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YOLOvV8-SSDW: A Steel Surface Defect Detection Algorithm Based on YOLOVS

DAI Linhua, LI Yuansong, SHI Rui

School of Computer Science and Engineering, Sichuan University of Science & Engineering, Sichuan Yibin 643002,
China

Abstract: Objective In response to the issues of low detection accuracy, missed detections, and false alarms in existing
steel surface defect detection methods, an improved defect detection algorithm, YOLOv8-SSDW, based on YOLOvS, was
proposed. Methods This algorithm took YOLOv8n as the benchmark model and introduced the SKNet (Selective Kernel
Networks) attention module into the backbone network structure to enhance the feature extraction and adaptability of the
backbone network, allowing the network to pay more attention to defect targets during the feature extraction process. At
the same time, the Slim-Neck structure was used in the neck of YOLOvS to reduce the number of model parameters and
computational load. To further enhance the network’ s feature extraction capability, a deformable convolution fusion
method was proposed to strengthen the feature learning for defect targets. Considering the imbalance in defect sample

quality, the WloU (wise intersection over union) loss function was used, which effectively addressed the issue through its
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gradient gain allocation strategy, enhancing model convergence speed and regression accuracy. Results Experiments on

the steel dataset showed that the average accuracy of the improved model reached 85. 5%, which was an increase of 2. 7%

over the benchmark model. Conclusion Extensive experiments demonstrate the effectiveness of the improved network,

which resolves the issue of low accuracy in steel strip surface defect detection, reduces missed and false detections, and

meets real-time requirements. Compared with current mainstream models, the proposed model has certain advantages in

detection accuracy and offers a valuable reference for practical detection in future research.
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Table 2 Comparative experiments with loss functions /%
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Table 3 Ablation experiments

BEA SKNet Slimneck DCN WloU P/% R/ % Soap/ % Params/M  GFLOPs/G

YOLOv8n — — — — 82.4 75.6 82.8 3.01 8.1
YOLOv8n_1 — — v 83.2 77.2 83.7 3.01 8.1
YOLOv8n_2 — — v — 82.2 76.0 83.5 3.04 8.0
YOLOv8n_3 — V4 — — 80.9 75.8 82.3 2.80 7.3
YOLOv8n_4 v — — — 83.2 76.8 84.2 8.57 12.5
YOLOv8n_5 v v — — 83.6 76. 6 84.6 8.35 11.7
YOLOv8n_6 v — 83.2 77.3 84.7 8.38 11.5
YOLOv8-SSDW v v 83.2 78.9 85.5 8.38 11.5

B Jo 7R BE LA I, 76 3 T 2% B BB 2 4> C2f A
b s 5] AR 289 # F DCNv2 , (i 15 43¢ 40 filt 2 2o 72
PR 2 B 5, H mAP [HiA %] T 84. 7%, M
FEIEMERE R & T 1. 9%, feJm R WioU #5175 R,

B A (U SEE T, RIS mAP $2 71 % 85.5% .,
3.7 RFAASINGS RXF e b

S HE B A SR B R DL EMR G X
JE/RFEMERR AR YOLOVS—SSDW (AN 25 5, anf&l 10
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Fig. 10 Visual comparison between YOLOv8n and YOLOvV8—-SSDW detection

3.8 Xtbbseus

Sy IR AR R A PR BE R B R R
i &L, SSD, YOLOv3, YOLOVS . CenterNet | YOLOv7 #il
YOLOX SFFESA TR LSS, S 2 SR ANk 4 PR,

F4 EiExttk

Table 4 Comparison of algorithms

BEA P/ % R/'%  fow/% FPS/s  Params/M

SSD 70.2  47.1 68.6  47.8 26.29
YOLOv3 51.6  61.4  57.6  294.1 8. 68
YOLOvSn  67.1 68.2  71.2  163.9 1.77
YOLOvSs  70.5  73.3 76.9  142.9 7.03
YOLOv7  68.4  73.7 755  42.4 36. 51
YOLOX  88.0  72.5 84.4  67.1 8.97
CenterNet ~ 79.4  63.3 74.5 37.4 32. 67
YOLOv8n 82.4 756  82.8 137 3.01
A% 832 789 85.5 95.2 8.38
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SrAHRTE T 16. 1% F1 14. 8% ; 55 CenterNet AH I, S35
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BT HA R AR A SCRE HA B AR
4 &5 ®
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