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Defect detection of stamping parts based on YOLOv4 algorithm
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Abstract: For the problems of high manual detection intensity and low efficiency in defect detection of stamping parts at present, a fast
detection algorithm ( YOLOv4-Mobile) based on the improved YOLOv4 ( You Only Look Once) model was proposed, which used the im-
proved MobileNetV3 network to replace the CSPDarknet53 network in YOLOv4 structure, and the improved MobileNetV3 network com-
bined a depthwise separable convolution, an inverted residual structure with a linear bottleneck and SE ( Squeeze and Excitation) struc-
ture. Then, the image of stamping parts collected in the workshop was used to establish the defect data set and enhance the data set, and
a set of prior frame parameters corresponding to the defect data set of stamping parts was obtained by K-means clustering algorithm to im-
prove the matching degree of prior frame and feature layer. The test results show that based on the improved YOLOv4 model, the mAP
(mean Average Precision) of the fast detection algorithm reaches 89% , which is higher than that of SSD algorithm. Meanwhile, the de-
tection speed reaches 0. 15 s per sheet, which is better than the original YOLOv4 algorithm.

Key words: stamping parts; defect detection; YOLOv4; K-means; MobileNetV3
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Fig. 1 CSPDarknet53 network structure diagram
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Fig. 2 Inverted residual structure with linear bottleneck
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Table 1 MobileNetV3 network structure

ST W R ;

SE el

FHLZ  #ff

exp size  out

0 conv2d, 3x3 — 16 — HS 2
1 bneck, 3x3 16 16 Vv RE 1
2 bneck, 3x3 72 24 — RE 2
3 bneck, 3x3 88 24 — RE 1
4 bneck, 5x5 9 40 vV HS 2
5 bneck, 5x5 240 40 Vv HS 1
6 bneck, 5x5 240 40 Vv HS 1
7 bneck, 3x3 120 48 Vv HS 1
8 bneck, 5x5 144 48 vV HS 1
9 bneck, 5x5 288 96 Vv HS 2
10 bneck, 5x5 576 96 Vv HS 1
11 bneck, 5x5 576 96 Vv HS 1
12 com2d, 1x1 96 1024 — HS 1
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Fig. 4 Curve diagram of loss function
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Table 2 Detection precisions of various defects for different algorithms ( %)

Pk e fidh JE JEH Bl fLAE mAP

SSD 70. 00 67.51 64.43 45.43 39.52 100. 00 64.48
YOLOv4 100. 00 99.78 100. 00 84.78 63.27 99.93 91.30
YOLOv4-Mobile 100. 00 98.08 96. 20 77.24 61.81 100. 00 88. 89

G0 [FB, SSD FyE XS/ H bR A I 1 fig ik A fr
Rk, UG, K SSD B5vE R F T b A Sk B R
HAERE TR R EOR .
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R HEH RIS 58 v 1 L2 Bl s %) R A 4 oy B
8, FUNZRmgcdn 7o 2, LR RG I A%E AL 25 RE 45 2 4
BURRAE, R ARG RS B B s % T oAt LS B B
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/NJg 416416 WG BL R, HARE /N H FR A 2 g
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T ORT RE BRI N 2 — o

mAP=88.89%

kS 1.00
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vyl 0.98
RIR 0.96
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L
&5 YOLOv4-mobile B3 mAP [
Fig. 5 mAP diagram of YOLOv4-mobile algorithm
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Table 3 Comparison of network weight file and

detection speed

GRS RCESCHE/MB - BRI /s FPS/(f - s7™")
SSD 98.3 1.99 28
YOLOv4. 0 257.0 0.18 30
YOLOv4-Mobile 23.7 0.15 34
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Fig. 6 Frame test results of the same drawing by three algorighms

(a) Original drawing  (b) SSD  (¢) YOLOv4  (d) YOLOv4-Mobile

R RV,
T

Rl

()

P73 ARy Rl — & BRI 45 2R
(b) 52 (c) SSDRMIAER 1T (d) SSDAGMISER 2 (e) YOLOvA KRIMER 1 (f) YOLOv4 K& 2R 2
(g) YOLOv4-Mobile ¥illZ55: 1 (h) YOLOv4-Mobile #5145 5 2
Fig. 7 Test results of the same drawing by three algorithms

(b) Original drawing 2~ (c) SSD detection result 1 ~ (d) SSD detection result 2
(h) YOLOv4-Mobile detection result 2

(a) JHH 1

(a) Original drawing 1 (e) YOLOv4 detection result 1

(f) YOLOv4 detection result 2 (g) YOLOv4-Mobile detection result 1
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