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Abstract In response to the current power plant switch detection methods that are unable to cope with real-
world open-set environments and the low accuracy in recognizing rare categories, the target recognition
problem is transformed into a similarity measurement issue, and a new algorithm is proposed. The new algorithm
is based on the triplet network of deep metric learning, using a ResNet-18 with an added SE Block to extract

features, and enhances learning effects by cross-batch mining. To evaluate the performance of the algorithm,

WS EEA: 2024-02-05 1&EHHR: 2024-03-28
EEWE : YIRS A R 2T 7t #5005 H JCYI20200109114835623) 5 AT RHR BIHI 2 51 S HOR IS E A5 H (1SGG20220831105002004)
EE®N: BRAE, WLE, B AT RN MRt GRIER) , BIRFTCO, 907 MRS, E-mail: shifeng.chen@siat.ac.cno



5 3 RAE, 45 FETIRELRE RS 2] BRI (T RACGR IR 5% 31

a dataset with 3 300 switch images was created. The algorithm was tested on the self-built dataset for closed-

set testing, open-set testing, and few-shot testing. The experimental results show that the algorithm demonstrates

excellent discrimination ability in the closed-set state. It can not only accurately identify the categories in the

training set but also effectively distinguish states that were not encountered during training and those with lower

occurrence frequencies. This capability indicates that the algorithm is not only suitable for real-world open-set

environments but also significantly improves the recognition accuracy for small-sample data.
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