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8 E At B AT AL AR A B T A I AR A R AR R MV B R T — AR TRk
YOLOv8s 49 B ARAS M F- ik . & 46,42 h T — AP K TA4F 42 B = R BF425F @k N GAM 89 SPPD A£3k |
RATHRA S REZERAOMRY . LK, IZE T —Faxd T LB AR5 242 FUEL 3 DCN-
block, VA3E KA 64 B % 57 BRI TR MG 82 T4 15 8 . 5 , WA 1Rk & M & P 09 C2A A B B3k
BoT (bottleneck transformer) 2& #7 , ¥ Transformer P 45 % 3k B i & A H 5 gk s 32 - R
AL R N FI AR R, KR B 69 5 £ NEU-DET 0345 & Lo T390 4
#48 (mAP) X 2] T 80.5%, %7 A #9 YOLOV8 Lok 429t 7 5ANE 40 &, R B Al ik JE 35 2] 7 83
Wi/s, iR % BRI 6 E R
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Surface Defect Detection Method for Hot—rolled Strip Steel Based on
Improved YOLOvS8

XIAO Ke'", YANG Xinyu', HAN Yanfeng', SONG Bin®
[ 1. College of Mechanical and Vehicle Engineering, Chongging University, Chongqing 400030, China;
2. ROKAE(Shandong) Robot Group Co. , Ltd. , Jining 275312, China |

Abstract: A object detection algorithm based on improved YOLOv8s is proposed to address the issues of low
accuracy and low efficiency in surface defect detection of hot-rolled strip steel. Firstly, an SPPD module based on
feature map secondary stitching and incorporating GAM is proposed, which enhances the model’s multi-scale
information fusion ability. Secondly, a feature extraction module DCN-block that integrates deformable convolution
is proposed to increase the receptive field of the model and extract complete defect information. Finally, the C2f
module in the feature fusion network is replaced with a BoT (bottleneck transformer) structure, and the multi-head
self—attention mechanism in the Transformer is fused with convolution to enhance the model’s global position
information perception ability. The experimental results show that the proposed algorithm achieves mean average
precision (mAP) of 80.5% on the NEU-DET dataset, which is five percentage points higher than the original

YOLOv8 algorithm. At the same time, the detection speed reaches 83 frames per second, meeting the requirements
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Fig.1 Improved YOLOv8s network structure
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Fig.2 SPPF module
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Fig.3 SPPD module
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Fig.11 Examples of six types of strip steel defects in NEU-DET
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BT, D9 2 1) mAP 45 T R 2] 76.33% , A5 I 328
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&1 YOLOV8 HEBpILIHLER
Tab.1 Experimental results of YOLOvS8 models

AP/% FPS/
R mAP/%
Cr In Pa PS RS Sc (™)
YOLOv8n 40 82 92 76 63 95 74.67 116
YOLOv8s 45 81 91 78 64 94 7550 106
YOLOvSm 47 83 92 80 64 94 76.67 85
YOLOvSl 50 84 94 73 67 97 7750 70
YOLOvS8x 47 83 90 76 66 96 7633 61

S UE B AR SCHE H Y SPPD BB | DCN-block bk
B BoT A5 B X6 A5 78 P B 12 T 17 20 |, 3l o 7
Al S 6 Ok T OR J SUA TR AR AR O L 0 )5 22T
Ak 45 T A s o R LA 0 B T A B R L AR S DU
YOLOv8s Ay HEER I, g 45 R in gk 2 R

K2 HRMXBER

Tab.2 Results of ablation experiment

AP/%

HHA mAP/% FPS/(i-s™")
Cr In Pa PS RS Se
YOLOv8s 45 81 91 78 64 94 75.50 106
YOLOv8s+SPPD 45 82 93 80 64 96 76.67 102
YOLOv8s+SPPD+DCN-block 53 84 93 81 68 93 78.67 88
YOLOv85+SPPD+DCN-block+BoT 58 87 91 81 72 94 80.50 83

FR4E 2 2 nT 40, JELUA A9 YOLOvSs £ L Y mAP Ay
75.50%, ¥4 SPPF £5 £ 5 46 ohy SPPD #5271 i)
mAPHEFE T 1174 E 70 5, iR T 58 THRRE B ik
PHETF A GAM J5 AT LA 0 28 TH OGS A 15 2, A
TP ARG B2, HAR A T B EA AL A6 e B i
BT AT R — 2B I A A AT AR T B B DCN
B G mAPIRTHRZ , BT T 240 E 405 E T
DCN-block 155k AT LT 440 G AL 21X 2% T 6 T
R G 3 0 AR T AN I R P SRR 2 R
G AERR B 330 5] A BoT A5, mAP 42T} 1 1.83
ANE 5 UEB T BoT AHui 3 25 & 4 Ry AR BB 1) 44
U ERBA (S B BT T BRI B A A IR AR
W F R 7T M S B YOLOv8 R AU () mA P 45 3t 4%
B GEHETE T 5 AN 43, R R TR # T 83 it/
s , T JEL SIS ARG 114 225K

BEAE , R 45 B AR TR NG AN ) A /DB A G
AR A A N b R E AR R A5 A, dn e 3

IR BT 4R H A9 SPPD . DCN-block , BoT 4%
B AN RIS B A 47 ke RS B 2504 $27F, IXik
A 0 45 RO F AT ) A R0t L b i BoT X/
B PS5 G DK i 5 TS5 g W i, S S A 4 T
T L2 4350 SRR E AR T 2 RIS £k
RO AN E S AR ) ARG 3R B i K
AR AS SC R AR H B SPPD RSB HL Bl Y GAM
o A ARG FE R T (0 P ek, LARCE S (RIS A SPPD

#3 ARAMHEFEHNMAP@0.5:0.95 4 R
Tab.3 Results of mAP@0.5:0.95 for different methods

mAP/%

] - - —
. ANHER  RHEE KBE FH
YOLOvS8s 32.30 36.90 53.60 41.7
YOLOv8s+SPPD 33.90 37.30 53.60 42.6
YOLOv8s+SPPD+
37.80 38.80 54.30 42.8
DCN-block
YOLOv8s+SPPD+
43.50 39.10 53.50 44.1

DCN-block+BoT
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HLE AR mAP 35 BT AS[R) R B 1) R R, DALk
4 GAM Filt A SPPD B H BT 38 T 2ot f AR

®4 SIANFREIEEAVLEIE SPPD BRI LL iK1

Tab.4 Comparison experiment of introducing different attention mechanisms into SPPD modules

AP%

LAY mAP/%  FPS/(i-s")
Cr In Pa PS RS Sc
YOLOv8s+DCN-block+BoT+SPPD(SE) 56 85 90 82 68 94 79.17 86
YOLOv8s+DCN-block+BoT+SPPD(CBAM) 49 84 89 78 74 93 77.83 84
YOLOv8s+DCN-block+BoT+SPPD(CA) 54 85 91 77 70 92 78.17 80
YOLOv8s+DCN-block+BoT+SPPD(GAM) 58 87 91 81 72 94 80.50 83
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Fig.12 Heat map comparison results after adding SPPD
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Tab.5 Comparison of experimental results
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Fig.13 Comparison chart of precision—speed for different models
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Tab.6 Results of [oU@0.5 before and after improvement
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AR R 2 00 AR B 434, SOHERT ) YOLOV8s
SFRAEBEY (Pa) LR R A (RS) PREBBE Hh 1
FEAE A B AR 0, T A i ) B3 D i A ke o T
R 1 R . DG 28 A R 00 A BE 43 A, etk S Y
YOLOv8s Bk 5 sl b if ifii 5, XoF 4% i B 1) 43 2R LA
JFEHRAT HE . B RE 7 A vERR M AT, B 3% 6 T 0
ek I 19 YOLOv8s 55032 3 Utk Aif , #5 2 6k fa 1Y) ToU
B TE, 2B TR e 5 1 60 RS R L
K14 AR I 25 A AT UA ) B0 S 9 YOLOvV8s 5
N TFZL(Cr) Je 2% (In)  BEHR (Pa) FTRIIE (Se)2E
R 110 {7 U A B T LS AR TR AE T
2.6 TREAHIEES B

YOLOv8A/E R Lot Z2 AT 55 45 AE SR , v %) G it
TR 538 o SRR T . 7R SE B EL A 1
BB A I I, A FH YOLOv8s—seg 35 1 52 B X NEU-
DET $AKELH7 99 K B 45 10 Bl e 20 BT 55 .YOLOv8s-seg
J& YOLOvS [ 52451 43 FIBIRY , 451521156 F YOLACT
S, FE AR SR 4y SR H AR R A SOOF AT 4
J . A T 53 S A 44 R ) 24 235 g A i S 451 )
JRALHERS  H ARSI 43 52 ] SEE H bR 47 & 250
IV 5 22 H00 ) To0I0 S o PR s R B KA i 8
2 IFAT 3 3OS B Y S R R RN D R BT
RN A1 B IR AN 5 B 25

ALK 2E A NEU-DET $ELH 4K Bl 5 K038 4 Bl
Z A ERRE, B I EIIF R (Cr) | 5l (PS) A4 AL 2k 2
FEA (RS) 20l 3 X LA ST ER R o3 AR T , 15 Bh TR
Frid: T H LabelMe Xt 32 2% (In) | BE R (Pa) AR (Se)
SRBBE I TARTE , IS5 900 5K K A H B 8 2 () L
BIREHLRI A3, FHerP Il Z54E 720 5K, ERAE 180 5K .

AL LA EUE S5 (- Y0RE BE (AP) CE346G B2
{E (mAP) FIF-2 32 FF He (mToU) 1 b 52491 43 E A Y
TEM AR bR, JE TR SO IR AT U 45, 159 2 1 52 56
SRR TR AR A RN 15 o

RT DEER

Tab.7 Results of segmentation
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AP/%
il ; . . mAP/% mloU
n a C

YOLOv8s 63.60 74.70 76.20 71.50 0.58
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Fig.15 Segmentation results of defects
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