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An unbalanced sample prediction algorithm based on
LSTM and CNN in the new power systems

ZHANG Qi, LI Zhihao, FAN Yeping, MA Jianbo
Anhui Jiyuan Software Co., Ltd., Hefei 230093, China

Abstract: A prediction algorithm based on feature correlation analysis and improved CNN (convolutional neural net-
work)-LSTM (long short-term memory) network was proposed based on the power digital space technology system.
Firstly, in the attention layer, the user correlation was analyzed, and the influencing factors strongly related to power
load users were weighted and averaged. The weight of these categories in user power load prediction was adjusted to
strengthen the influence of few and important power sample features on power load calculation and avoid the interfer-
ence of redundant features, achieving feature selection. Secondly, in the CNN layer, by constructing a two-layer neu-
ral network, the spatial features of the samples are extracted and inputted into LSTM. Finally, LSTM extract the tem-

poral features of the sequence through the LSTM layer and output the prediction results. The experiment was based

WS EER: 2025-02-02; fEEIHHA: 2025-08-05
BIEEE: S803, 516081449@qq.com
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on confidential data from six important users supplying power resources in a northern city for prediction. The experi-

mental results show that the MAPE based on correlation analysis and improved CNN-LSTM model was lower than

the error of LSTM, random forest, and BP neural network in five types of user tests.

Key words: unbalanced sample, LSTM, power load forecasting, CNN, correlation analysis
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