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Abstract: To prevent the batch occurrence of surface cracks and achieve anomaly localization, a
longitudinal crack prediction model based on an extreme gradient boosting tree (XGBoost) and
just-in-time learning was proposed. First, a local sample set was selected, and a support vector
machine oversampling algorithm was used to oversample the cracked samples. Then, historical
samples were updated according to a dual-weighting strategy of temporal relevance and
Chebyshev distance. Finally, a longitudinal crack prediction model based on an extreme gradient
boosting tree was constructed, achieving an accuracy of 90%. A root cause diagnosis model for
surface longitudinal cracks based on a Bayesian network was proposed. First, key influencing
factors were selected to construct an initial directed acyclic graph; each feature was discretized
into three categories: low, medium, and high, and secondary factors were eliminated using
mutual information. Second, the optimal network structure was determined using a Dirichlet
prior scoring search algorithm combined with a hill-climbing algorithm. Finally, parameter
learning was performed using maximum likelihood estimation (MLE) , and a causal network was
obtained through a belief propagation algorithm. The results indicate that silicon content and the
temperature difference of crystallizer cooling water outlet are important factors for the occurrence
of longitudinal cracks.

Key words: quality prediction; beam blank; surface longitudinal crack; extreme gradient
boosting tree; just-in-time learning; causal analysis; root cause diagnosis
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Fig.5 Causal diagram of surface longitudinal
cracks in beam blank
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Table 5 Posterior probabilities of causal relationships
for surface longitudinal cracks
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Table 6 Probabilities of direct influencing factors for
surface longitudinal cracks
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