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Traffic flow prediction method based on

bidirectional linear recurrent neural network

R. Xu and Z. Shen∗

Abstract

In order to improve the rationality and effectiveness of intelligent traf-
fic control and management on urban roads, a bidirectional linear re-
current neural network-based traffic flow prediction method is proposed
from the perspective of spatial and temporal characteristics of traffic flow.
The method effectively combines the characteristics of fast and accurate
bilinear polynomial solution and dynamic calibration of recurrent neu-
ral network, and adopts particle swarm algorithm to realize the dynamic
pruning process of redundant neurons and weights, which improves the
convergence speed and prediction accuracy of the algorithm. The algo-
rithm is trained and experimented with video data, and a comparative
analysis is conducted. The results show that the method can achieve ac-
curate prediction of road traffic flow, the traffic flow prediction accuracy
reaches more than 90%, meeting the data accuracy requirements of ac-
tual traffic management and control, and the convergence speed of the
algorithm has also been significantly improved.

1 Introduction

The rapid development of Intelligent transportation system (ITS) has brought
great social and economic benefits to the development of society [1]. As the
basis for the implementation of ITS control tools, the accuracy of the prediction
results directly affects the implementation of traffic control strategies [2, 3].

At present, domestic and foreign scholars have proposed a large number
of traffic flow parameter prediction methods from various perspectives, mainly
based on regression analysis, intelligent algorithm-based prediction methods,
time-series analysis-based prediction methods, and multi-step traffic parame-
ter prediction methods [4–12]. However, due to the variability and complex-
ity of traffic flow on urban roads, all of these methods have certain shortcom-
ings [13]. The prediction methods based on linear regression analysis have low
accuracy and tend to ignore the interaction effect between traffic parameters,
which cannot describe the nonlinear cause-effect relationship; the prediction
methods based on time series analysis have large prediction errors and cannot
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meet the accurate prediction of traffic flow when there are large fluctuations
in traffic flow; the methods based on multi-step traffic parameter prediction
require the use of equivalent historical data. The traffic parameter-based multi-
step forecasting method requires equivalent historical data as the data base,
and the lower the correlation, the higher the forecasting error due to the obvi-
ous difference between the historical data and the traffic parameter data to be
predicted. At the same time, none of the existing traffic flow parameter pre-
diction methods can realize the dynamic self-correction function of the traffic
flow parameters obtained from the prediction, i.e., they cannot calculate the
corrected parameters based on the traffic flow data obtained at the current time
to make dynamic prediction of the predicted values at the next time [14].

Therefore, to address the problems of low prediction accuracy and lack of
self-correction function of the above existing traffic flow parameter prediction
methods, this paper proposes a Bidirectional linear Recurrent Neural Network
(BRNN) algorithm based on the analysis of the spatial and temporal fluctua-
tion characteristics of traffic flow parameters. The algorithm can quickly ap-
proximate various nonlinear functions and has self-correction function when
predicting traffic flow parameters. At the same time, in order to improve the
convergence speed and prediction accuracy of the BRNN model, the particle
swarm algorithm is effectively incorporated into the BRNN model to prune the
redundant neurons and weights, thus reducing the computational complexity
and preserving its generalization ability to improve the computational speed
and prediction accuracy of the traffic flow prediction algorithm.

2 Bidirectional Linear Recurrent Neural Network

The bidirectional linear recurrent neural network model effectively integrates
bilinear polynomials and recurrent neural networks to approximate multiple
nonlinear functions according to the characteristics of the training data with-
out rapidly increasing the complexity of the network, and has the advantage
of dynamic recursive calibration, which is easier and faster to implement in
applications than higher-order neural networks [15–19].

The bilinear polynomial is a simple periodic nonlinear system model. For
a one-dimensional input/output case, the linear polynomial input-output rela-
tionship can be expressed as:

y[n] =

N−1
∑

i=1

N−1
∑

j=1

biy[n− j]x[n− i] +

N−1
∑

i=1

aiy[n− i] +
N−1
∑

i=1

cix[n− i]

where x[i] is the input variable, y[i] is the output variable , and N is the re-
currence number. When the bilinear recurrent neural network model has N
input neurons, M implicit neurons and K polynomials. In the BRNN model,
the input variables are:

X[n] =
[

x1[n], x2[n], · · · , xN [n]
]T
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The network connection weights from the input layer to the implicit layer are
output as:

net[n] =
[

net 1[n], net 2[n], · · · , net N [n]
]T

The M ×K dimensional periodic vector is denoted as:

Z[n] = [net1[n− 1], · · · , netM [n− 1], · · · , net1[n−K], · · · , netM [n−K]]T

The period vector of the pth implicit layer node is denoted as:

netp[n] = wp +AT
p Z[n] + Z[n]BpX[n] + CT

p X[n]

where wp is the neuron bias value, Ap is the periodic weight vector, Bp is the
bilinear polynomial weight matrix, Cp is the feedforward weight vector, and
T denotes the transpose matrix. When the implicit layer neuron activation
function is f(g), the output variables of the implied layer neuron are:

Op[n] = f(netp[n])

The classical BRNN is a simple pre-feedback neural network from the implicit
layer to the output layer. If Op[n] is the output variable of the l-th neuron at
time n, then the period vector of the p-th implicit layer node and the implicit
layer output variable are:

netl[n] =

Nk
∑

p=0

wlpOp[n]

Ol[n] = f
(

netl[n]
)

where wlp is the weight factor from the implicit layer to the output layer. In
summary, the output variables of the output layer are:

yl[n] = f



vl +

Nk−1
∑

p=0

wlpOp[n]





3 Optimization of BRNN based on particle swarm

algorithm

3.1 BRNN optimization model

The presence of a large number of neurons and weight parameters in the classical
bilinear recurrent neural network makes the network structure complex and the
convergence speed of the algorithm slow, and the convergence speed of the
algorithm is related to the dynamic performance of the prediction model [20–
24]. Therefore, in order to improve the convergence speed of the BRNN model
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and enhance the reliability of traffic flow prediction results, the particle swarm
algorithm is integrated with the bilinear recurrent neural network algorithm, so
as to prune the redundant neurons and weights in the classical BRNN model to
reduce the complexity of the network, prevent it from falling into local optimum
and improve the computational speed [25–31].

The bilinear recurrent neural network structure is input layer—hidden layer—
output layer [32–35]. When the number of output layers N0 is 1, the multipli-
cation term in the first equation is denoted as:

Nc =
(

Ni +Nf +Ni ·Nf

)

·Nh +Nh

where Ni is the number of input layer neurons, Nf is the number of feedback
nodes, and Nh is the number of hidden layer neurons.

To further improve the prediction accuracy of the BRNN model, a portion
of the pre-feedback input variables are added to the linear feedback layer, and
the output variables of the optimized BRNN model are converted from the first
equation to:

yp[n] = dp +

Ni−1
∑

i=0

E
∑

j=S

bpiyp[n− j]



x[n− i] +

Nf−1
∑

i=0

apiyp[n− i]

+

Ni−1
∑

i=0

cpix[n− i]

where E = p+ (Ni − 1)/2 and S = (Ni − 1)/2− p.
Therefore, the number of multiplication terms in the output layer of the

BRNN model is changed from Nc to NS , and NS is expressed as:

NS = Ni ·Nf +
(

2Ni +Nf

)

·Nh +Nh

The reduction in the number of multiplicative terms ∆N in the formula for
calculating the output variables of the output layer of the optimized bilinear
recurrent neural network can be expressed as:

∆N = Nc −NS = Nh ·Nf ·Ni −Nh ·Ni −Nf ·Ni

In order to further reduce the computational load of the BRNN model, a parti-
cle swarm algorithm is used to dynamically prune the BRNN model. In order
to further reduce the computational load of the BRNN model, a particle swarm
algorithm is used to dynamically prune the BRNN model by dynamically re-
moving weights and neurons from the network while ensuring the reliability of
the output prediction results.

3.2 BRNN Optimization Process

Particle Swarm Optimization (PSO) seeks the global optimal solution through
iteration from the perspective of randomized solution, with the advantages of
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high robustness, fast convergence and simple implementation. The integration
of particle swarm algorithm into the BRNN optimization process can effectively
improve the convergence speed and learning ability of BRNN. According to
the number of weight and bias values in the BRNN model, the search space
dimension SV of the particle swarm algorithm is determined, which can be
expressed as:

SV = Ni ·Nh +Nh ·Nf +Ni +Nh

In the SV dimensional search space , the population S = (S1, S2, ..., Sm)
consisting of m particles, the q-th particle represents an SV dimensional vector,
which is the spatial position of the q-th particle in the SV dimensional space.
The q-th particle represents an SV -dimensional vector, i.e., the spatial position
of the q-th particle in SV -dimensional space. The velocity of the qth particle is
denoted by V q = (V q1, V q2, ..., V qsv)

T , and the individual and global extremes
are denoted as Pq = (Pq1, P q2, ..., P qsv)T and Pgsv = (Pq1, P q2, ..., P qsv)T .
During each iteration of the particle swarm algorithm, the particles will up-
date their iterative velocity and position according to the individual and global
extremes. The particle velocity and position update models are:

V k+1
qsv

= ωV k
qsv

+ c1r1

(

P k
qsv

− Sk
qsv

)

+ c2r2

(

P k
gsv

− Sk
gsv

)

Sk+1
qsv

= Sk
qsv

+ V k+1
qsv

where ω is the inertia weight, c1 and c2 are learning factors, and t1 and t2 are
random numbers distributed between (0, 1).

The specific process of optimizing the BRNN model is as follows:

1. Network initialization. The dimensionality SV , learning factors c1 and c2
(generally equals, with values from 0 to 4), and the maximum number of
cycles of the particle swarm algorithm are initialized. The initialization
of particles is mainly to assign random values to the initial velocity and
spatial position of particles.

2. The basic structure of the network topology of the BBRN optimization
model is determined according to the traffic flow parameters.

3. Evaluation of the fitness function. Random population particles are gener-
ated for the optimized BRNN model is trained to output the fitness values
that meet the accuracy requirements.

f(net) =

m
∑

i=1

No−1
∑

j=1

∣

∣yij − ŷij
∣

∣

where yij and ŷij are the true and predicted values of the test set, respec-
tively.
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4. Start the particle swarm algorithm. The individual velocities and positions
of the particles are updated according to the previous equations, and the
particle population is initialized with a certain probability, updated, and
the particle fitness.

5. Pruning operation. Compare the size of the fitness index before and after
the update.When the updated fitness index is smaller than the original
fitness index, the original particle population is deleted, the population is
updated, and the invalid implicit layer or input layer neurons and their
corresponding weights are deleted from the BRNN network.

6. Loop steps (4) and (5) in turn, search for the minimum fitness index and
its corresponding particle population within the set maximum number of
loop steps, and output the calculation results.

7. The link weights and thresholds are dynamically set for the BRNN opti-
mization network according to the optimal particles, and the traffic flow
prediction results are output after the BRNN optimization network pre-
diction model is trained.

4 Case Studies

4.1 Configurations

In order to verify the validity of the optimized BRNN model proposed in this
paper, two prediction models were constructed using MATLAB programming
software: the classical BRNN model and the optimized BRNN network model
using particle swarm algorithm. The prediction results are validated by com-
parative analysis using the actual traffic parameters collected, the prediction
data obtained by the classical BRNN model, and the prediction data obtained
by the BRNN optimization model proposed in this paper.

The experimental real data are obtained from the video data of two main
urban road sections in Shanghai, labeled as Section 1 and Section 2. The model
calibration data are the traffic flow parameters for 14 consecutive days from
April 15 to 29, 2014. The sampling time interval is 5 minutes. The traffic
flow data for the first 13 days were selected as the training data, and the data
collected on the 29th day were used as the validation data. Section 1 is a
4-lane roadway and Section 2 is a 3-lane roadway. The experimental neural
network structure is 4-3-1 (2), the number of training sessions is 100, the learning
efficiency is 0.1, the training target is 0.05, the learning factor and the value
of 1.7923. The particle swarm algorithm is initialized, the population size is
1000, and the number of iterations is 200. In order to evaluate the robustness
of the model for long-term prediction, the relative and absolute error functions
are used to check the prediction effect of the model.

6



4.2 Results

In order to check the reliability of the traffic flow prediction model, the traffic
flow parameters of Road Section 1 and Road Section 2 during peak and flat
hours were used as model input data and calibration data.

The predicted traffic flow on Road Section 1 during peak hours is analyzed
with the experimental results. The traffic flow on urban roads during peak
hours is high and the traffic flow curve is more volatile, which makes it more
difficult to predict the traffic flow. When the classical BRNN model is used
to predict the peak hour traffic flow, the maximum absolute error between
the predicted and real values reaches 5.899 veh/min and the average absolute
error is 2.862 veh/min. If the optimized BRNN model is used to predict the
peak hour traffic flow parameters, the maximum absolute error and the average
absolute error are both significantly reduced to 4.301 and 4.862 respectively. The
maximum absolute error and average absolute error are significantly reduced
to 4.301veh/min and 2.102 veh/min, respectively. As shown in Table 1, the
prediction accuracy of the classical BRNN model is 89%, while the accuracy of
the BRNN optimized model is 93%, based on the traffic count of Section 1. It
can be seen that the BRNN model is more effective than the classical BRNN
model in predicting the traffic flow of the four-lane roadway during the peak
hours of the roadway 1.

According to the experimental results, the optimized BRNN model can ac-
curately predict the traffic flow of Section 2 during the peak hours. Compared
with the classical BRNN model, the predicted traffic flow obtained by the opti-
mized BRNN model has a better fit with the real traffic flow obtained from the
video data. At the same time, there is a significant difference between the abso-
lute error values of traffic flow prediction of the classical BRNN model and the
optimized BRNN model, i.e., the absolute error of traffic flow prediction of the
optimized BRNN model is smaller than that of the classical BRNN model, and
the prediction accuracy of traffic flow parameters reaches 90.8%. It can be seen
that the optimized BRNN model is able to predict the traffic flow parameters
of type 2 road sections during peak hours effectively compared to the classical
BRNN model.

At the same time, the fluctuation of traffic flow on urban roads during the
peak hours is relatively stable, and the predicted traffic flow of the optimized
BRNN model is less different from the actual value. The overall mean abso-
lute error of the traffic flow prediction of the optimized BRNN model is 1.15
veh/min lower than that of the classical BRNN model. As shown in Table 1, the
BRNN optimization model achieves 95.2% accuracy in predicting peak traffic.
In the experimental programming of the three sets of traffic flow forecasts, the
runtime analysis of the two models in MATLAB software shows that the BRNN
optimization model has an average 36% lower runtime compared to the classical
BRNN model.
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Model Peak road 1 Peak road 2 Off-peak road 3

BRNN 0.108 0.131 0.115
Optimized BRNN 0.070 0.042 0.048

Table 1: BRNN and Optimized BRNN Prediction Relative Error

5 Conclusions

In this paper, we propose to use particle swarm algorithm and bilinear recurrent
neural network to predict the traffic flow of urban roads. The method uses par-
ticle swarm algorithm to prune the bilinear recurrent neural network to improve
the convergence speed and prediction accuracy of the algorithm, and the traffic
flow prediction model based on the optimized bilinear recurrent neural network
is calibrated using video data. The results show that the optimized bilinear
recurrent neural network can predict the traffic flow of urban roads during peak
hours and flat hours with a prediction accuracy of more than 90%, which can
meet the actual traffic control prediction needs and provide a more accurate
data base for the implementation of intelligent traffic control and guidance of
urban roads.
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