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Dual-Modal Target Detection Method for Steel Surface Defects
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(Ansteel Beijing Research Institute Co., Ltd., Beijing 102209, China)

Abstract: Steel surface defect detection is a core aspect of industrial quality control. Given the insufficient robustness of
existing RGB single-modality-based defect detection models, which often suffer from high rates of false positives, false
negatives, and incorrect detections of spatial morphological defects, the parallel multi-modal spatial-aware fusion YOLOv8
(PMSF-YOLOVS) algorithm was proposed. This algorithm employs a dual-branch heterogeneous network to enhance the
learning of RGB texture and depth spatial features. In the mid-fusion stage, the dual-modal feature fusion module (DFFM)
was utilized to achieve adaptive fusion of multiscale features through dynamic weights. The NUE-RSDDS-AUG dataset
was used for validation. The results show that the PMSF-YOLOv8 network model achieves a detection accuracy of
mAP@0.5 of 98.6%, with a false alarm rate reduced by 2.1% compared with that of single-modality methods, striking a
balance between "high accuracy and low false alarms".
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1 PMSF-YOLOVS8
Fig.1 Network structure of the PMSF-YOLOVS algorithm
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Fig.2 DeformBottleneck unit in DeformC2f
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3 DFFM
Fig.3 The DFFM module structure
4 PPA
Fig.4 Schematic diagram of the PPA module
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5 NEU-RSDDS-AUG :(a) hole; (b) gutter; (c) scar; (d) protrusion
Fig.5 NEU-RSDDS-AUG dataset: (a) hole; (b) gutter; (c) scar; (d) protrusion
2 4
Tab.2 Details of the steel surface defect dataset Tab.4 Ablation experiment
Dataset (number of images) Hole Gutter Scar  Protrusion Scheme Add Concat DeformConv +PAA DFFM mAP@0.5
Train set(2 800) 730 426 952 692 1 N 0.921
Validation set(600) 157 218 63 162 2 N 0.923
Test set(600) 132 162 76 230 3 N 0.954
3 4 J J 0.972
Tab.3 Experimental environment 5 v 0.961
Software/Hardware Version 6 N N 0.986
Operating system Window10 3
GPU NVIDIA GeForece RTX 3080Ti(16GB) , 4 DeformConv
CPU 11th Gen Inter(R) Core(TM) i9-11950H@) ’ 3 ’ 4 mAP @O 5
Programm language Python 3.8
Deep learning framework Pytorch 1.10.0 0.954 0.972, DeformConv
Computing platform CUDA 11.1 ’ "’ )
GPU acceleration rate CUDNN 8005 o
Mixup ’ (2)DFFM 12 s,
o epochs 200, I Add
(learning rate, Ir) 0.02,batch size 16, ’ 2 Concat
Momentum 0.8, ’ 3 PAA
R epochs , DFFM ’
) ) , 5 mAP@0.5
i 4.0% 3.8%,
33 ’ ’ s DFFM
(recall,R), (precision, P) ’

(mean average precision, mAP) ’ °
,IoU 0.5, mAP@0.5, (3)PPA 4 6,
331 PPA , 6 mAP@05 1.4%,
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DDS-AUG , \ 7
R . Tab.7 Comparison of defect performance at different
scales
. 5 . X Method <300 pixels’ 300~1 000 pixels’ >1 000 pixels®
Tab.5 Comparison experiments of different models
Method Input Precision Recall mAP@0.5 YOLOVEn 0897 0021 0-937
Transform+YOLOVS Rgb 0937  0.899 0.955 PMSF-YOLOVS 0-962 0.9% 099
Fast R-CNN Rgb 0.941  0.909 0.968 6~10
YOLOv8n Rgb 0.946  0.908 0.965 o 6 YOLOvV8n
CLANet Rgb+Depth  0.95 0.913 0.974 , PMSF-YOLOvV8
PMSF-YOLOv8  Rgb+Depth  0.952  0.925 0.986 .7 .YOLOv8n hole
5 ,PMSF-YOLOVS , PMSF-YOLOVS
: ;8 ,YOLOv8n
95.2% . 92.5% mAP@0.5  98.6%, gutter ,PMSF-YOLOvV8
YOLOv8n (mAP@0.5=96.5%) ; 9 scar
2.1%, CLANet!"(mAP@0.5=97.4%) YOLOvV8n ,PMSF-YOLOV8
1.2%, RGB PPA , ;10
) ° ; protrusion ,PMSF-YOLOVS8
Transform+YOLOv5 ,PMSF-YOLOVS YOLOv8n
, DFFM R
° 3.3.3
6 ,
Tab.6 Comparison of the detection performance of various ( 11, 12
models for different defects
Method hole gutter scar protrusion ’ A
YOLOvSn 0.952 0.95 0.966 0.958 ’ °
PMSF-YOLOVS 0.97 0975 0991 0.988 11 s o 0
6 0.2 ,PMSF-YOLOV8 mAP@0.5
PMSF-YOLOVS ) 9.72%( 98.6%  88.88%), YOLOvVS8n 32.2%
scar ,PMSF-YOLOv8 mAP  99.1%, ( 965%  64.3%).
YOLOV8n  2.5%. RGB RGB : :
“ 7 ; protrusion ,mAP 12 °
3.0%( 958% 98.8%), ’
’ hole protrusion RGB
; gutter hole ,mAP hole ’ protru-
25% 18%, DFFM , sion :
. 3 o PMSF-YOLOvVS8
7 ) N
o (<300pixel>) ,PMSF-YOLOv8 ’ °
mAP  96.2%, YOLOv8n 6.5%, 4
PPA - ,
: (300~1 000 pixel?) (1) —PMSF-
(>1 000 pixel?) ,mAP 99.0%  YOLOVS ’ 0 DFFM
99.5%, YOLOVSn  6.9% 5.8%, : RGB
’ - RGB
: RGB \ o 0
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6 :(a) ;(b) YOLOV8n ;(c) PMSF-YOLOv8&n
Fig.6 Comparison of model detection results: (a) true label; (b) YOLOv8n model detection; (c) PMSF-YOLOv8n model detection

7 Hole YOLOv8n  PMSF-YOLOVS :(a) PMSF-YOLOv8n ;(b) YOLOv&n
Fig.7 Comparison of the detection performance of the hole class between YOLOv8n and PMSF-YOLOVS: (a) PMSF-YOLOv8n model
detection; (b) YOLOvV8n model detection

8 Gutter YOLOv8n  PMSF-YOLOv8 :(a) PMSF-YOLOv8n ;(b) YOLOv8n
Fig.8 Comparison of the detection performance of the gutter class between YOLOv8n and PMSF-YOLOVS: (a) PMSF-YOLOv8&n
model detection; (b) YOLOvE8n model detection

N , “ v o NEU-RS 1.2%,
DDS-AUG , mAP@0.5  98.6%, o
YOLOvV&n 2.1%, CLANet 2) PMSF-YOLOV8

hEIM  https://www.cnki.net



Vol.46 No.10
<980 FOUNDRY TECHNOLOGY Oct. 2025

9 Scar YOLOv8n  PMSF-YOLOVS :(a) PMSF-YOLOv8n ;(b) YOLOV8n
Fig.9 Comparison of the detection performance of the scar class between YOLOv8n and PMSF-YOLOVS: (a) PMSF-YOLOv8n model
detection; (b) YOLOvV8n model detection

10 Protrusion YOLOv8n  PMSF-YOLOvVS8 :(a) PMSF-YOLOv8n ;(b) YOLOvV8n
Fig.10 Comparison of the detection performance of the protrusion class between YOLOv8n and PMSF-YOLOVS:
(a) PMSF-YOLOvV8n model detection; (b) YOLOv8n model detection
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Fig.11 Correlation between noise intensity and detection [1] HE Y, SONG K C, MENG Q G, YAN Y H. An end-to-end steel
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Fig.12 Detection results for on-site images
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