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Calculation method of theoretical line loss in transformer districts based on
sample expansion and data-driven
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Abstract: Aiming at the problem of insufficient scale of high-quality data samples for data-driven research on theoretical line loss
analysis of transformer districts, a calculation method of theoretical line loss in transformer districts based on sample expansion and
data-driven was proposed. A generative adversarial network was constructed, and the Adam optimizer was used to optimize the
network parameters. The transformer districts samples were analyzed by K-means clustering analysis, while a method for selecting
the optimal number of clusters was built based on silhouette coefficient and sum of squared errors. The proper classification of the
transformer districts effectively reduced the computational burden of artificial neural network training. The artificial neural network
model for theoretical line loss analysis of transformer districts was established through training on each class of transformer districts
with the expanded sample set. Simulations were conducted to verify the proposed method by using actual transformer districts data
collected from an urban area in Liaocheng City, Shandong Province. The results showed that the sample set was effectively
expanded, the training effectiveness of the artificial neural network model was improved, and higher accuracy was achieved in the
theoretical line loss analysis of transformer districts.
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Table 2 Correlation between line loss rate and the
feature parameters in the transformer districts
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