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Abstract: Addressing the issues of low accuracy, false positives, and missed detections in metal surface defect detection in industrial
field production, as well as the challenges faced by metal surface defect detection, such as difficulty in distinguishing small targets,
strong interference from complex backgrounds, and significant noise impact, especially in the areas of small target detection and multi-
scale feature extraction, this study proposes the GMS2-YOLO model to improve the accuracy of target defect detection by combining
multi-scale feature extraction, feature fusion enhancement, and a separated batch normalization detection head. Firstly, the GhostConv is
combined with the HGBlock module, and the GHGnet network structure is used as the backbone network to improve the model’ s ability
to extract the detailed features of the target defects. Then, in the innovative fusion of MANet and StarBlock in the neck structure, MSNet
is used to replace the C3k2 module to achieve more diversified and rich gradient flow information and enhance the extraction and fusion
ability of the model. Secondly, the YOLOv11n detection head is redesigned, and the separated batch normalization detection head is
used to realize the interaction and fusion of information at different levels, so as to accurately identify the defect target. Finally, using the
new loss function WloU, the accuracy of defect detection is improved by increasing the attention to medium-quality images. The
experimental results show that the mean average precision mAP@ 0. 5 index of this method on the Self-Dataset dataset reaches 80. 8%,

which is 3. 6% higher than that of YOLOvlln. The mAP@ 0.5:0.95 index reached 53.5%, which was 8.5% higher than that of
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YOLOv11n. In addition, in the NEU-DET dataset, the AP value of the small defect CR in the dataset reached 68.3% , which was
15. 8% higher than that of YOLOvlln. The proposed model greatly improves the accuracy of defect detection, and has obvious

advantages in solving the problems of false detection and missed detection. In addition, compared with other mainstream models, the

improved model improves the detection accuracy without losing more inference speed, and has good prospects for engineering

applications.
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Fig.7 Image acquisition platform
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Table 1 Comparison of loss functions

Pigk sk mAP@0. 5/%
CloU 77.2
Inner-SloU 76.2
Shape-ITou 77.0
MpdIoU 77.2
Focal-loU 77.4
WloU 78.1
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il i R A A BE DAL, I3 T rh SRR AR O A BE AN
T AEAF A6 M P 5 R i A AR 1) i 4 P K T DR 5 255
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Fig. 8 Comparison chart of loss functions
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mAP@ 0. 5 $&F+ 3. 6% , AR HAG I3 B P AIK 28 55 fps, {H
TS RETE L Tolb G T 75 R, T 47 b 1 T 4 i 2% 1 i
iRl
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Table 2 Results of ablation experiment

GHGnet  MSNet SBN faziil] Sk WloU P/% R/% mAP@0.5/% mAP@0.5.0.95/% DN 5/ fps
X X X X 78. 1 71.3 77.2 45.0 67
vV x x x 83.3 73.2 79.0 50. 1 62
x Vv X x 83.3 71.1 77.7 46. 4 60
X X Vv X 78.0 69.6 75. 4 45.8 70
Y 2 x x 81.8 75. 1 79.5 50.7 57
Y vV Vv x 80.4 75.1 80.2 52.4 55
vV Vv v vV 83.6 72.5 80.8 53.5 55
82 _ Models
80.8% YOLOVv3-tiny
O YOLOvV5n
80 F YOLOV6
YOLOv8n
YOLOV9-tiny
78 | gp YOLOv10n
7.8 $2 YOLOvlin
@ @ GMS2-YOLOvIIn
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& *
4 qr
g T4t
] ®
= 72 O
70
68 -
A _ .
66 - Time: milliseconds (ms)
Accuracy:percentage (%)
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Fig.9 Inference time vs model precision
£3 MEIRER
Table 3 Comparative experimental results
el P/% R/ % mAP@O0. 5/% mAP@0.5:0.95/% o 3 B/ fps I st 1]/ h
YOLOv3-tiny 77.8 67.6 73.1 43.4 140 0.927
YOLOv5n 69.0 69.8 71.8 40.7 74 0.951
YOLOv6 68.4 60.7 66.9 36.4 78 0.969
YOLOv8n 75.8 70.9 76.5 44.5 68 0.984
YOLOvV9-tiny 79.3 70. 8 75.0 45.1 48 1. 099
YOLOv10 79.2 67.8 74. 6 45.5 72 1. 004
Faster-RCNN 57.8 42.3 55.2 25.1 27 —
RT-DETR 69. 1 63.1 66. 6 39.2 123 —
YOLOvI1n( Baseline) 78. 1 71.3 77.2 45.0 67 0.975
GMS2-YOLO 83.6 72.5 80. 8 53.5 55 1. 027

ik F 83.6%, A [l K iK | 72.5%, mAP @ 0.5 i5 #]  FHEEKF, L5 LR CMS2-YOLO £ 7Y 25 & & SR o
80. 8% ,mAP@0. 5:0. 95 5% 53. 5%, TEAIN 3 B 7 1 B, 7E 4 2 T Sl R T SR A B

R RNV L T 5 YOLOv In ALY 12 fps ; 75 HES ] 4) I8 7 B TR S B
D5 T, KR A AR B A [R) BB AE 2. 6~ 3.2 ms Z[H], itk R T RA SRR A AE B R A I b i AR R SR

RRRUTE VAT B 0 3o 22 4 BRI 6] A 15 0 T, mAP@ 0.5 47 EigenCAM™" #& J7 & "] ® 1k J7 #%, *f YOLOv1On,
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5) NEU-DET %4 5 %l

Sk Y 6 UE BRI AR AR Hh X /NI A ARG I ) AR F
TEARAL K25 20 TF (9 848 8 NEU-DET™ $E47 T 52 46,
NEU-DET & 347 6 bk [, 40 5 2 80 (CR) | Je 44
(IN) (BEH (PA) (R x8(PT) S AL BR B2 (RS) HRIIR
(SC) , LIz a3k 4 i, Hh 2808 F UG,
WO AR T AR L R AR R H AP {53k 5 68. 4%, 5
T 15.8%,

# 4 NEU-DET LIg45 R

Table 4 NEU-DET experimental results (%)
AP
Y mAP@0. 5
CR IN PA PI RS SC
YOLOvlln 52.6 83.1 93.1 77.1 69.7 92.2 78. 1
GMS2-YOLO 68.4 81.6 90.0 78.3 64.9 94.3 79.6

6) GC-DET %#i & 5k

R T UE I SO AR (- e E A FEUIE S GC-DET
AT T 925, GC-DET B 10 Z85kfg , SLi g R an ke 5
Jin, H: mAP @ 0.5 353 65. 8%, A bt T J5 B #5042 5
1. 6% ; TERG ISR B J7 T, 81 fps, U4 BRI B
A

&5 GC-DET ZHRER
Table 5 GC-DET experimental results

LAY mAP@ 0. 5/% o DN 5/ fps
YOLOvl1n 64.2 97
GMS2-YOLO 65.8 81
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