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YOLO-SBS: An Improved YOLOVS8s Algorithm for Steel Surface Defect Detection

SHA Xiaoqi, HUANG Jian, CHEN Tingwei
(Faculty of Information , Liaoning University , Shenyang 110036, China)

Abstract: Aiming at the problems of large parameter quantity, insufficient feature fusion ability, and poor accuracy of small target defect de-
tection in steel surface defect detection tasks, an improved YOLO-SBS algorithm for steel surface defect detection based on YOLOvS8s is pro-
posed. Firstly, design the SCB module to improve the C2f module in YOLOv8, enhance the model’s feature extraction capability, and reduce
the number of parameters ; Secondly, weighted feature fusion (WFF) is introduced to dynamically adjust the contribution ratio of feature maps
based on learnable weights, enhancing the model’s feature fusion capability; Finally, the SPDConv module for small object detection is intro-
duced to alleviate information loss in deep networks and improve the overall performance of the model for defect detection. Experiments on the
NEU-DET dataset show that the mAP of the proposed model is 75.0%, which is 3.7% higher than the original YOLOv8s; The parameter quan-
tity and calculation quantity were reduced by 9.9% and 6.7% respectively, achieving a balance between parameter quantity, calculation quan-
tity, and detection accuracy, and performing excellently in the task of steel surface defect detection. The generalization verification experiment
on the industrial dataset GC10-DET shows that the improved algorithm has good generalization performance.
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Fig.4 Examples of 6 types of defects in NEU-DET
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Table 1 Ablation experiments result
F1 HELWER
] AP/%
(RCS Parameters/MB GFLOPs FPS mAP@50/%
Cr In Pa Ps Rs Se

YOLOv8s 11.1 28.4 86.2 71.3 39.8 77.8 86.1 80.8 53.2 90.4
+ C2f_SCB 9.6 24.6 74.1 72.1 41.0 82.3 87.4 75.5 55.6 90.5
+W_Concat 11.2 28.7 90.1 72.2 36.1 80.6 86.3 76.4 59.9 93.9
+SPD 11.5 30.2 90.1 73.6 45.1 81.1 88.4 80.3 57.4 89.5
YOLO-SBS 10.0 26.5 75.2 75.0 46.9 81.8 924 80.1 54.8 94.3

W3k /78 0 SPDConv BEHL 5 , mAP@50 $2 7+ % 73.6% , kit
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F Y YOLO-SBS, 7E F# 1E $2 MU R ik Al A H AR 4E 1
B BB ) 25020 R 4F , mAP@S0 AH A SEMERR LR T T 3.7% (35
F 7 75.0%) , 7F Cr.In Pa . Sc %5 4 245 525 i [ 1600 rb A 2%
S, BRAR T T B R AG DORG B, MARSE T BAR AR A S
Boat , iR T 51 A SPDConv 23 1 #E 55 22 1155 %8 5 1 ke
Mo BAR FHRATAE FPS F5 b5 AT BT REAR , (A3 e 2
Tl 3R 37 B S A 75 5K o

WAL, R TR AR i B Bk ] A B | {8 HiR-
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LOv8s eyt B WA (HRE M4 22, 25 5 B AS: iR 4G
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Fig.5 Heatmap comparison results
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SR T I U JIT B B 1 X R T R o A 0 A Ak A
SebtE , 7E NEU-DET £0di 4 ¥ 25 8 AT 1Y B Rk
DU B33 R A7 Lb A, A 468 T B B A A T 55 7 Faster R-
CNN, ¥l B H B #6554 SSD . YOLOvSs . YOLOv6s , YO-
LOXs . RT-DETR K& FE£R 5 5 YOLOVSs , SE Bt 2 28— %k
HARGE IR , S22 AN 2 2 s 20722

FEAS RS 2 5 T8, T 2 7 1 1 mAP BN 75.0% , M

THAS F R LIS . AR, BT 5 AT SSD
Faster R—-CNN. YOLOv5s., YOLOv6s., YOLOXs. RT-DETR .
YOLOv8s. RT-DETR % % 43 Jill & Jt+ 4.1%. 9.6% . 5.1% .
1.5% . 1.8% .3.7% .9.9% . TERERISE 5 )5 1, i p il =
$i W] B A T SSD |, Faster R-CNN , YOLOv6s , RT-DETR F/I
YOLOv8s 512 , iF s it 55 5 I T SSD  Faster R-CNN, YO-
LOXs. YOLOv6s . RT-DETR 1 YOLOvSs, 1 B% & T YO-
LOvSs. £ [ A SCRERY A R A B2 T HA M 25 155 A0, 2
B LT 2 BB R, AR A 1 AR 2 1T i B A A 55
2K
Table 2 Results of comparison experiment

R2 RIBER

Bk mAP@50/% Parameters/MB GFLOPs
SSD 70.9 24.3 68.8
Faster R—-CNN 65.4 41.3 134
YOLOv5s 69.9 9.1 23.8
YOLOv6s 73.5 16.3 44
YOLOXs 732 8.9 26.8
YOLOv8s 71.3 11.1 28.4
RT-DETR 65.1 32.0 103.5
Ours 75.0 10.0 26.5

343 EAuHER

h T SRR 1z At FE Tl BE 4 GC10-DET |-
5 YOLOV8s BEAT L4 2 . Hidr, GC10-DET £ 4 35 40,
2 294 5K B4 R 18Tk P R TR 5 vh AL (Pu) AR EE (WD) BT
HILE R (Cg) IKBE(Ws) JHBE(Os) (22 5E (Ss) (e 249
(In) FLIT(Rp) HTIE (Cr) JEFRYTIRE (W) 10 FhIS AL, #2 i
8:1: 1M LB A Bdi 4R , S0 0 48 5 SRR — 3, 500
SRR 3 PR . LTI, iR BER AN T EL R A A
mAP@50 2T+ 2.7% , ZH AR 1.1 MBI R & 18 6.7%,
ESE T IZBRAE A IORS B AR 2 800t )y T RE S AR, 7F
AN FE ARG S N EA AR R, Z AT

Table 3 Experimental results on industrial dataset

R3 ETUHIEEEHIRER

Fk mAP@50/% Parameters/MB GFLOPs
YOLOv8s 60.1 11.1 28.4
Ours 62.8 10 26.5
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Fig.7 Comparison of detection results
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