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Prediction of lane changing with multiple driving styles for
intelligent vehicles based on FCNN neural network
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Abstract ; In the future complex intelligent traffic environment, the coexistence of autonomous vehicles and human—driven vehicles
on the road becomes a possibility. In the context of this mixed traffic flow, accurately predicting the lane-changing behavior of
human-driven vehicles is crucial for the safety and efficiency of autonomous driving systems. This study proposes a prediction
method for lane — changing decisions of human — driven vehicles with multiple driving styles, based on the FCNN ( Fully
Convolutional Neural Network ) , focusing on the key factors of lane-changing: the surrounding environment and driving styles.
Firstly, by applying the K—-means clustering algorithm to classify driving styles of drivers, the variations in driving styles are
comprehensively considered. Subsequently, the classified results are utilized as input variables for the FCNN neural network to
predict the lane—changing behavior of human—driven vehicles. The method is trained and tested on a next—generation simulation
dataset constructed from real vehicle trajectories, achieving an accuracy rate of 91.80%. Experimental results demonstrate that by
combining driving style classification and FCNN neural network, it is possible to more accurately predict the lane—changing behavior
of human—driven vehicles under different driving styles. The findings of this research is of significant practical value for predicting
the lane—changing behavior of human—driven vehicles in the context of mixed traffic flow with autonomous vehicles. Additionally, it
provides new insights for future improvement and expansion of this approach.
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Table 1 Explanation of lane change scenarios parameters
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Table 2 Comparison of lane change model performance
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