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Fig.2 Framework of the YOLO-based
nameplate detection model
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Fig.4 Anchor parameters based on K-means clustering
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Fig.8 Curves of training loss for nameplate detection model
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Text recognition of power equipment nameplates based on deep learning
WANG Yifan, WANG Jiayu, ZHONG Linlin, GAO Bingtuan
(School of Electrical Engineering, Southeast University , Nanjing 210096, China )

Abstract ; There is abundant information in power equipment nameplates. Extracting information from nameplates through image

and text recognition technology enables the high effective and quick works on statics and account check of power equipment,

which is also beneficial to improve the equipment management level of power system. Considering the great difference of text

recognition between power equipment nameplates and ordinary images, an algorithm of automatic recognition of power equipment
2 p quipi p Ty ges, g 2 p quip!

nameplates based on deep learning is proposed in this paper. This algorithm consists of three parts,namely nameplate detection

text detection and text recognition. By improving the design of loss functions, adding the correction of text recognition, and

synthesizing text images,the mean average precision of the nameplate detection model on the test set reaches 92.2% ,the F, of

the text detection model on the test set reaches 91.2% ,and the character recognition accuracy rate of the text recognition model

reaches 94.0% ,the text line recognition accuracy rate of the text recognition model reaches 82.3%.

Keywords : power equipment nameplate ; computer vision ;deep learning;object detection;text detection;text recognition
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