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Abstract: Accurately and quickly identifying the fault types of traction transformers is a key technology for
intelligent operation and maintenance. Aiming at the problems of single model deviation in the current traditional
algorithm and the constraints between the iteration rate of complex models and the deployment of computing
resources, a traction transformer fault diagnosis model based on the Stacking ensemble learning framework was
proposed, and incorporated knowledge distillation technology to compress model iteration time to improve the
computational performance of the model. First, an evaluation feature vector composed of gas indicators in
transformer oil was constructed, and then the single Bagging and Boosting framework algorithm were combined
based on the Stacking integrated learning framework, and knowledge distillation technology was incorporated to
realize the effective mapping of feature vectors and fault types. The actual generalization effect in the DGA data
sample shows that this method solves the problem of bias and variance in the traditional integrated model,
accelerates the iteration speed of the integrated model, and proves the engineering application value of the model.
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Tab.l1  Comparison of Bagging and Boosting frameworks
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Tab.5 Accuracy comparison between training set and test set
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Tab.6 Computational performance comparison of different algorithms
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