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Fig. 2 Electricity theft detection based on multiple different learners fusion based on Stacking ensemble learning
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Table 3 Comparison of different combination strategies

- ) ence/ % ep/ % eave/ Y6
MV wVv Iwv Stacking MV wv wv Stacking MV wV JAVAY Stacking

ET1 90.14 90.95 91.34 93.71 92.90 93.47 94.01 95.13 93.62 94.13 94.66 95.07
ET2 96.58 96.74 96.85 97.14 98.78 98.94 99.15 99.36 96.28 96.35 96.44 96.60
ET3 94.19 94.38 95.02 95.65 95.93 96.26 96.51 96.92 97.03 97.24 97.35 97.56
ET4 93.16 93.41 93.75 94.22 95.51 95.69 95.80 96.04 92.83 93.02 93.37 93.72
ET5 94.31 94.62 95.76 96.47 97.26 97.44 97.74 98.15 96.33 96.46 96.69 97.21
ET6 97.05 97.13 97.30 97.30 98.65 98.72 98.79 98.80 97.59 97.72 97.86 97.96
MIX 92.68 92.92 93.55 94.71 97.13 97.87 98.23 98.66 95.48 95.67 95.92 96.40
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Electricity Theft Detection Based on Multiple Different Learner Fusion by Stacking Ensemble Learning

AREBEATH A RS A LMK . E-mail: ynyyayy@ctgu.

edu.cn

YOU Wenxia, LI Qingging, YANG Nan, SHEN Kun, LI Wenwu, WU Zeli
(School of Electrical and New Energy, China Three Gorges University, Yichang 443002, China)

Abstract: Aiming at the problems that the consumer power consumption data categories are unbalanced for electricity theft
detection, and the ensemble learning method using voting as a combination strategy cannot give full play to the advantages of
multiple different learners, a model using Stacking ensemble learning to fuse multiple different learners is proposed and applied to
electricity theft detection. First, starting from the factors affecting electricity metering, six electricity theft behavior modes are
simulated according to five common electricity theft methods. Secondly, synthetic minority oversampling technique (SMOTE) is
used to process the unbalanced power consumption data, and K-fold cross-validation method is used to divide the balanced training
sets to alleviate the overfitting caused by repeated learning. Then, the evaluation indicators and diversity metrics are employed to
optimize different primary learners and meta-learners of the model, and a Stacking ensemble learning electricity theft detection
model integrating the advantages and differences of different learners is constructed. Finally, the comparative analysis results of
examples show that the proposed electricity theft detection model can effectively solve the imbalance of power consumption data
categories, give full play to the advantages of different learners, and the evaluation index is good.
This work is supported by National Natural Science Foundation of China (No. 51607104 ).

Key words: Stacking combination strategy; ensemble learning; electricity theft detection; synthetic minority oversampling
technique (SMOTE); K-fold cross-validation
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