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Imbalanced Data-driven Abnormal Electricity Consumption Detection
Method Based on Gated Recurrent Units

MENG Songping, PENG Wei, TIAN Chenlu

(School of Information and Electrical Engineering, Shandong Jianzhu University, Jinan 250101, China)

Abstract: Abnormal electricity consumption detection can detect abnormal electricity consumption behaviors in time and maintain
a safe and stable power grid operating environment while reducing energy waste and economic losses. The popularity of smart meters
makes it very easy to obtain electricity consumption data, which provides sufficient data support for data-driven abnormal electricity
consumption detection methods. However, the problem of imbalanced data seriously affects the training effect of the model in practi-
cal application. Therefore, in this paper, a gated recurrent units based abnormal detection method for imbalanced electricity consump-
tion data is proposed. The method adopts the borderline synthetic minority oversampling technique to realize the effective extension of
the minority data. To better capture the time series characteristics of electricity consumption data, gated recurrent units are employed
to classify electricity consumption data. To verify the effectiveness of this method, comparative experiments are done on imbalanced
data. Experimental results show that this method has better data expansion effect and more accurate abnormal electricity consumption
detection effect.
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GRU 99. 07 99. 09 99.07 | 99.08

LSTM 92.75 92. 87 92.75 | 92.81

5:1 SVM 95. 27 91.78 95.27 | 93.49
GRU 98. 27 98. 27 98.27 | 98.27

LSTM 92.78 93.29 92.77 | 92.99

3.1 SVM 95.15 91.52 95.15 | 93.31
GRU 97.97 97. 98 97.97 | 97.98

LSTM 92.19 92. 42 92.19 | 92.30

2:1 SVM 95. 04 91. 29 95.04 | 93.13
GRU 98. 04 98. 06 98.04 | 98.05

LSTM 91. 88 91. 99 91.89 | 91.94

1:1 SVM 94. 39 90. 05 94.31 | 92.13
GRU 97.55 97.59 97.55 | 97.57

B T3.00% ~6.49%, My LBl 1 3 8, GRU 5
LSTM itk 4 NS PEMFEFRIER T 4. 69%~5.20%, 5 SVM
LIRS T 2.82%6~6.46% . MY ALl 1: 2 8, GRU
5 LSTM Mtk 4 D PEM A4 8 7 5.64% ~5.85%, 5
SVM M LI T 3. 00% ~6.77% . M¥ " F bl Ry 1 ¢ 1 i},
GRU 5 LSTM Lk 4 MIEM I pr i T 5. 60% ~5.67%,
5 SVM MR T 3.16%6~7.54%.
4 L£RIE

ASCHRE T AT T ARG 2O 5 0 0 Al X A e 0K Bl Y R
PRI Oy vk . P RS D B e SR R R i e S
o S FE v S5 P o A 3t /0 S 0 A 2 A 5 e i R
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FEBR A ) 38 B RE 98 i 15 855 1 5 25 ) 2% ) R ) 25 51
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K GRU S8 F A B0 19 43 26 0 sk 9 40 19 55 30 3640
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