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Open-set recognition algorithm for load identification based on threshold adjustment

LI Yiming, DENG Junhua, LI Zhixin, CHENG Hanmiao, BAO Jin, YI Yongxian
(Marketing Service Center, State Grid Jiangsu Eleacric Power Co., Ltd., Nanjing 210024, China)

Abstract: Load identification is one of the key technologies in power system planning, operation, and management, playing a crucial role in
the efficient scheduling and stable operation of smart grids. Traditional load identification methods typically rely on the closed-set assump-
tion. However, in practical applications, the presence of unknown appliances makes it difficult for algorithms based on this assumption to
achieve accurate recognition. To address this issue, an open-set load identification algorithm, OpenAppliance, based on threshold adjust-
ment is proposed. The proposed algorithm integrates deep learning and probabilistic models, calibrating the neural network outputs to en-
hance the detection capability for unknown categories while maintaining recognition accuracy for known categories. First, load data is trans-
formed into an image format suitable for deep learning, and a CNN-based load identification model is constructed. Then, the OpenAppliance
algorithm is applied for post-processing to adjust classification thresholds and optimize recognition results. Finally, the method is validated
on the BLUED load dataset and compared with existing load identification algorithms. Experimental results demonstrate that the OpenAppli-
ance algorithm enhances the generalization ability of load identification and significantly improves the accuracy and robustness of the load
identification system.
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Table 2 Impact of model performance under different

image sizes
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Table 3 Comparison of model performance with different

numbers of convolutional layers
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Table 4 Comparison of load identification algorithm

performance
%:?2 Accumcy Pl‘ecision Recall Fl — score
DenseNet-121" 0.87 0.81 0.84
VCE+FWO"" 0.96 0.89 0.90 0.89
Fast-shapelets'™ 0.70 0.78 0.72
OpenAppliance 0.97 0.88 0.91 0.89
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Table 5 Comparison of open set recognition algorithm

performance
ER7S PGS Ao Fe
BLUED 0.873 0.842
OpenMax COOLL 0.846 0.807
EPSEES 0.851 0.816
BLUED 0.957 0.880
CROSO COOLL 0.923 0.854
A R A4 0.944 0.873
BLUED 0.952 0.874
ARPL COOLL 0.901 0.839
EPSEES 0.939 0.864
BLUED 0.961 0.885
OpenAppliance COOLL 0.912 0.843
F R E A 0.950 0.877
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Table 6 Comparison of unknown class recognition

performance
EE%/A\;—EQ AUROC Fl —score
IH—AbHEE 0.937 0.841
R B 0.961 0.885
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