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Deep Belief Network Based Traffic Flow Prediction
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Abstract: In this paper, a novel traffic flow prediction method based on deep belief network( DBN) is in-
vestigated and compared with related methods. Due to the good learning ability of DBN network, the proposed
DBN based traffic flow prediction method can learn the internal features well, and predict traffic data flow more
accurately. The proposed method is tested on the PeMS dataset, and the experimental results show that the pro-
posed method has good prediction performance.
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Tab.1 Compared experimental results of different models

FERY Model MSE MAE MAPE R? RMSE
DBN 88.09 5.17 13.33% 0.9690 7.05
LSTM 96. 64 7.18 16.16% 0.9410 9.72
GRU 106.24 7.45 16.98% 0.9338 10. 31
SAEs 94.77 7.30 20.74% 0.9409 9.73
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