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A Steel Surface Defect Detection Algorithm Based on YOLOVS
LIU Yu, PENG Yan

School of Computer Science and Engineering, Sichuan University of Science & Engineering, Yibin 644002, Sichuan,
China

Abstract: Objective To address the problems of insufficient detection accuracy and high model complexity in existing
steel surface defect detection algorithms, an improved steel surface defect detection algorithm based on YOLOvS, named
YOLOv8-RDP, is proposed. Methods First, the RepNCSPELAN4 module was introduced to replace the C2f module in
the YOLOv8n model. The feature extraction and integration capability of the model was optimized through parallel
processing of features at different scales and their fusion in the final convolution layer. Second, a deformable attention
(DA) mechanism was integrated into the backbone network. This mechanism adaptively adjusted the sampling points of
convolutional kernels, strengthening the model’ s ability to capture features of objects with varying shapes and sizes and
thereby improving the efficiency of capturing key information. Finally, to reduce the computational resources required by
the model, the detection head of the baseline model was modified using the partial convolution (Pconv) module. By
leveraging redundancy in feature maps and dynamically adjusting the active area of convolutional kernels based on data
availability, the computational load was reduced. Results Experimental results on the NEU-DET dataset show that
YOLOv8-RDP achieved an mAP of 78. 8%, representing a 1. 8% improvement over the baseline model. The number of
parameters was reduced to 1.87 M and GFLOPs dropped to 3.5 G, representing decreases of 37.9% and 57.0%
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compared with the baseline model, respectively. The improved model significantly reduced the demand for computational

resources while maintaining high accuracy. Conclusion The YOLOv8-RDP algorithm demonstrates high detection

accuracy and low model complexity in steel surface defect detection, showing strong potential for practical application in

this field.

Keywords: defect detection; feature fusion; deformable attention; lightweight detection head
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Table 4 Comparative experiment of improved

detection heads

R mAP/%  Params/MB GFLOPs
YOLOv8n 77.0 3.01 8.1
PConv—-Head 77.1 2.42 5.5
RepConv-Head 76.9 4.10 8.1
DBBlock—Head 77.1 3.84 8.1

ZEETE e BE M B WX VR AY SF- T BT, PConv —Head
T ED TR BT, R B FE A RS B A — Y
$2& T+, DBBlock —Head 7E {414 AE 14 [a] i} 2 3wt 20> 1
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Table 5 Generalization experiment on GC-DET dataset

BOA mAP/ % Params/MB GFLOPs
YOLOv8n 63.0 3.01 8.1
YOLOv8-RDP 66. 1 1.87 3.5

H# 5 Al 1, 7E GC-DET ##i4E - YOLOv8-RDP
1) mAP R EE BRI T T 3. 1%, SEUm B AL 4t
AU /DT 1,14 MB, iH A SR LR T 4.6
GFLOPs, S % 25 B 3% W, A SC 48 h 19 ok i 330 %
YOLOv8-RDP HAT RAF Iz btk
2.5.4 HHAhp MO L

¥ YOLOv8—-RDP ik 5 /4 MUE LA L8R, 43
51 YOLOvS , YOLOv8s FCOS ,YOLOv1On . ATSS
( Adaptive Training Sample Selection) , CenterNet | Faster—
RCNN Mask ~RCNN % 376 NEU-DET %4 5 yE 1752
55, SRR A AN 6 s,

A mAP/ % Params/MB  GFLOPs
YOLOvS 76.6 7.03 15.8
YOLOv8n 77.0 3.01 8.1
YOLOv8s 77.5 11.13 28.4

YOLOv10n 75.6 2.27 6.5
FCOS 69.7 32.29 128.0
ATSS 69. 1 32.1 129.0

CenterNet 67.2 32.1 126.0

Faster—RCNN 76.7 170.0 282.6
Mask—RCNN 78.9 44. 4 189.4
YOLOv8-RDP 78.8 1.87 3.5
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