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Abstract: In order to improve the prediction accuracy of BP neural network prediction model, a 
prediction method based on Improved Particle Swarm Optimization BP neural network is proposed. 
The adaptive mutation operator is introduced to mutate the particles trapped in the local optimum, 
and the optimization performance of the particle swarm optimization algorithm is improved. The 
weight and threshold of BP neural network are optimized by improved particle swarm optimization 
algorithm. Then BP neural network prediction is trained. The model obtains the optimal solution. 
The forecasting method is applied to the time series of measured traffic flow to validate its validity. 
The results show that the method has better non-linear fitting ability and higher forecasting 
accuracy for short-term traffic flow. 

1. Introduction 
Real-time and accurate traffic flow forecasting is the premise and key of traffic control and traffic 

guidance, and its research has always been a hot topic in ITS. Over the years, experts and scholars 
have established many prediction models and methods, such as historical average method, time 
series method, Kalman filter method, regression analysis method and so on. [1] These methods have 
matured theoretical basis and many applications. But most of the traditional prediction methods are 
based on mathematical statistics, and the common feature is to establish the subjective model of data 
sequence first, and then according to the subjective model. In recent years, many scholars have made 
a thorough study on the non-linear characteristics of urban traffic flow system [2-3], and established 
a variety of traffic flow prediction models considering non-linear traffic flow, such as BP neural 
network model [4-5], RBF neural network model [6], Volterra filter adaptive prediction model [7-8] 
and so on. Among them, BP neural network model is a relatively successful prediction model. But 
this model has two obvious shortcomings: one is easy to fall into local minimum; the other is slow 
convergence speed. To overcome these shortcomings, this paper uses BP neural network prediction 
model optimized by improved particle swarm optimization (PSO) to apply in short-term traffic flow 
forecasting. 

2. BP Neural Network Prediction Model 
The essence of time series prediction is the inverse problem of a dynamic system. The dynamic 

model F (•) of the system is reconstructed by the state of the dynamic system. 
F(Xi) = xi+T (T > 0)                               (1) 

In the formula, T is the forward prediction step. 
There are numerous methods to construct a non-linear function f (•) to approximate F (•). BP 

neural network is a good method to construct the non-linear prediction model F (•) of time series. 
If the input of a nonlinear discrete dynamic system is Xi= (xi, xi+T, …, xi+（m-1）T) T and the output is 

yi=xi+ 1, a typical three-layer BP neural network is selected. Because BP neural network is used to 
predict time series, when the number of neurons in the input layer of the neural network is equal to 
the embedding dimension m of the reconstructed phase space of time series, the prediction effect is 
better [9]. When the number of inputs of BP neural network is m, the hidden layer is p and the 
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number of outputs is 1, the BP neural network completes the mapping  f :Rm→R1, and the input of 
each node in the hidden layer is  

Sj =∑
=

m

1i
iijxw -θj, j=1, 2, …, P                              (2) 

In the formula, wij is the connection weight from input layer to hidden layer, and θj is the 
threshold value of hidden layer nodes. 

The transfer function of BP neural network adopts Sigmoid function f(x) = 1/(1+e-x), and the 
output of hidden layer node is 

Bj=
)xwexp(1

1
m

1i
θjiij∑=

+−+
,j=1, 2, …, P                       (3) 

 
Similarly, the input, output and output of the output layer node are: 

L= γ
1

−∑
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p

j
jjbu                                      (4) 
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𝑝𝑝
𝑗𝑗=1 +𝛾𝛾)

                                (5)  

In formula, uj is the connection weight from hidden layer to output layer; γ  is the threshold of 
output layer. 

The connection weights wij, uj and threshold θj of BP neural network can be obtained through 
training of BP neural network, so xi+1 is predictable. Formula (5) is the prediction model of BP 
neural network. 

Before training, the connection weights and thresholds of each layer are randomly initialized to 
the values between [0,1]. This kind of non-optimized random initialization will slow the convergence 
speed of BP neural network and make the final result non-optimal. The initial weights and thresholds 
can be optimized by using improved particle swarm optimization algorithm. The optimized initial 
weights and thresholds can make the BP neural network converge faster and the final result closer to 
the optimal solution. 

3. Improvements of PSO Algorithms 
Particle swarm optimization (PSO) [10] is a global random search algorithm based on swarm 

intelligence, which was proposed by Kennedy and Eberhart in 1995, inspired by the research results 
of artificial life. It simulates the migration and clustering behavior of birds in the process of foraging. 
In this algorithm, all candidate solutions of optimization problems are the states of a particle in the 
search space, and each particle corresponds to a routing item. The fitness value determined by the 
scalar function and the speed of particles determine the direction and distance of their flight. Particles 
are dynamically adjusted according to their own flight experience and that of their companions, i.e. 
the optimal solution found by the particles themselves and the optimal solution currently found by 
the whole population. Thus, they search continuously for the solution space until they meet the 
requirements. 

3.1 Basic PSO Algorithms 
In a S-dimensional search space, the population W = (W1, W2,…,Wn) consisting of n particles. 

The ith particle is represented as a S-dimensional vector Wi=(wi1,wi2,···,wiS)T, which represents the 
position of the ith particle in the S-dimensional search space and represents a potential solution of a 
problem. The fitness value corresponding to position of each particle can be calculated according to 
the objective function. The velocity of the ith particle is recorded as Vi = {Vi1, Vi2,…,ViS)T, whose 
individual extremum is Pi=(Pi1,Pi2,…, PiS)T, and the global extremum of population is 
Pg=(Pg1,Pg2,…,Pgs)T. 
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In each iteration, the particle updates its velocity and position through individual and global 
extremums, and then the model is updated. 

1V +k
id = k

idVω  + clr1( k
idP - k

idW ) + c2r2( k
gdP - k

gdW )                           (6) 

W 1k
id
+ = k

idW + 1
idV +k                                  (7) 

In the formula, ω is the inertia weight; d = 1,2, ..., S; i = 1,2, ..., n; k is the current iteration 
number; Vid is the velocity of particles; c1 and c2 are non-negative constants, called acceleration 
factors; r1 and r2 are random numbers distributed between [0.1]. 

3.2 Improvement of PSO Algorithms 
Because the particles in PSO aggregate to their own historical best position and neighborhood or 

group historical best position, the rapid convergence effect of the particle population is formed, and 
it is prone to fall into local extreme value, premature convergence or stagnation [11]. In order to 
overcome the above shortcomings, this paper introduces adaptive mutation operator in the PSO 
algorithm, that is to say, some variables are reappeared with certain probability by using the mutation 
idea of genetic algorithm. The mutation operation expands the searching space of the population 
which is shrinking continuously in the iteration, so that the particle can jump out of the optimal 
position previously searched and search in a larger space. At the same time, it keeps the diversity of 
the population and improves the possibility of finding a better value by the optimization of the 
algorithm. 

4. Optimizing BP Neural Network Prediction Algorithms by Improving PSO Algorithms 
The basic steps of improving PSO algorithm to optimize BP neural network prediction algorithm 

are as follows. 
Step 1: Initialize parameters including population size, number of iterations, learning factor and 

the limited interval of position and velocity. Assign random values to particle position and velocity. 
Step 2: Construct BP neural network topological structure according to the number of input and 

output parameters of time series, and randomly generate a population particle Wi=(wi1,wi2,···,wiS)T, i 
= 1, 2, ..., n, which represents the initial value of BP neural network. 

S = RS1+S1S2 + S1+S2                                    (8) 
In the formula, R, S1 and S2 are the input layer node, hidden layer node and output layer node of 

BP neural network respectively. 
Step 3: Determine the evaluation function of the particle. Given an evolutionary parameter of BP 

neural network, the weights and thresholds of BP neural network are assigned by the particle Wi 
obtained in Step 2, and the training samples are input for the training of BP neural network. The 
output value iy

∧
 of network training is obtained if it lies within the accuracy range. Then the fitness 

fiti of individual Wi in population W is defined as follows: 

fiti= ∑
−

=

−

∧1M

1J
jj )yy( 2, i = 1,2, ..., n                        (9) 

In the formula, jy
∧

 is the training output value; yj is the expected value of the training output; M 
is the phase number in the reconstructed phase space; n is the population size. 

Step 4: Calculate the fitness value corresponding to each particle position Wi according to the 
input and output samples. Determine the individual extreme value and the group extreme value 
according to the initial particle fitness value, and take the best position of each particle as its 
historical optimal position. 

Step 5: Update the velocity and position of the particle itself by formula (6) and formula (7). 
Introduce a simple adaptive mutation operator, reinitialize the particle with a certain probability after 
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each update. Calculate the fitness value of the new particle. Update the individual extreme value and 
the population extreme value according to the fitness value of the new population particle. 

Step 6: Satisfy the maximum number of iterations. The optimal particle obtained by the improved 
Particle Swarm Optimization algorithm is assigned to the weights and thresholds of the BP neural 
network connection. After training, the BP neural network prediction model predicts the optimal 
solution output by time series. 

5. Optimizing BP Neural Network Prediction Algorithms by Improving PSO Algorithms 
5.1 Simulation Conditions 

In order to illustrate the effectiveness of the proposed algorithm, under the environment of 
MATLAB 2009b, the algorithm calculation program is written in MATLAB language, and three 
prediction models are constructed by using MATLAB neural network toolbox. They are: improved 
PSO algorithm to optimize BP neural network prediction model (MPSOBP model), PSO algorithm 
to optimize BP neural network prediction model (PSOBP model) and general BP neural network 
prediction model (BP model). In the same measured traffic flow time series, the comparative 
experiment of traffic volume prediction is carried out. 

In the experiment of traffic flow time series data according to the formula (10) as the mean of 0, 
amplitude is normalized time sequence 1, and to reconstruct the phase space of the normalized time 
series. 

yi=
）（）（ ii

in
1

-i

xmin-xmax
xx n

1i∑ =
                                               (10) 

In the formula, {xi} is the original time series and {yi} is the normalized time series. 
The error evaluation system of the experiment adopts absolute error err, average absolute error 

MAE and relative error perr, that is to say, absolute error err, average absolute error MAE and 
relative error perr. 

err = xi - ix
∧

                                          (11) 

MAE = 
pN

1 ∑ |𝑥𝑥𝑖𝑖 − 𝑥𝑥𝚤𝚤� |𝑁𝑁𝑝𝑝
𝑖𝑖=1                           (12) 
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=
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∧
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2

N

1i
2Xii )x(

xi

p

                               (13) 

In the formula, xi and ix
∧

 are the real value and the predicted value Np are the predicted samples. 
The experiment adopts m, 2m+1, 1, three-layer BP neural network structure, m is the embedding 

dimension of phase space reconstruction of traffic flow time series 5; BP neural network parameters 
are set as follows: training times are 100, training objectives are 1.0e-005, learning rate is 0.01; 
particle swarm optimization parameters are set as follows: population size is 30; evolutionary algebra 
is 100; acceleration factor is c1= c2 = 1.49445; mutation probability of adaptive mutation operator 
pm∊[0.01, 0.05]; the intervals of particle position and velocity are [-5,5] and [-1,1]. 

5.2 Empirical Analysis of Measured Traffic Flow Time Series 
The short-term traffic flow data in the simulation experiment comes from the traffic detector data 

of a city. The data are recorded every five minutes, and 1302 data are generated. 
In order to test the accuracy of the forecasting method, different numbers of training samples are 

taken for experiments. The forecasting results of three forecasting models when the training sample 
is 1200 and the forecasting sample is 30 are given in Fig. 1, Fig. 2 and Fig. 3 respectively. The 
conditions of three forecasting models in different numbers of training samples are given in Table 1. 
The average absolute error MAE and relative error perR of the next 30 prediction samples. 
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Fig. 1 BP neural network prediction results  Fig. 2 PSOBP neural network model prediction results 

 
Fig. 3 Prediction results of MSOBP neural network model 

 
It can be seen from Fig. 1, Fig. 2 and Fig. 3 that the forecasting results of the three forecasting 

models can well reflect the trend and regularity of traffic flow change, which shows that the three 
forecasting models can better meet the requirements of short-term traffic flow forecasting. 

From Table 1, we can see that when the training sample is 800, the PSO algorithm forms the fast 
convergence effect of the particle population and the neural network falls into the local extremum, so 
the prediction accuracy of the PSOBP model is lower than that of the BP model. The MPSOBP 
model optimized by the PSO algorithm with the adaptive mutation operator in this paper avoids the 
particle from reaching its own historical optimal position or the best population history. The fast 
convergence effect of population formed by location aggregation has higher prediction accuracy than 
PSOBP model and BP model, which shows that MPSOBP prediction model is effective in predicting 
traffic flow. 
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Table 1. Prediction Errors of Different Training Samples in Measured Traffic Flow Time Series 
Number of training samples 1200 1000 800 600 400 

Predicted sample size 30 30 30 30 30 

MAE 

BP 24.1353 25.5804 34.272 31.1454 37.6787 

PSOBP 25.4632 26.5499 29.0602 30.528 33.0644 

MPSOBP 22.7096 23.5779 26.2551 23.4968 28.1463 

perr 

BP 0.015 0.0158 0.0365 0.0263 0.0364 

PSOBP 0.0144 0.0158 0.0216 0.0258 0.0305 

MPSOBP 0.0134 0.0136 0.0164 0.013 0.0204 
From Table 1, we can also see that the less training samples, the more accurate the MPSOBP 

model is than the PSOBP model and BP model, which is of great significance for short-term traffic 
flow to achieve small sample forecasting. 

6. Conclusion 
Aiming at the local minimum defect and slow convergence speed of BP neural network prediction, 

an adaptive mutation operator is introduced into PSO algorithm, and a time series prediction method 
based on improved PSO algorithm to optimize BP neural network is proposed. It is applied to 
microscopic traffic flow prediction, and compared with PSOBP prediction model and BP model, the 
results show that this method greatly reduces the chance of being trapped in local optimum. 
Compared with PSOBP prediction model and BP prediction model, this method has better non-linear 
fitting ability and higher prediction accuracy for measured traffic flow. Moreover, even the 
MPSOBP can be further improved. For instance, it is possible to also use PSO to optimize some 
coefficients set by default in BP Neural Network, such as the number of hidden layers. 
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