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[ Abstract] With the continuous promotion of the “dual carbon” strategic goals and the construction of new power systems, tradition-
al distribution networks are gradually transforming into information-based, digital, and intelligent new distribution systems. To accu-
rately characterize and analyze the characteristics of different types of loads in the distribution network, and support efficient operation
and control of the distribution network, a data-driven classification method for typical load curves in the distribution network was pro-
posed. Firstly, based on load data, various classification scenarios of typical loads in the distribution network were analyzed, and per-
formance evaluation indicators for classification scenarios including error rate, accuracy, and confusion matrix were proposed. On this
basis, a data-driven load classification method for distribution networks was proposed, which converts 24 dimensional daily load vectors
into image data and uses convolutional neural networks to identify load curve images, achieving accurate classification of distribution
network load curves. Finally, the accuracy and effectiveness of the proposed method were verified by combining actual distribution net-
work load data, and analyzed and compared with existing methods. The results indicate that the proposed method for classifying typical
load curves in power distribution networks has better classification speed and accuracy.
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Fig. 7 The results of load forecasting
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