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Traffic accident classification prediction model considering multi-head attention mechanism

ZHUANG Weiqing, YU Hanyu
(School of Internet Economics and Business, Fujian University of Technology, Fuzhou 350014, China)

Abstract; To address the challenge of inadequate classification accuracy in traffic accident severity prediction
caused by multi-factor coupling effects, this study proposes a severity classification model considering multi-
head attention mechanism. The model features an optimization algorithm for automated hyperparameter tuning,
combines convolutional operations for feature extraction with sequential dependency modeling, and leverages
multi-head attention to enhance the learning of discriminative features. Experiments were conducted on a
publicly available Kaggle dataset, with comparative evaluations against baseline models. Key findings
demonstrate that the model attains AUC values of 0.938 (Level 1), 0.989 (Level 2), 0.882 (Level 3), and
0.803 (Level 4) in four types of accidents, outperforming all competing methods. For the most challenging
Level 4 accident prediction, this model achieves significantly superior recall performance compared with other
models. Under data-scarce conditions, the proposed model exhibits remarkable robusiness, yielding the lowest
overall misclassification rate—including only one error for Level 2 predictions—among evaluated models.
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