HL T 5 AR 2 4R Vol.37 No. 11
JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION - 161 -

Ry E I R
2023 4E 11 H

DOLI: 10. 13382/j. jemi. B2306487

REF I MERARMQNE EH

TR kEM FTFH O A
(IR ZFEE 066004)

B ARG RS BRI S AR T H I SRR BELEE , R AN AR A AT 45 2R L 58 A (R AL, St T — i TR
2] (4 ) EE AR TR B RS DU 05 %0 T P REARSR T A9 B BLAAC B0, 76 YOLOVS A b IR RS ) ik | 3/ F ARG 22 1)
(7 P07 B Ty AL A AR i S o RGO P A 32, S 1 R TR A R B A DN B0 2 o 7 ) B e U AR A7 K
FAENGR, FEX T BRI T, SR 2P YA RS BE Ik 2 1 95. 4%, A SCHTEIERY) YOLOVS (e 6 0 A5 A4 A S 55 14 e
R VUM REPRAEO0 AL, AT RIS R i/ Pl 8 JEAGL U8/ N 3 ) 13 ) A 15 e T AR

KEBIA ;P B BBE RN YOLOVS 5 E AR ; 1 2 b

hE 4 2S. TP391. 4;TN98 TERARIRAD; A E KirEFR 2K, 520. 2060

Deep learning ceramic surface defect detection algorithm research

Ding Weili Sun Pu

(Yanshan University, Qinhuangdao 066004, China)

Zhang Zhipeng Lei Ziqi

Abstract: Traditional ceramic defect detection mainly relies on manual visual inspection or magnifying glass observation. In order to
solve the problems of low detection efficiency and strong subjectivity of results, this paper proposes a ceramic surface defect detection
algorithm based on deep learning. According to the specific situation of the defects on the surface of the ceramic cup, a small target
detection layer is added on the basis of the YOLOvS target detection model, at the same time, the position attention mechanism is used
for feature reconstruction to improve the detection accuracy, and high-precision defect detection is achieved. According to the actual
production of ceramic double-layer cup data acquisition training, and reasoning for each batch of data, the final average detection
accuracy reached 95.4%. The improved YOLOvS defect detection model in this paper has the advantages of higher accuracy and faster
recognition speed, which can greatly reduce the loss of human and material resources and time cost in ceramic quality inspection.

Keywords : ceramic defect detection; YOLOvS; object detection; attention mechanism
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Table 7 Experimental results of ablation using

different improved network models
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