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[Abstract] Based on the historical driving data of trucks in a province, this paper proposed a prediction method of
dangerous driving behavior based on Convolutional Neural Network—Long Short—Term Memory (CNN-LSTM) network and
self—attention mechanism. For the characteristics of large amount of truck driving data, high dimension, difficult feature
extraction and strong time sequence, this method first used XGBoost to filter the features, then used CNN to extract spatial
features and LSTM to further capture the temporal information of driving behaviors. Finally, dangerous driving behaviors
were predicted by self-attention mechanism. Experimental results show that the method presented in this paper performs
better than other long time series prediction methods on highway freight driving data in a province, with recognition
accuracy reaching 85.05%, the weighted average recall rate reaches 83%, and the Fl-score reaches 84%.
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behavior, Prediction of driving behavior
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