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An Improved YOLOVS Algorithm for Steel Surface Defect Detection
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Abstract Scale of steel surface defects is different, but existing detection algorithms have poor multi-scale feature
processing ability and low accuracy. Therefore, an improved YOLOvVS5 algorithm for steel surface defect detection is
proposed. First, receptive field modules are added after the feature output layer of the backbone to enhance the
discrimination and robustness of the features which can better perceive the feature information of different scales. Then,
aligned feature aggregation modules are used to replace the traditional feature fusion structure to solve the feature
misalignment problem in the fusion process of high and low resolution feature maps. Finally, decoupled heads with
efficient channel attention mechanisms are used to output the detection results. The attention mechanism can adaptively
calibrate the channel response, and the decoupled heads enable classification and regression tasks to be performed
independently. The experimental results on NEU-DET dataset show that the mean average precision of the proposed
method is 80.51% , which is 4. 48% higher than that of the benchmark model, and the detection speed is 31. 96 frame/s.
Compared with other mainstream object detection algorithms, the proposed algorithm has higher accuracy while
maintaining certain detection speed, enabling efficient steel surface defect detection.
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Table 1 Experimental results of different models on NEU-DET dataset

Method AP(Cr) /% AP(In) /% AP(Pa) /% AP(Ps) /% AP(Rs) /% AP(Sc) /% mAP /%  FPS /(frame/s)
Faster R-CNN'"/ 35.96 81. 80 88. 34 81.82 59. 31 86.53 72.29 7.56
SSD' 38. 50 80.78 93.94 82.62 67.96 72.13 72.66 43.24
RetinaNet"” 36. 38 81.62 91.56 81.74 60. 81 88.10 73.37 30. 26
YOLOv3'" 34. 26 83. 88 91.52 81.74 60.91 88. 32 73.44 43.67
YOLOv4™ 31.42 84.61 94.72 81. 60 61.36 92. 86 74.43 31.15
YOLOv5-s 39.13 79.21 96. 46 87.12 60. 19 84.19 74. 38 62.75
YOLOV5-m 38.96 84. 50 94. 81 87.59 61.31 89.03 76.03 48.07
YOLOX"™ 34.19 84. 67 97.59 88.72 67.36 90. 41 77. 28 47.25
YOLOv7'™ 38.97 81. 60 93.74 81.61 62.73 83. 80 73.74 44.72
YOLOvS 41.21 84. 66 93.97 88.43 63.17 96. 66 78.01 61.33
MSC-DNet'" 42.40 84.50 94. 30 91.50 71.60 92. 00 79. 38 14. 10
DEA RetinaNet”  60. 93 82. 49 94. 27 95.79 67.16 74.05 79.11 12.20

ES-Net'"! 56. 00 87. 60 88. 30 87.40 60. 40 94. 90 79.10 —

This Research 43. 31 87.24 96. 53 88. 33 72. 80 94. 84 80. 51 31.96

X EeE FHH B A I 53 et e R TORS HE T T
L G R o A5 AL 2 T 2 T - MSC-DNet " Fl ] B R
SCHE R E R T 2 UE AR mAP TR, &

35 79.38% ;DEA RetinaNet™ Hr 3 Al (4 38 18 1 &= S #L
5 A R AE AR et B 5 TR AR Bl A, mAP
IKF 79.11% ; ES-Net' "I 38 1< 0 3 1/ H A5 (AR 2
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FRAE A R TE T AR I BE , mAP A8 79.10% . &
Joi K HC S 56 v ) H A AR T 4R e o I AR AR R 5 gy
7 Y R B T PR T TR IORS B, mAP H & i
80.51% ,FPS & 31. 96 frame/s. ] LLFE H, sk 5 1Y
PR AE Mg L HA
4.3 HELLIE

N T HE— 2R IE BN O A X FE AR A (1 5
Bk T 40 (97 fl S 56 8 i R 9 LR B8 4k v
I E] YOLOVS-m H  FE & A el i 2 M AT 4l &
FEWC LR ST B AN S a5 . K 2Pl LR
A AE YOLOVS (98 T I 45 1 8 10 B 11 )23 0 385
WA REB, Bk 5 9 YOLOVS A8 e 22 |, mAP {8 32 7+
2y 2. 044 43 0, 3% 1 IA 22 ROBE A B A% 38 3 9 K Jk
ZH AR 20 BT SOFE B IS AT RUE 2 AR Y ik
FaA AT 55 . %50 REB J5 FPS R &M 41. 08 frame/s,
AT LA 1, IR AT 1 22 53 36 R 45 1) AR TE DI 2R B Be A7
Bl F 2 TH A Y [ R AE BE 7, (0 78 T BB B % 2% B 1
b T B 2 Mg S5 . A AU AFAM B %
G5 ()RR AE Bl S 45 A, mAP A L Z AT TH 2 1. 024
T 0 s, 1 U I R A RO S R T 22 A HE R A

E605F 24H/2023 F 12 B/ ERBFEHE

A HRRAE R X 55 ), ek S R R A FPS BRI A
43. 27 frame/s, X Ut W AR F 185 B0 L R AERL G A 3R,
23 T Y R R SRR R 5 A AR B T A A
A T T ARG TR R A AN A R Sk B e HE
&, mAP{EARFA 1. 4340 E k. BAN, E LR
MR SIALH K B A AL 0 AR Sk A L
PSP f R Sk AR B 4, A YOLOvS-m g5 i,
mAPETHETF 191N E o o X Se 2 LM Ak
AR by b it e 1 43 284145 5 AT 55 A9 v 28 ECA LA
FHH IR BE PR AR 1 1E — 2D W T MR RE o R I S
T, fiFf P Sk X 35 o A5 AR (14) 52 1) s K O AR R L X RO
A fife A8 1) a1 O AT BT AR A L A R B AR
BRAE R 2 T 8/ B, 0 B B 5 R YT A
AN T T AL XA I TR A B2 T DL O R T X
H5HASBERRWEMRESE0ATN. Btz
A K i e etk S AT LA RIS E] YOLOVS-m 1, )k
3R AT LA WA A sk SOn L AL A e
) A AT R M BB B T B A, K U BH T 4 A O 4k
7 % o v AR AR ) B R e R B R S B AT 22 ]

I 24T W) G A A

2 OHMTLE 1455
Table 2 Results of ablation study 1

Method mAP /% Improvement / H 43 5. FPS /(frame/s)
YOLOv5-m 76.03 — 48.07
YOLOv5-m + RFB 78.07 2.04 41.08
YOLOvV5-m+AFAM 77.05 1.02 43.27
YOLOv5-m—+decoupled head without ECA 77.46 1.43 39.81
YOLOv5-m—+decoupled head with ECA 77.94 1.91 39.35

*3 IR 2 450
Table 3 Results of ablation study 2

RFB AFAM Decoupled head with ECA mAP /% Improvement /H 43 & FPS /(frame/s)
— — — 76.03 — 48.07
NG NG — 78.81 2.78 35.72
N/ — NG 79.62 3. 59 33.19
— NG NG 78.73 2.70 36. 28
NG N NG 80. 51 4.48 31.96
4.4 EFFiE5HH PEATREIN 5 55 — 5 1T, W AT DA — 2B AR 25 B,

M S0 A5 2R DL e P 7 R A I 4 2R R R LR
H AT R B 25 20 1 5k o R AT e o ARG I ) A T
AN R AEATY SR A7 A — L8 TR R . S B0 S il 4 A7 A
0 W R 0 LR T S E AR (8] AR X LR S B 5
H T A AR TR A TR I S Bk i I R R B A . FLACEE A
B2 S R I P9 RS K TR AR 58 T JH Al 218 2R ke B ) A A A0
G5t PR S 0 28 R s 1) 7 5 A O 0 B, e LA S 1 5
VI TR, R ) B o 320 B 2 5 O A e B A T Sy P
AHALR A B o X T RSO . — D T, AT LS A
TE Y AR Tk B SR i W P R v X EE L AR

TS 3R AT S BB B AR R . D3 b B B B R
AR BGAE B A 1 TR L, AT LRI A B e 19 4 7 A B 22
ST REAS DT S5 B okt B I e 0 A AS T

5 4 7

PE T — Bl I 1) AR R TR SR R Y g
YOLOvVS 5k o 18 R 78 5 1 W 4% 19 B i R 1E 2 e
14 LA Inception £5 #4 45 & 25 T & B 0 RFB, A ] T hif
o G I R G [ 22 1) RO R — ) ] B AF AM B 0 J A
R AE A X 285 e fRT B A R A B S A B L AR 0 T A
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Fig. 7 Detection results of the proposed model on NEU-DET dataset. (a) Crazing; (b) inclusion; (¢) patches; (d) pitted surface;

(e) rolled-in scale; (f) scratches

08 5 ) A P T A ) £ B s A EC A BIL I A4 figg
K 0 O BB A S, 7R 58 SR R AR AR 45 B Y
] Fsf 10 A DG T 6 A A5 G Sk RS i 8 194 45 4 T 2% ik oy
25 RNEAT: 55 2 8] ik =5[] 19 22 S PR ). /2 NEU-
DET %4 4 b 9 s 50 45 R R W1, 5 H b 3= 0 500k A
FU, 4 ekt e AR R ARG S R 5 i 2 R B R, AT
VAT G M IS ] 490 3 1Tk o ARG 04 55

2 % X #
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