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Image recognition method of resident load characteristics based on
heterogeneous basis Stacking mechanism

QIU Leixin, YU Tao, PENG Binggang
(School of Electric Power Engineering, South China University of Technology, Guangzhou 510640, China)

Abstract: Load identification technology can effectively distinguish different electrical types. This is of significance for
power consumption strategy formulation and demand response. There is a problem in that the present load identification
technology cannot effectively realize the load feature fusion and the combination of different recognizer models. Thus an
integrated learning method of residential power load identification feature image based on heterogeneous basis Stacking
mechanism is proposed. This method realizes feature fusion by constructing feature images and fully excavates the
deep-seated features contained in feature images using a convolutional neural network, so as to solve the problem that the
traditional methods are not deep enough in feature mining. At the same time, the ensemble learning Stacking method is
introduced to combine a variety of heterogeneous load identification models to integrate the advantages of various models
and overcome the problem of the simplification of traditional methods. Finally, the public data set PLAID is used to verify
and complete the engineering application on laboratory electrical equipment. The results show that this method has high
recognition accuracy and application value.
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Fig. 1 Characteristic image of typical residential load
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Table 3 Comparison of various indicators of different methods in the laboratory dataset

Recall Precision F1

s KNNI RFI41  ResNet  Stacking KNN[ RF[4] ResNet  Stacking KNN[I?  RFI¥  ResNet  Stacking
HLAAER 0.77 1.00 0.95 1.00 1.00 0.95 1.00 1.00 0.87 0.98 0.97 1.00
IR R 1.00 1.00 1.00 1.00 0.82 0.98 0.98 0.99 0.90 0.99 0.99 0.99
H XU 1.00 0.85 1.00 1.00 1.00 1.00 0.91 1.00 1.00 0.92 0.95 1.00
=34) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
KR 0.90 0.95 0.975 0.975 1.00 1.00 1.00 1.00 0.95 0.97 0.99 0.99
JEYLS 0.925 0.979 0.983 0.996 0.94 0.98 0.98 1.00 0.92 0.98 0.98 1.00
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