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Driving intention recognition based on trajectory prediction and

extreme gradient boosting

FANG Hua-zhen,LIU Li,GU Qing, XIAO Xiao—feng, MENG Yu
(School of Mechanical Engineering, University of Science and Technology Beijing, Beijing 100083, China)

Abstract: To achieve accurate identification of the driving intentions of surrounding vehicles by intelligent
connected vehicles, a driving intention recognition framework based on trajectory prediction and extreme
gradient boosting (XGBoost) algorithm is proposed. Firstly, we attach the driving intention label to the
vehicle's historical trajectory sequence and build the offline training dataset. Then, a driving intention
recognition framework is constructed. A mixed teacher force long short-term Memory (LSTM) module is
used to predict the future trajectory. The XGBoost module concatenates the historical and future trajectory
and recognizes driving intention (left lane change, lane keeping, and right lane change). Finally, the model
is verified on the real road datasets Next Generation SIMulation (NGSIM) US101 and 1-80 sections. The
experimental results show that the proposed model outperforms the other methods in metrics precision,
recall, F1 score, and accuracy. The recognition accuracy can reach 97.7% in the prediction of 4 s historical
trajectory and 3 s future trajectory, which shows good performance in driving intention recognition. The

code can be obtained at:https: /gitee.com/fanghz—-colin/lIstm-xgboost.git.
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Fig.1 Overall framework of the driving intention recognition model
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Fig. 4 Flow of lane change intention labeling
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