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Abstract Aiming at the current problem of low detection accuracy due to the complexity of target features
in steel defect detection, a steel defect detection algorithm, GOS-YOLOQO, based on improved YOLOv8n is
proposed. Firstly, a Slim-neck paradigm constructed by lightweight-convolution GSConv is used as the
feature fusion network, which improves the accuracy while reducing the number of model parameters.
Secondly, some of the C2f modules of the backbone network are replaced with C2f ODConv modules com-
bined with full-dimensional dynamic convolution (ODConv), to achieve multi-dimensional feature atten-
tion of the model and thus improve the accuracy of the model. Finally, the SENetV2 attention mecha-
nism, which combines a multi-branch structure with squeeze and excitation operation, is embedded into

the neck network to enhance the model’s ability to extract complex features. The experimental results
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show that on the NEU-DET dataset, the R, mAP50, and mAP50~95 of GOS-YOLO are improved by
3.3%, 1.7%, and 2. 3%, respectively, compared with YOLOv8n. On the VOC2007 dataset mAP50~95
improved by 1% and FLOPs decreased by 16 %.
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Tab. 2 Ablation Experiments

Algorithm Slim-neck  C2f_ODConv ~ SENetV2 SENetV1  mAP50(%)  Parameters/M  FLOPs/G
YOLOv8n — — — — 77.5 3.01 8.1
YOLOv8n+ Slim-neck N/ - - - 78.5 2. 80 7.3
YOLOv8n+ C2f_ODConv — N - — 78.3 3.29 7.6
YOLOv8n+ SENetV2 - - N — 78.1 3.05 8.1
YOLOv8n+ Slim-neck + SENetV2 N/ - N - 79. 3 2. 84 7.3
YOLOv8n+ SENetV1 - - - N 77.1 3.02 8.1
GOS-YOLO N, N, N, — 79.2 3.13 6.8

B T YOLOv8+Slim-neck RESKHRIZE B S ZF BT ARG, S TRV RRNE R IE I RE 1, BT LU
£ 2 P RHE mAPS0 #2557 1% . 2808/ 7 0. 21 MLFLOPs [&{% T 0.8 G, YOLOv8+C2{_ODConv
AR AR A 243 () RS A A T8 B8 3 T 0 6 B B DU AN 2 5 b2 2 RRAE DT 32 5 R AF $2 U B
J1.3 2 iR H mAPSO #8275 T 0. 8% S EEI M T 0. 28 ML FLOPs B#{X T 0. 5 G. YOLOv8 +
SENet V2 i#i i 243 345 5 FE 40 MU B 10 45 G 38 5 R A RRE R 8, mAP50 425 T 0. 8% . S8 X
BT 0.28 M\FLOPs [&f% T 0.5 G, YOLOv8+ SENetV2 5 YOLOv8+ SENetV1 # k., mAP50 25
T 1% Uil SENetV2 4 2243 32 45 b4 it S5 7 36 5 AR RURRAF 26 38 B8 77 07 11 ELAG A 34, R DL 48 T 1 4G RS /2
YOLOv8+ Slim-neck + SENetV2 i Xf Slim-neck Fl SENetV2 # B4 10 o A 4558 XF ERERE 19 26 1k
e it —2b s, Rl mAPS0 85 T 1. 8% . S4E W/ T 0. 17 M FLOPs F&fk T 0. 8 G. GOS-YOLO 7£
FIA RS SR RAIE R AR EEE A5 25, PR L mAPS0 #2517 1. 7% S EE U8 7 0. 12 M,
FLOPs FFIKT 1. 3 G, A RSB T ARG B S5 1R 57 2% 5 1Y) o7

AR I BT AR AR A Sk SENet V2 R I HLETAT SO T B, GniEl 11 B, #3007 RI4 A 4% )
HHEE 16 2.

B 11 #HAEXfEE(a) [RIEES; (b) YOLOvVSn FI#H1E ; (¢) YOLOvV8n #: N\ SENetV2 BJ#J1E ; (d) GOS-YOLO Fy# 1 E
Fig. 11 Heatmap comparison (a) Original image; (b) The heatmap of YOLOv8n; (c) The heatmap
of YOLOv8n+SENetV2; (d) The heatmap of GOS-YOLO
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AR T 18. 5% .12, 1%.2. 5% 1. 4%.3. 3%, 11. 5%, mAP50~ 95 4» M EE 5 T 22. 7%.15%. 3%,
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552 1 W L 45 TR YOLOV8n AV AR 25 T Bl B A6 I vk 185

B YOLOVSn FEME T 1.3 G, 3 4 71%1,GOS-YOLO XHFZL(Cr) . Je 248 (In) . H ph 3R 1 (PS) X JL AP ik
e B ARSI A R de e » HLe 32 2% B T 24 (Cr) BB B A IIDRS B2 4% YOLOvSn #2855 1 3. 2% . i L Edia ] DIGiE
B GOS-YOLO 75X B 2% 1 S B A AT 55 A 1 HoAth Bk

®3I BEEEMEREX IR
Tab. 3 Comparative Experiments of Algorithm Performance
Algorithm mAP50(%) mAP50~95(%) P(Y%) R Parameters/M FLOPs/G
SSD 60.7 23.8 79.6 27.2 24. 30 275. 4
Faster-RCNN 74. 6 35.4 44.5 85.3 28. 30 948. 2
YOLOv3-tiny 67.1 31.5 59. 8 66. 4 12.13 18.9
YOLOv5n 76.7 43.5 71.9 71.5 2. 50 7.1
YOLOv6n 77.8 44,9 74.2 71.3 4.23 11. 8
YOLOv7-tiny 75.9 39.3 68. 3 72.3 6.03 13.2
YOLOv8n 77.5 44, 2 75 70. 8 3.01 8.1
RT-DETR-1 67.7 38.9 69. 4 60. 8 32 103. 5
GOS-YOLO 79. 2 46.5 75 74.1 3.13 6.8
Training Box Loss Training Classification Loss Training DFL Loss
4.5k
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Fig. 12 Loss curve comparison
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Tab. 4 Category comparison Experiments

AP50(%)
Algorithm
Cr In Pa PS RS Sc
SSD 27.5 65.5 85.9 61.7 56. 1 67.5
Faster-RCNN 46. 6 72.1 92.6 76.6 65 94. 4
YOLOv3-tiny 39.2 78.3 87.5 61.6 63.2 72. 8
YOLOv5n 45.1 81.2 88.9 83.8 71.8 89. 3
YOLOv6n 48.3 82 90. 1 85. 2 66. 5 94. 8
YOLOvV7-tiny 45.7 82.2 90. 5 84.5 64. 8 87.7
YOLOv8n 48. 2 82.4 87.2 85.1 67.9 94. 2
RT-DETR-1 23.6 81.4 80. 8 74.3 59.2 87.2
GOS-YOLO 51.4 82.9 90. 8 87.6 68. 8 93.9
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Fig. 13 Performance curve comparison

HE T, GOS-YOLO WPEREFE b TR A YOLOvVSn AL, K T GOS-YOLO 5% 2% 2] fig
GOS-YOLO myEREM AR P 3 YOLOv8n HUIMFAR M Z AR AR E PR 38 . F AT UL . GOS-YOLO
TCIR AR > i i SR B AR e M LT YOLOv8n,

K 14 & YOLOvSn 5 GOS-YOLO #J PR i Z%Flb. GOS-YOLO Ay PR ik [t YOLOvS8n 4 PR fifi
LWEEEAT LA WEBTELE A % IR R M A RS BT . GOS-YOLO Bk i REZLE T YOLOVSn
R

& 15 g St . AT RAE R YOLOvSn X894 28 1 e g ko I 14 05 B ARG BAIR iR AIR A
o MR EORAS . GOS-YOLO X b R0 09 B A5 B A W1 4 7, JGHORAE T 24 (Cr) FEL il 8 4k Kz
(RS FA#ETHECA A . I GOS-YOLO BEAS B 1 A b 551 A e A0 SRR o R PR A A o B B AR L 32
TR BRI AR



55 2 WA 8, 55 T EGHE YOLOvSn B HR B 2R B o I 5 1k 187

Precision-Recall Curve Precision-Recall Curve
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Fig. 14 PR curve comparison (a) PR curve of YOLOv8n; (b) PR curve of GOS-YOLO

15 WMERILE (a) FEIEEE; (b) YOLOVSn BIEIZE R ; (¢) GOS-YOLO Ryl 45 R
Fig. 15 Comparison of defect results (a) original image; (b) the defect results of YOLOv8n; (c) the defect results of GOS-YOLO
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Tab. 5§ Generalization Experiments on VOC2007 datasets

Algorithm mAP50( %) mAP50~95(%) P%) R%) Parameters/M FLOPs/G
YOLOv8n 67. 2 45. 6 72.8 60. 1 3.01 8.1
GOS-YOLO 67. 2 16. 6 74.5 58.9 3.13 6.8
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