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Character Recognition of Digital Display Instrument Based on
Deep Learning

ZHU Li-qian
(School of Computer Science and Technology ,China University of Petroleum , Qingdao 266580 ,China)

Abstract;In many industrial scenarios, it is necessary to record the data of the digital display instrument and then input it into the
computer, which is not only time —consuming and laborious, but also two transcriptions may lead to errors. In order to improve the
monitoring efficiency, it is necessary to recognize the data of the digital display instrument automatically. Aiming at the shortcomings of
poor adaptability and low accuracy of traditional character segmentation methods, we propose a method of automatic recognition of digital
display instrument characters based on deep learning, which is composed of character region location network and character recognition
network. The character region location network is improved Faster R—CNN. The backbone network of Faster R—CNN is changed to
ResNeXt-101,and the ROI-pooling is changed to precise ROI-pooling to improve the accuracy of classification and location. Character
recognition network is composed of convolutional neural network and long short—term memory network with attention mechanism, which
improves the accuracy of character recognition. Taking transformer DC resistance tester as a specific application object,the experimental
results show that the proposed method can achieve 95% accuracy.
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