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Abstract — According to the characteristics of periodicity and randomness of traffic flow, a nonlinear forecasting model of time 
series is put forward. Firstly, the data of time series for one-dimensional traffic flow is converted to multi-dimensional time series 
and then the RBF neural network with strong nonlinear prediction ability is used for modeling. Finally, the model is tested by 
simulation experiments. The simulation results show that the prediction accuracy of forecasting model of time series for traffic flow 
with the RBF neural network being adopted is higher than that of the traditional model and the results can be applied to traffic 
management. 
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I. INTRODUCTION 

With the rapid urbanization process being promoted in 
China, the urban traffic flow is increasing accordingly. As 
the urban infrastructure and urban management are lagging 
behind, the traffic jam is becoming increasingly serious. In 
order to effectively carry out traffic planning and 
management, the prediction and control of traffic flow 
becomes more and more urgent. 

Short-term traffic flow is closely related to time with 
great uncertainty and high degree of nonlinearity. Carrying 
out the short-term forecasting of traffic flow is a very typical 
forecasting problem of time series. According to the research 
results of scholars, the comparison amongst common 
forecasting model with one-dimensional regression, multi-
dimensional regression forecasting model and artificial 
intelligence methods are completed[2-4]. Due to the large 
uncertainty and high nonlinearity of the short-time traffic 
flow, the prediction of the one-dimensional regression model 
and the multi-dimensional regression model are all based on 
the linear time series while the traffic flow has a large 
nonlinearity, which leads to poor prediction results[5]. The 
artificial intelligence method is a machine learning method 
rising recently which can accurately describe the mapping 
relationship between the factors. Making infinite 
approximation for nonlinear between input factors and 
output factors is believed to be a good model and method for 
nonlinear prediction[6]. 

According to the insufficiencies existing in the 
forecasting method of current short-term traffic flow, a 
prediction model of time series for nonlinear traffic flow is 
put forward. The RBF neural network with strong nonlinear 
prediction ability is used as a modeling method and the 
simulation results are verified by simulation experiments. 

II. RBF NEURAL NETWORK 

A. RBF Neural Network Algorithm 

The RBF neural network has three layers including an 
input layer, an implicit layer and an output layer. The 

implicit layer is composed of a set of radial basis functions. 
The structure of RBF neural network is shown in Figure 1[7]. 



 
Figure 1. The structure of prediction model of RBF neural network 

Suppose that the input dimension of RBF neural network 
is n , the number of units of hidden layer neurons is m , the 
output dimension is p , the operation process of RBF neural 
network is shown in the following content: 

(1) Nonlinear transformation from the input layer to the 
hidden layer 

The radial basis function is used as the transferring 
function between the input layer and the hidden layer. The 
radial basis function is a scalar function that is in symmetry 
axially and it is a monotone function representing the 
Euclidean distance between any point x  in the space to the 

center ic . It is recorded as (|| ||, )j jx c   and shown as: 
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In the equation, ( )   is the transferring function for the 

hidden layer unit;  is the Euclidean paradigm; j  is the 

number of neural units contained in the hidden layer. jc  is 

the center of the jth hidden node of the RBF neural network. 

j  is the width of hidden layer nodes of RBF neural 

network. 
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(2) The linear combination of the hidden layer to the 
output layer 

In the RBF neural network, the linear function is used for 
conversion and summary from the hidden layer space to the 
output layer space. At this time, the connection weights 
between the hidden layer and the output layer can be 
adjusted and realized. The adjustment function is shown in 
equation(2): 
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In the equation, jw represents the connection weights 

between the jth neuron and the output layer. 
In the RBF neural network, its performance index is 

shown as the equation (3): 
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In the equation, ( )if x  is the RBF neural network output; 
'
iy  is the actual output of training samples and E is the mean 

square error between the outputs of them. 
In the process of training and studying, if the mean 

square error is too large, the penalty factor is introduced to 
adjust the parameters of the E function, which makes the 
RBF function better. In the equation (3), another penalty 
factor is added, at this time, the performance index can be 
expressed as: 
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In the equation,   is the introduced penalty factor 
The mapping relation of RBF neural network is 

expressed by mathematical expression in equation (5). 
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B. The Prediction of Short-time Traffic Flow of RBF 
Neural Network 

According to the related research, the traffic flow of a 
particular time in urban traffic network is not only closely 
related with the traffic network, but also greatly related to the 
traffic flow in the first a few time sections of the road[8]. 
Therefore, according to the data of traffic flow during the 
first several time sections on the road, a short-time traffic 
flow model is established which will be then used to predict 
the traffic flow of the forecasting points. 

The traffic flow value of the road section i  in t  is ( )iv t , 

so the traffic flow in 1t   is made as ( 1)iv t  . In the 

process of specific research, the traffic flow values of the 
previous s time sections are used to predict the traffic flow 
value at a certain time in the future. That is to say, the 

( ), ( 1), , ( )i i iv t v t v t s   is used as RBF neural 

network input and ( 1)iv t   is used as the output value of 

RBF neural network iy . The specific steps are shown in the 

following content: 
(1) The quantity of traffic flow in the firstly 5 time points 

is processed standardizedly and the data will be normalized 
to [0，1]. 

(2) After many tests, the traffic flow data of the first 5 
time points for forecasting has the greatest impact on the 
traffic flow of the forecasting point. Accordingly, the input 
layer of RBF neural network can be designed as 5 nodes and 
the trial calculation method can be used to determine the 
number of hidden layer nodes of RBF neural network. 
Finally, the number of nodes in the hidden layer is confirmed 
as 11 and the output layer has 1 node, which indicates the 
traffic flow value currently. 

(3) The training of study for RBF neural network. 
(4) The RBF neural network which has been trained is 

adopted to predict short-term traffic flow. The collected 
traffic flow data are divided into training set and test set. The 
set is used to train the RBF neural network so as to adjust the 
three key parameters of RBF neural network. When the 
output error of RBF neural network is less than the set error, 

the network training is over with the optimum values of jc

j jw being saved to the network. 

III. SIMULATION EXPERIMENT 

A. Traffic Flow Data 

In this paper, the traffic flow data is collected by a 
detector in a road section of Zhengzhou. It is collected every 
10 minutes with a total of 650 data points collected, which is 
shown in Fig.1. These data are divided into training set and 
test set. The first 550 data are used to establish the RBF 
neural network to predict the traffic flow model and the 
following 100 data are used to verify the model. 

 
Figure 2. the original data of traffic flow 
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B. Standardized Process of Data 

From Figure 2, we can see that although the original data 
of traffic flow shows some degree of periodicity, but the 
degree of change is relatively large. For the RBF neural 
network model, firstly, if there is a large difference between 
the quantity of training sets input, it will affect the learning 
speed and the authenticity of the prediction; secondly, the 
RBF neural network is the most sensitive to the data in [0, 1] 
with the highest accuracy of prediction. Therefore, in the 
process of experiment, the traffic flow data is processed in a 
standardized way and the normalized formula is shown in the 
following: 
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In the equation, 
ix  is the value of traffic flow after being 

treated in a standardized way; ix  is the primary data of 

traffic flow; max( )x and min( )x  are respectively the 
maximum and minimum values of traffic flow data. 

After the formula (6) makes standardized processing of 
traffic flow data collected, all the data is normalized to [0，
1]. The results are shown in Fig.3. 

 
Figure 3. The standardized results of primary data for traffic flow 

C. The Prediction of Traffic Flow 

The data after being processed in a standardized way will 
be divided: the first 550 data are used as the training set 
while the following 100 data are used as verification set. 
Then, the data of training set will be input into the RBF for 
learning and the first 5 data are adopted to predict the next 
data. The training time is set as 5000.  After training for 3892 
times, if the output error is within 0.001 of the set error, the 
network training will be stopped with the optimum parameter 

jc 、 j 、 jw  being obtained and saved to the network. 

The RBF neural network model which has already reached 
the requirements will be used to predict the verification set. 
In order to facilitate comparison, the results of the output are 
processed by anti-normalization so as to get the true value of 
traffic flow. The formula of the anti-normalization 
processing is shown in the following content: 

 (max( ) min( )) min( )i ix x x x x     (7) 

In order to test the performance of RBF neural network 
prediction model put forward by the paper, the time series 
model of one dimension-the traffic flow model is used as a 
comparison model and the output results of the two models 
are shown in figure 4 and figure 5. 

 
Figure 4. The prediction results of single linear traffic flow 

 
Figure 5. Prediction results of Traffic flow in RBF neural network 

From figure 4 and figure 5, we can see that the prediction 
accuracy of RBF neural network is much closer to the 
original traffic flow data and its prediction accuracy is higher 
than that of unitary regression model. Because RBF neural 
network is a kind of intelligent machine algorithm, it has a 
strong ability of nonlinear approximation and good 
approximation ability to nonlinear traffic flow data, therefore, 
it is able to reflect the change of traffic flow in a better way. 
The linear regression model is a forecasting model of time 
series based on linear data, therefore, the linear regression 
model is used to predict the variation of nonlinear data, 
which can not reflect the change of the data so as to brought 
large error and low accuracy. 

D. Comparison of Accuracy of Prediction. 

In order to analyze the accuracy of prediction for traffic 
flow, the MAPE and MSE are selected to evaluate the 
predicted performance of the two models. 

(1) The equation of MAPE for traffic flow is shown in 
the following content: 
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(2)The equation of MSE for traffic flow is shown in the 
following content: 
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In the equation, k  is the number of sample for traffic 

flow prediction; ix is the observed traffic flow;  ix  is the 

predictive value of prediction model. The smaller the MAPE 
and MSE are, the higher the prediction accuracy of the 
model will be. 

The comprehensive prediction of the two models is 
shown in Table 1. From table 1, we can see that, compared 
with the single linear regression model, the advantage of 
RBF neural network for traffic flow prediction is mainly 
reflected in the following two points: 

(1) The accuracy of prediction for traffic flow: from the 
comparison of MAPE and MSE values in Table 1, it is 
revealed that the prediction accuracy of traffic flow of RBF 
neural network is obviously higher than that of single 
regression model. 

(2) Generalization ability of the model. The RBF neural 
network model has a relatively stable performance. Even 
when the fitting error is larger, the prediction error will also 
be relatively stable. 

TABLE 1. THE PREDICTION ACCURACY OF EACH MODEL 

Model MAPE mse 

Single Regression Model 15.36% 25.987 

RBF Neural Network Model 8.38% 6.233 

IV. CONCLUDING REMARKS 

Traffic flow is affected by a variety of factors with 
periodicity, randomness and nonlinear. The traditional linear 
prediction model can not accurately predict the complex and 
changeable traffic flow. The nonlinear prediction 
performance of RBF neural network is used to put forward a 
prediction mode of time series for nonlinear traffic flow. The 
simulation results show that the RBF neural network can 
improve the accuracy of traffic flow prediction and it is able 
to accurately describe the changing characteristics of traffic 
flow. What is more, the prediction results can be applied to 
the traffic management practically. 
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