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Abstract. Addressing the issue of low accuracy in cable condition classification due to imbalanced sam-
ple classes in multiclass classification problems, a cable condition classification method based on Bayes-
ian-optimized extreme gradient boosting was proposed. Firstly, Bayesian optimization was employed to
train the hyperparameters within the XGBoost algorithm, with the aim of acquiring the optimal hyperpa-
rameter configuration. Then, this optimal hyperparameter configuration was applied to the XGBoost algo-
rithm , which resulted in the Bo-XGBoost classification model. Finally, the verification through case stud-
ies demonstrated that this classification method achieved higher accuracy compared to methods such as
SVM, TabNet, and LightGBM, thereby providing a new direction for cable condition classification.
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Figure 1 The flow chart of Bo-XGBoost algorithm
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Figure 2 The flow chart of cable condition classification

based on Bo-XGBoost algorithm
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