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Abstract

With the sustained development of power plant of China, the installed base of electric meter grows
gradually. It is more and more important to monitor smart meters with their mature use. The data
formatting is completed through the collecting and cleaning to the data from meters. The data
analysis is done by the methods including Pearson correlation coefficient analysis and K fold cross
validation etc. Eventually testing abnormity and failure recognition can be obtained through pre-
diction research based on deep learning time series model. Based on electric meter running big
data analysis, the electric meter situation including normal and abnormal (error or electricity
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stealing) and relevant position can be obtained so as to take further action. The research and ap-
plication of the testing system can avoid physical testing to electric meter. The service time of
normal meter can be prolonged by abnormal meters testing. This will lead to saving a lot of re-
sources.
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Figure 2. Huayuan community error curve
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Figure 3. Electric quantity of Huayuan community
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Figure 4. Sub total & super of Huayuan community

4. EENXBRESFRM

Difference between sub & super of Hua Yuan

18 A -
—— Difference
16
14
12 A

104

Elecric Gnsupeh(Kmp)

2016-01 2016-02 2016-03 2016-04 2016-05 2016-06 2016-07 2016-08
Date

Figure 5. Absolute error of Huayuan community
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Figure 6. Relative error of Huayuan community
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Figure 11. Electricity consumption of same user
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Figure 13. Voltage box diagram
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Figure 18. Predicted value and real value of LSTM model
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