GRS O i
ELECTRONIC MEASUREMENT TECHNOLOGY

20224 2 A

DOTI.: 10. 19651/j. enki. emt. 2108370

EF YOLOvS Bt &% rY EN 12 B =5 S 44

mEH Bt
(BEIBRFCFHELER H% 710699)

1 O S N 1 SRR A I Rl AL R T — R T YOLOVS g b 83 sk A5 T0 SR A6 900 O A R R A E A5 . IR 2
B B4 3 YOLOVS AR 45 25 AT T B B0, B 28 X YOLOvS R4 -8 T4 AT Rk s it BIA T EE A
AR S, 3oy A R A A S T R RN S IR R A B BR BURRAE o LUK 4 0 EAEIE A5 B A 280 /0 B 15 100 Ko IRR 45 o A 0 2 485
AT T B, SR H BR, M YOLO Bk B Rl AT 4. 4% M EERAT 7.6 [ps, K8 T
43. 1 [ps ¥ & ST R B R,

R MBS A YOLOVS i & A ALH
FESFES: TP38 XHKFRIRAS: A ERFAEZER LM 520.2040

Printing pattern defect detection based on improved YOLOVS algorithm

Yan Xuekun Chu Jian'an

(School ol Electronics and Information. Xi'an Polytechnic University,Xi'an 710699, China)

Abstract: Aiming at the problem of defect detection of circular screen printing pattern, an improved algorithm model
based on YOLOv5 is used to detect the defect of printing pattern. The network structure of YOLOv5 model is changed
according to the actual situation. Firstly, the backbone of YOLOv5 network is optimized and improved, and the
attention mechanism module is introduced to extract the features of channel attention and spatial attention of input
pictures respectively. Secondly, aiming at the small target of printing defects, the detection layer structure of the
network is modified. The experimental results show that the accuracy of the improved YOLOv5 detection algorithm is
improved by 14. 4%, and the detection speed is also improved, reaching 43.1 fps, which meets the requirements of
real-time detection.
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