi df hiE E

w yo yi ho hi w yo dyi ho dhi w

yo d f yi w f hi x

  

                            
        

  

  
   (9) 
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4.3.7 Update the Weight 

The weight between output layer and hidden layer: 
 

( 1) ( )ho ho
ho

E
w t w t

w
 

  
                                    (10) 

 

The weight between input layer and hidden layer: 
 

( 1) ( )ih ih
ih

E
w t w t

w
 

  
                                 (11) 

4.3.8 Calculate the Global Error 

2

1 1

1
( )

2

qm

o
k o

E yo d
m  

                                 (12) 

 

If the error is within the preset value or the training times reach the preset value, the algorithm will 
be ended, otherwise return to the first step to continue the simulation calculation. 

4.4 The Inverse Normalization of Data 

According to the trial and error method, the number of hidden layer neuron nodes is tried 2, 3, 4 and 
5 respectively. The returned results are shown in Figure 5, the returned errors are shown in Table 2. 
 

 
Figure 4. Error Under Different Number of Hidden Layer Neurons 

 

Table 2. Error under Different Hidden Layer neurons 

Number of hidden layer  

neuron nodes 
Error 

2 4.73% 

3 4.47% 

4 4.11% 

5 4.38% 
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According to the error returned by different node numbers, we select the four neurons with the 
smallest error and continue to select a relatively reasonable learning rate according to the trial and 
error method, as shown in Figure 6. Therefore, when the number of hidden layer nodes is 4 and the 
learning rate is 0.05, the error is as low as 4.11%, as shown in Table 3, which meets the requirements 
of short-term passenger flow prediction. Therefore, BP neural network can better fit the passenger 
flow data of a station. 

 

 
Figure 5. Errors Under Different Learning Rates 

 

Table 3. Errors of Hidden Layer neurons 

The rate of learning Error 

0.01 5.07% 

0.05 4.11% 

0.10 4.34% 

 

We can see that BP neural network can well predict the passenger flow in the future according to the 
passenger flow in the first 7 days. Even if the prediction results are slightly different, the rail vehicle 
also has certain fault tolerance. If there is no sudden large passenger flow and other special 
circumstances, it can meet the daily operation of the rail transit system. However, there are still some 
problems, that is, the current use of algorithms to solve the problem of passenger flow prediction has 
become a pure mathematical problem, which does not take into account the impact of passenger travel 
characteristics, the use nature of surrounding land, weather and other objective factors on passenger 
flow, so that the calculated model is not universal for different cities. 

5. Conclusion 

As a new mode of transportation in contemporary cities, urban rail transit has greatly reduced the 
pressure of road travel. In the future, intelligent transportation will be more mature and reasonably 
applied to people's daily life in line with the era of big data. This paper discusses and compares some 
short-term passenger flow prediction methods, and uses BP neural network to carry out a simple 
passenger flow simulation. It is proved that BP neural network has strong learning ability and data 
processing ability, and can effectively solve the complex and non-linear passenger flow prediction 
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problems. At the same time, it is pointed out that since BP neural network has the ability to fit 
nonlinear data, the best passenger flow prediction scheme is to predict the passenger flow from the 
root, explore all kinds of facilities in the radiation area of the station from the perspective of traffic 
attraction, and combined with some factors that objectively affect the passenger flow, how much 
passenger flow can be attracted. After all, with the rapid development of China's urban rail transit 
industry, there are not a few cities to be built. How to solve the passenger flow prediction in the trial 
operation stage cannot predict the passenger flow according to the historical passenger flow, but we 
can use the attraction of various facilities in the radiation area of other urban stations for reference to 
predict the passenger flow of the city. 

As a new mode of transportation in contemporary cities, urban rail transit has greatly reduced the 
pressure of road travel. In the future, intelligent transportation will be more mature and reasonably 
applied to people's daily life in line with the era of big data. This paper discusses and compares some 
short-term passenger flow prediction methods, and uses BP neural network to carry out a simple 
passenger flow simulation. It is proved that BP neural network has strong learning ability and data 
processing ability, and can effectively solve the complex and non-linear passenger flow prediction 
problems. At the same time, it is pointed out that since BP neural network has the ability to fit 
nonlinear data, the best passenger flow prediction scheme is to predict the passenger flow from the 
root, explore all kinds of facilities in the radiation area of the station from the perspective of traffic 
attraction, and combined with some factors that objectively affect the passenger flow, how much 
passenger flow can be attracted. After all, with the rapid development of China's urban rail transit 
industry, there are not a few cities to be built. How to solve the passenger flow prediction in the trial 
operation stage can not predict the passenger flow according to the historical passenger flow, but we 
can use the attraction of various facilities in the radiation area of other urban stations for reference to 
predict the passenger flow of the city. 
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