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Abstract: The data-driven car-following model can fully explore the characteristics of car-following behavior
in vehicle trajectory data, so as to realize the prediction of car-following behavior. To study the
characteristics of car-following behavior, based on the measured trajectory data, using the data-driven
method and combining the GM car-following model modeling ideas, based on the attention mechanism and
the characteristics of the driver’ s attention to the important information mechanism when making car-following
behavior decisions, the attention mechanism is added to establish a car-following model based on CNN-
BiLSTM-Attention. The trajectory data that conforms to the car-following characteristics in NGSIM is screened
and processed for noise reduction. The optimal model network structureis selected for training through
experiments, and compared with data-driven car-following models such as LSTM, GRU and CNN-BiLSTM.
The result shows that (1) compared with LSTM model, the car-following model based on CNN-BiLSTM-
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Attention has a decrease of MAE by 38.12%, an increase of R by 2.18%, and a decrease of MSE by
23.45%; (2) compared with GRU model, MAE decreases by 19.05%, R’ increases by 1.13% and MSE
decreases by 13.95%; (3) compared with the CNN-BiLSTM model, MAE decreases by 1.06%, R’
increases by 0. 15% and MSE decreases by 1.78%, indicating that the model has the best acceleration

prediction performance and can better describe car-following behavior; (4) compared with the single model ,

the car-following model based on CNN-BiLSTM-Attention can better extract the features of traffic data and

process the relationship among historical data, capture historical information and make corresponding

decisions, the attention mechanism allows the model to focus on important parts of the input characteristics,

thus providing higher prediction accuracy. The model can be used to predict vehicle acceleration, help to

understand car-following characteristics, and provide theoretical basis for car-following behavior decision-

making in the future.

Key words: ITS; data-driven; deep learning; car-following model; acceleration prediction
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