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[ Abstract] If the incomplete text printing on commodity packaging boxes produced by factory production lines cannot be
detected in time, the sales and circulation of the commodities will be affected.This paper presents a deep learning-based box
character recognition and matching method for industrial vision, and also makes a data set of industrial commodity appearance
information for the method.By merging the convolutional layer and the batch normalization layer of YOLOv3, and introducing
GloU as the loss function of the boundary box, a method for adaptive positioning coordinate adjustment is designed, which
improves the speed and accuracy of text'detection and location on the original image.Then the recognition performance of
the trained CRNN and Tesseract engines on cropped text images is compared.The designed character matching method is
used to judge whether the character recognition result is correct, and the result is output, which reduces the misjudgment.The
system based on this method is tested on a production line, and the experimental results show that the system displays an
accuracy of 99.5%.It takes‘about 3 s to take a photo of the appearance, detect and recognize the characters, and output the
result of a single product, which demonstrates that the proposed method enables real-time monitoring.

[ Key words] deep learning; YOLOV3 algorithm ; Convolutional Recurrent Neural Network( CRNN ) ; character recognition ;
appearance information ;real-time monitoring
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Fig.1 Real pictures, cutting diagrams and histogram in production line
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Fig.2 Procedure of character recognition and matching judgment
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Table 1 Performance test results of object detection

[oRUIK=RTS mAP FEMT /ms

YOLOv2 0.791 35

YOLOv3 0.884 50
G-YOLOv3 0.951 39
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Fig.5 Testresults after optimization of bounding box
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Table 3 Statistical table of weight test
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Table 4 Confidences of some batch numbers

T A S AT SR FURRCGE DHACE $TH35/%
KF-23G/G01-D3 0.76 0.89 17.11
KF-26G/Y-DH400(D3) 0.77 0.87 12.99
KFR-35W/BP2N8-A02 0.48 0.90 87.5
KFR-35W/BP3N8-B23 0.51 0.87 70.59
KFR-32G/DY-DH400(D3) 0.78 0.91 16.67
KFR-26G/BP2DN8Y-PH400(B3)  0.78 0.92 17.95
KFR-35G/BP2DN8Y-AG400(B3)  0.57 0.91 59.65
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Table 5 Influence of Blocksize value to recognition result
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Table 6 CRNN test result
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Fig.9 Flow chart of character matching module
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Fig.10 Schematic diagram of production line system
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