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Research on traffic congestion state prediction based on MATLAB
LIU Jiajun, TANG Yangshan

('School of Automotive and Transportation Engineering, Liaoning University of Technology, Jinzhou 121001, Liaoning, China)

Abstract . Traffic congestion can be divided into frequent traffic congestion and occasional traffic congestion. This article focuses
on frequent traffic congestion and uses TTI as an indicator to classify the traffic conditions of urban road sections. The collected
driving speed dataset is converted into TTI dataset and divided into training and testing sets. A random forest prediction model and
an LSTM prediction model were designed based on MATLAB software. The algorithms were described and their advantages and
disadvantages were compared and analyzed. The two models were applied to the TTI dataset. Once again, the performance of the
designed prediction model was compared and evaluated using metrics such as RMSE, MSE, MAE, and R>. LSTM was selected as
the prediction model with the best performance and highest fitting degree. To verify whether the LSTM model produces overfitting ,
a comparative experimental analysis was conducted again using a publicly available dataset, and the results showed no significant
overfitting. Finally, in response to the unsatisfactory prediction performance of the LSTM model on the TTI dataset, it was analyzed
that the TTI dataset was not rich enough and had a small amount of data. Improvement plans such as multi segment data collection
were proposed to optimize the fitting effect of the LSTM model.
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Table 1 Classification table of traffic conditions on road sections based on 771 as an indicator
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Fig. 2 Comparison of prediction results for random forest model
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Table 2 Comparison table of various time series prediction models
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