wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BiY OLOVS sHOR B AN R I SIS iR
%18, DR, §E+

5IAEX

#iE, B3R BIET. SEYOLOVSSHYR BN RERBIEUER]. THEHRE 2023, 50(11A):
230900113-7.

JIANG Bo, WAN Yi, XIE Xianzhong. Improved YOLOv5s Lightweight Steel Surface Defect Detection
Model [J]. Computer Science, 2023, 50(11A): 230900113-7.

BUXEEE (BERXINE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
EFHUAYOLOVARB, BUERPEI U ELE

Magnetic Tile Defect Detection Algorithm Based on Improved YOLOv4

HEHEE, 2023, 50(11A): 230100100-7. https://doi.org/10.11896/jsjkx.230100100

E TR AR A R R Ie R R
Study on Ultrasonic Phased Array Defect Detection Based on Machine Vision

HENRIE, 2023, 50(11A): 230200150-6. https://doi.org/10.11896/jsjkx.230200150

—fEA T AR EREEGNEIEERE S
Hue Augmentation Method for Industrial Product Surface Defect Images

HEHNRIE, 2023, 50(11A): 230200089-6. https://doi.org/10.11896/jsjkx.230200089

ETFH#HA9YOLOVS sHI E LAl %
Railway Track Detection Method Based on Improved YOLOv5s

HEHNRIE, 2023, 50(11A): 230200101-6. https://doi.org/10.11896/jsjkx.230200101

BEF 2 REMHIYOLOVSBRER S R RN SE
Electrolyzer Equipment and Sample Detection Method Based on Multi-scale Improved YOLOV5

HENRIE, 2023, 50(11A): 230200163-6. https://doi.org/10.11896/jsjkx.230200163


https://www.jsjkx.com/CN/10.11896/jsjkx.230900113
https://www.jsjkx.com/EN/10.11896/jsjkx.230900113
https://www.jsjkx.com/CN/10.11896/jsjkx.230100100
https://doi.org/10.11896/jsjkx.230100100
https://www.jsjkx.com/CN/10.11896/jsjkx.230200150
https://doi.org/10.11896/jsjkx.230200150
https://www.jsjkx.com/CN/10.11896/jsjkx.230200089
https://doi.org/10.11896/jsjkx.230200089
https://www.jsjkx.com/CN/10.11896/jsjkx.230200101
https://doi.org/10.11896/jsjkx.230200101
https://www.jsjkx.com/CN/10.11896/jsjkx.230200163
https://doi.org/10.11896/jsjkx.230200163

http: /www. jsjkx. com

DOI:10. 11896/jsjkx. 230900113

Sy THHF

KUt YOLOvbs By %2 5 4 0 47 3% T R e 46 M 4 Bl

wOEOO#m #® B
1 ERMRAFHAFELEEE LR FER &K 400065
2 ERE B AFHRTER IR 400065

H OE HSAAAMAGERAENBERENE L AHT S ANHEREHBRRZS AR ET % YOLOvSs &
BERM R @G MR, 4 %KM MobileNetv3-Small M % % # YOLOv5s £ T4 M %, 5 IR 2 31, & F 40
i R R AR AE BR A B R R An AR A 6] 45 AE 4 F 3 W % (Bidirectional Feature Pyramid Network, BIFPN) Jn 5% 4% 4 32 B, i@ it
BRATRE R E 45 4E 3R FH A m 64 A R Ao &k . B B 5] A CBAM(Convolutional Block Attention Module) i & 7/ #u 4| ¥ 7%
AN RE B ML N s RGN K-means+ +HERELBE RS ABER LG EHREI MM E, KL EHER
4 NEU-DET # %% % & 64 F 3945 % 394 (mAP@0. 5) % ) 77. 2%, £ NVIDIA 1080Ti k4l i & i& 3] 102FPS, A% T R 4
YOLOv5s 8% ,mAP 327+ 3. 90 %, 58 M, ¥ 58. 6 % AR AR A 34 %, 4l ik R A 29. 7% . 84 R R WA KEH YOLOVSs
R EARIER SR AL A AR I A AT A, S THRE, B FRERES PO E L,

KGR H B4 M ; YOLOvVSs; 3 & 44 ; MobileNetv3-Small; BiFPN; CBAM ; K-means+ -+
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Improved YOLOv5s Lightweight Steel Surface Defect Detection Model
JIANG Bo' , WAN Yi' and XIE Xianzhong®

1 School of Communication and Information Engineering, Chongqing University of Posts and Telecommunications,Chongqing 400065 ,China

2 Graduate School,Chongqing University of Posts and Telecommunications, Chongging 400065, China

Abstract Aiming at the problems of complex structure,large number of parameters, poor detection accuracy and real-time per-
formance of existing steel surface defect detection models, this paper proposes an improved YOLOv5s lightweight steel surface
defect detection model. Firstly, the MobileNetv3-Small is used to replace the YOLOv5s backbone extraction network, achieving
model lightweight and improving detection speed. Secondly,in the feature fusion stage,a weighted bidirectional feature pyramid
network (BiFPN) is used to enhance feature extraction. By fusing features of different scales.the accuracy and robustness of de-
tection are improved. Simultaneously, the convolutional block attention module(CBAM) attention mechanism is introduced to en-
hance the models ability to detect small scale targets. Finally,the K-means—+ + algorithm is proposed to cluster prior boxes,im-
prove the accuracy and convergence speed of prior box clustering. The average accuracy of the improved YOLOv5s on the NEU-
DET dataset (mAP@0. 5) reaches 77. 2% , with a detection speed of 102 FPS on NVIDIA 1080Ti. Compared to the original
YOLOvV5s,the mAP is increased by 3. 90% ,the parameter quantity is decreased by 58. 6 % »the volume is decreased by 34 % ,and
the detection speed is increased by 29. 7%. Experimental results demonstrate that the improved lightweight YOLOv5s effectively
improves both the accuracy and speed of steel surface defect detection. Moreover,it is easy to deploy and meet the requirements of
actual production in the steel strip industry.

Keywords Defect detection, YOLOv5s,lightweight, MobileNetv3-Small, BiFPN,CBAM, K-means+ -+
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Fig. 1 Structure diagram of YOLOv5s
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P S B AE R F S HE R+ Accuracy/ %
80X 80 [10,13,16.,30.33.23]
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20X 20 [116,90,156,198,373,326]
80X 80 [12,25,28,47.46.42]
K-means+ + 40 X 40 [23,82,48,55,89,110] 77.8
20X 20 [97,118,221,166,354,246]
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Table 4 Performance comparison before and after improvement

A LHE A /MB it 4 #/GFLOPs  FPS
YOLOvV5s 7035811 22.4 16.0 78.6
%y YOLOvSs 2906889 14.8 3.7 102.0

4.5.2 ALY LRI

WCHERT G A R R CR a0 18] 12 TR, Total loss 2K
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Fig. 12 Comparison of model training
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Table 5 Comparison of model lightweight
A LB E it 4 # /GFLOPs FPS  mAP®@0.5

YOLOv5s 7035811 16.0 78.6 0.733
YOLOVSS 4y oa433 2.6 111.0 0.693
MobileNetv3 : : :
YOLOv5s-

Shuiflene 3802317 7.9 88.2 0.699
YOLOWSs ) 427908 5.2 101.0 0.681
GhostNet o o : :

4.5.4  REAEEA A

N T ik — A U AR SCARE IR A I L 7 A TR S 4R 2 o
MSEESIREE T F 5 A AR B R AT X LS8, SE R 4 R AN R
6 5, EAEX LT YOLOvV3, YOLOv4,YOLOvSs, Mask R-
CNN,SCHR[13]0A B Scik[ 14 M. Bt i) YOLOvSs
MR mAP@O. 5 4B A T 10.8%.6.8%,1.5%.,3.9%,
0.4% 2. 4% ; K 38 B 43 5 $& F+ T 45. 6 FPS, 34. 2 FPS,
56 FPS,23. 4 FPS,58. 7 FPS. 33. 5 FPS; 2 $ & 43 51 )ik /> 51. 8 X
10%,43.2X10%,92. 9X10°,7. 6X10°,13. 4X10°,28. 9 X 10°,
[Rl B A 3t %F e T F OB A YOLOv7, YOLOv7-tiny BL &
YOLOvSs #75 , Hirh YOLOv7 #7160 4% B Bt 75, 35 5
77.5% . A YOLOv7 B8, B iF i) YOLOvSs #5251 i A U]
K R WRAIG , (EL ARG T3 B3 B 21, 8 FPS, AR FHUg /b 23. 2 X 10°, #H
He YOLOvSs A28 , Bk (1 A5 ARG B 42 3. 596, 42 Tt 8
FPS. /R /0 9. 8X10°, YOLOv7-tiny £ % {1 i FL IR /0N, 4
0 33 R O B B R Y 124 FPS, (H S IS BE 40K . X 4B 2 0t
I RS I i) R, 7 R 5 v G T AR B AT R T L ST B R
P RIUR YNGR =l (o811 87 4 O N i <N N s o o
YOLOv5s A5 A 7 4 ) 398 2 FORS S8 =22 (8] A 1 P, J2 7T 1Y
HRITE.
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Table 6 Comparison results of different models

A mAP@0.5  FPS R/ MB
YOLOv3 0. 664 56.4 62.90
YOLOv4 0. 704 67.8 54. 30
Mask R-CNN 0. 757 46.0 104. 00
YOLOv5s 0.733 78.6 22.40
Xk [13] 0.768 43.3 28.20
Xik[14] 0.748 68.5 43.70
YOLOv7 0.775 80.2 38.00
YOLOv7-tiny 0.738 124.0 7.22
YOLOvS8s 0. 746 94.0 24. 60
% # t YOLOvSs 0.772 102.0 14. 80

4.5.5 HERER
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Table 7 Ablation experiment

o o o @

mAP@0. 5 FPS

0.733 78.6

NG 0.693 111.0
NG 0.754 72.7

NG 0.771 40.5

NG 0. 740 84.0

N N N N 0.772 102
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Fig. 13 Partial test results
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