H36E 95 HL T 5 AR 2 4R Vol.36  No.5
- 120 - JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2022 4£ 5 H

DOLI: 10. 13382/j. jemi. B2104171

N

M YOLOv4 WA 2L 2 H ek pa i & % -

RE S
(L TREER TN SIRET R BB 201620)

EAXHMESE B AR SR N 22423 2% T A SR IR RN A TRl R 48 R G Y YOLOv4 S8 i HoE AT e i,
Seffi F K-means++RASF N HARFEA AT S IAESEL AL, 32 0 SE S0 HE 55 AR R B DE L B 5 LR 7 = T 45 ik A SENet 1 &
SipLi e SRAL MG S (E E H ER TS Sl B B AN B PO B 0 B A 5 AR5 7 0 45 200 448 i SPP BB | 3483 = W)
2550 AT MR Z 38, 4 B Y T SR 8. 5 e SR TSR 1) N 2482 ) 4% s T R A M 42 0 5 X GRS ) YOLOw4 14T
YNGR, o BIMNARE AR . SCE0 45 R, YOLOvS K I P 22432 3 25 B3 T SR 1) M RB Ay (A 38 /s B A IS 5 el il J Ao A
TS /I A BB ARG I e BRAT S | S (E 9K B (mAP) 3K 5 T 87. 47% , M1 EL TR A YOLOv4 $EFH T 10. 2% , 2446 0 1k 6] >
0. 132 s, JTBLT X N 2242 3 2 b S o 1 DR A B G U

XK. HARKI ; YOLOv4 ; SENet ; SPP ; K-means++

FES3ES . TP391.4;TH16 XRRFRIRAG . A E RiR&EFER 4 EHKED: 520. 20

Improved YOLOv4’ s algorithm for detecting defects on
the sealing surface of inner wire joints

Shan Mingtao Gao Weiwei

(College of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract: Aiming at the problem of low recognition rate of traditional target detection algorithm for inner wire joint sealing surface
defects, an improved YOLOv4 algorithm was proposed to detect the defects. Firstly, k-means++ clustering algorithm is used to optimize
the parameters of the anchor frame of the target sample, and improve the matching degree between the anchor frame and the feature map;
Secondly, the SENet attention mechanism module is introduced into the backbone network to strengthen the key information of the image,
suppress the background information of the image, and improve the confidence of the defect that is not easy to identify; after that, the
SPP module is added to the neck of the network to enhance the acceptance domain of the backbone network output features and separate
the important context information; Finally, using the collected data set of inner wire joint sealing surface defects to train the original
YOLOv4 and the improved YOLOv4, and the performance of models were tested respectively on test set. The experimental results show
that the performance of YOLOvV4 is good, but some small targets are missed ; The improved model has excellent detection performance for
small target defects, the mean average accuracy (mAP) reaches 87.47% , which is 10.2% higher than the original YOLOv4, and the
average detection time is 0. 132 s, which realize the rapid and accurate detection of inner wire joint sealing surface defects.
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Fig. 8 Detection effect of sealing surface defects
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