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Fig.1 Anomaly power consumption detection model

based on deep learning
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Anomaly detection for power consumption pattern based on deep learning
ZHAO Wenqing,SHEN Zheji, Ll Gang
( Department of Control and Computer,North China Electric Power University , Baoding 071003, China)

Abstract; To deal with the anomalous power consumption behavior of users,a model of anomaly detection for power

consumption pattern based on deep learning is proposed,in which the TensorFlow framework is employed to establish

a feature extracting network and a multi-layer feature matching network. The feature extracting network based on

LSTM ( Long Short Term Memory) extracts different sequence features from large-scale time series data. The multi-

layer feature matching network , which is based on FCN( Fully Connected Network ) ,uses the extracted different se-

quence features to detect the anomalous electrical power consumptions. Case studies show that the proposed model

can detect the anomalous power consumption mode with higher efficiency compared to non-deep learning models.

Compared to the multi-layer LSTM classification model ,the proposed model is more precise and robust.

Key words: smart grid; deep learning; long short term memory ; neural networks; power consumption patterns;

anomaly detection ;non-technical loss
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Table A1 Confusion matrix

Hodi S 4E L Positive/Negative

SR True Positive(TP) True Negative(TN)

True/False False Positive(FP) False Negative(FN)
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