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Abstract; Aiming at the problem that the prediction accuracy of the electricity consumption model is not high, resulting
n low anomaly detection efficiency, this paper proposes a method for hyperparameter selection of convolutional neural net-
work (CNN)-long short-term memory network (LSTM)-attention mechanism (AT) model using dung beetle optimization
algorithm (DBO). Firstly. after the users electricity data is processed, the CNN extracts the features of the data, which is
used as the input of the LSTM to analyze the time series, and the attention mechanism extracts the important features of the
hidden state of the LSTM, ignores the useless features, and gradually improves the prediction accuracy. Secondly, the DBO
algorithm is used to optimize the size of the feature detector of the CNN convolutional layer, the neuron size of the LSTM
network and the size of Dropout, so as to improve the performance of the model, and then compare the prediction results
with the user's power consumption data and make abnormal judgment. Finally, the proposed method is experimented on the
electricity consumption dataset of the office area, and the effectiveness of the proposed method is verified by experiments.
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