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Prediction model of traffic accident risk based on improved SMOTE methods
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Abstract; In recent years, the incidence of traffic accidents has remained high, causing huge losses to social stability and economic
development. Traffic accident prediction belongs to the binary classification problem of imbalanced data, featuring large amounts of
data, a high sample imbalance ratio, and high computational intensity. Traffic data on the G15 Shanghai section of the expressway
was collected. The improved methods of the Synthetic Minority Oversampling Technique ( SMOTE) were combined with machine
learning and deep learning models to address the blindness of the SMOTE algorithm in synthesizing data and the overfitting problem
that occurs when different classification models handle imbalanced data. The applicability and robustness of different models for
traffic accident risk prediction were explored through classification, and conclusions were drawn based on the experimental data. The
experiments show that two combined models, namely the Attribute — Synthetic Minority Oversampling Technique ( ASMOTE) and
eXtreme Gradient Boosting ( XGBoost) , as well as the Improved Synthetic Minority Oversampling Technique ( ISMOTE) and
Random Forest (RF) , have certain advantages in the field of traffic accident prediction. By applying improved SMOTE algorithms,
these models effectively avoid the problem of a high misclassification rate of traffic accident samples, improve the accuracy of traftic
accident risk prediction, and provide solutions and directions for achieving traffic accident prediction.
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Fig. 1 Diagrams of the training set generated by the improved
SMOTE algorithms
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