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Prediction of road traffic flow based on the TS-NN model

ZHANG Yangyong

(Fujian Provincial Committee Party School of CPC, Fujian Academy of Governance, Fuzhou 350001, China)

Abstract: For the existing intelligent traffic system prediction method, a time-series traffic flow prediction meth-

od based on deep learning, starting from the key parameters of traffic flow prediction, was proposed to further

improve the accuracy of road traffic flow prediction rate. Firstly, the road traffic data set was cleaned, and then

TS-NN, the fusion algorithm of time series and neural network , was used for traffic flow prediction. Experimental

results show that the prediction accuracy of the TS-NN algorithm in urban sections is improved by 1.62% and

2.13% respectively, compared with that of ARIMA and LSTM. Besides, there are more obvious improvements in
the test of the expressway dataset, which are 20.87% and 3.53% higher than ARIMA and LSTM respectively.

Therefore, the TS-NN algorithm does contribute to the improvement of its core algorithm to a certain extent.
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Tab.2 Activation functions commonly used in neural networks
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Fig.1 Transition of neural network (simple to complex)
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Fig.2 Comparison of traffic flow prediction of Huangshan section in Huizhou District, Huangshan City, Anhui Province
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Fig.3 Comparison of traffic flow forecast of California expressway
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