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Research on Occupant Injury Prediction Method in Vehicle Collision

Based on Deep Learning
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[Abstract] To predict injury of the occupant in vehicle collision more rapidly and accurately, a training database for deep
learning models was established based on frontal 100% overlap rigid barrier real-world collision data, and data preprocessing
and features extraction were conducted. Deep learning models were constructed separately based on Long Short—Term Memory
(LSTM), Convolutional Neural Network—Long Short—-Term Memory (CNN-LSTM) neural network, and Temporal Convolutional

Networks (TCN) for injury prediction training. The validation results show that the model prediction accuracy reaches 0.8579,

0.8209 and 0.9674, respectively, demonstrating feasibility of the proposed method.
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Convolutional Neural Network-Long Short-Term Memory (CNN-LSTM) neural network,

Temporal Convolutional Network (TCN)
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