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Improving the meridian tire bubble defect detection method of YOLOvVS
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Abstract;

visual inspection for quality control

Radial tire X-ray images exhibit complex textures and diverse defect morphologies, often relying on manual

a process that struggles to balance high precision with real-time efficiency. To

address this, a detection model based on an improved version of YOLOv8, named YOLOv8n_RSI, is proposed for
detecting air bubble defects in radial tires. First, the RepNCSPELLAN4 architecture is introduced to enhance feature
extraction capabilities. Second, the SKAttention mechanism is integrated to adaptively select receptive field sizes.
improving the model’s detection performance across multiple scales. Finally, the Inner-CloU loss function is adopted,
incorporating center point distance constraints and aspect ratio penalties to effectively enhance detection accuracy.
Experimental results demonstrate that compared to the baseline YOLOv8n model, the proposed YOLOv8n _ RSI
achieves average improvements of 3.5% in precision, 7.0% in recall, and 8.4% in mean average precision.

Furthermore, the model’s computational complexity and inference speed indicate its suitability for real-time detection

requirements.
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Preliminary industrial applications also validate the effectiveness of this improved model.
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Table 4 Ablation experiment
) 45 25 1) P/% R/ % mAP/ % GFLOPs FPS Parameters
YOLOv8n 78.9 71.1 75.3 8.1 58. 81 3 005 843
YOLOv8n_R 81.1 75.3 80. 6 6.8 72.94 2593 411
YOLOv8n _S 80. 4 75. 4 80.9 12.5 73.62 4 404 659
YOLOv8n_I 82.0 71.9 80. 2 8.1 69. 59 3 005 843
YOLOv8n_RS 76.5 77.0 80. 2 11.2 64. 83 3992 227
YOLOv8n_RSI 82.4 78.1 83.7 11.2 67.26 3992 227
HUGE A% Wk 25 52 AR O RS2 I RT FFREEBIGE
2.5 4= Table 7 Impurity defect model validation %
5-fold 58 XUHG I & — F VAl #5832 AL BB 0 1 J5 1, ) 4% 45 Hy P R mAP
O S8 B /N 10 15 50 45 B A 0 B 40 5 A T4
FH%‘ME%& PSR, 4 ARSI AT 5 TR, 6 YOLOvSn 86. 3 80. 4 84. 4
UG I rh — A FAEAE B E 4R, o F AR RN R AT
YR ATEAS 036 5 7% . YOLOv8n_RSI BRI 7E 5 ¥ 58 X YOLOv8n_RSI 89.2 84.3 92.4
S Eh ¥ R IARE UL B R ATz ke
B/ oH:, YOLOvS, YOLOv8., YOLOv10, YOLOvll,

Fz5 5-fold T XWMIELR
Table 5 Results of 5-fold cross-validation %

AL p R mAP
1 80. 5 79.8 83.8
2 82.7 80. 6 85.1
3 79.2 77.2 80.0
4 84.0 78. 6 82.1
B) 86.9 85.1 89. 2

Avg 82. 66 80. 26 84. 04

Hp it — 2 W AE YOLOv8n RSI # &%t Hofth |~ % +2F
250 TR ST I A 1 ARG T SR L e B A ) 5% 82 Bk AT B I
B4, W3R 6 Jin , mAP {H A 50 R U6 B0 45 91 K T 1%, = B
WU LA R s R 2 Ak Rk

F6 ZUEW
Table 6 Generalization experiment %
o 44 2 1) p R mAP
YOLOv8n 80. 4 70.5 77.8
YOLOv8n_RSI 87.9 77.1 85.1

DU, S s 560 B 3 Xof JHL th 25 A8 G5l [ %) TR0 1 S B R
TR A bR AT S5, AR 7 TR0, YOLOv8n_
RST #8E AY X 2% f e o [v] A 2 B0 o 00 5 08 ARG 0 3680 21, m AP fH
RIT 8%, i — B WMIE T AR M A ST ZE
.

2.6 1REIRTEE LG

FEE YOLOv8n_RST B 1) 8500 o AR 48 5 A G B
RGO 7 B v VA 23R R ST s ) R A RS 2 AR R R T
ST SEES L AN 8 Fian . YOLO & — 5 2 iy i+ S AL 58
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YOLOv12 302 5 F SERTAAS % A5 B W 00 Ak el i, L3k
5 B g AR D0 RS BE L . YOLOvS 1 25 T 28 ™ 2% 1y
LR bRl A R AT 4 TS R SPP MLH, DU He Ak B TS B
BB AR RS S (H L /N B BRI R B 25 T LR
H mAP EHZ A X A i 2209 YOLOvVIO B 5 T
R fr9 S Ak B2 R L W DL 3R A5 A A0 A6 T B, YOLOvll,
YOLOv12 i C3k2 % YOLOvS iy C2f #idk, — & i
JESR TR PERE X 3 AATAUAHEL T YOLOVS T2 B =
Pytorch (A , W\ T 75 22 50 5 A0 1 B HLIE B, il 2 Tolk 2B
PR R R ER R A WS A TR, YOLOVS 8 ik 1
BARMECE T . o DU B & RS 2 . YOLOVS Fifp
AR R SF A Lo g, BBk YOLOVS] 3875 7 5 i mAP
1B, AR AT R AR B s R R AR T XK I F 3 46 g 1Y 52 B
R, AR R Tl A ;= TR, 28 1L 38 YOLOvSn 34k
BLAY

YOLOv8n_RSI # # 5 H Ath YOLOvS Ay s 1k 45 54 %ot
LU o FRAT S5 e ARG JE 48 A, B 7K 4 3 AE SR R FPS R WL fig
il 2 SR
2.7 ERYRETR

Shy g R TR S PR TR L R 6 Sk FR i X Ot MR i
i, FHRRST 2 1664 pixel X1 000 pixel, B 15 B2 B fEL
0. 25, %l YOLOv8n_RSI,YOLOv8n,YOLOv10n 3 #
Bk LSRN 6 iR, 2B 1 BN EIRER LS 2 5 A G
JRRIWOKE . B 4 3R B, 3 R AL 3 A HR BE RE A Bl L 2
YOLOv1On #E57 2 Fk B A A0 I i — 2 b, 55 5 sk &
B 3 AR, YOLOV8n_RSI 2348 1, YOLOv8n 46 i
3 A AE B AE S5 R S BB, YOLOvIOn AU P AE . 55 6
Tk BB » YOLOVSn_RSI AR K, 111 55 P 455 104 78 &
BRI B
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Table 8 Comparative experiment

W 2 45 4y P/% R/ % mAP/ % Pk A B AE R / ms FPS BERA R/ M
YOLOv5n 76.9 70.0 72.8 30. 74 60. 84 5.05
YOLOv8n 78.9 71.1 75.3 24. 64 58. 81 5.98
YOLOv8s 81.2 68. 4 76. 4 26. 38 57. 80 21.40
YOLOv8m 78.2 71.1 78.1 38. 14 39. 85 49. 60
YOLOvSI 78.6 70.7 78.9 49.78 28.43 83. 60
YOLOv8x 85.7 70. 2 77.8 67.96 19.72 130. 00
YOLOv10n 80. 8 70. 2 76. 8 27.35 75.15 5.49
YOLOvlln 79.1 71.1 75. 8 26.67 73.91 5.24
YOLOv12n 82.5 68. 4 78.0 33.23 57.04 5.29
YOLOv8n_EMA 78.3 66. 7 75.0 24.50 61.43 5. 30
YOLOv8n_CoordConv 75.5 64.9 73.2 25.93 67. 80 6.02
YOLOv8n_CoTAttention 75.9 69. 3 74.1 27.66 72.75 7.45
YOLOv8n_RSI 82.4 78.1 83.7 29. 68 67.26 8. 00

(a) B (b) BRFE (c) YOLOvSn_RSI (d) YOLOv8n (e) YOLOv10n
(a) Original image (b) Defect
Pl 6 AN [ AR 7R A 0 25 A

Fig. 6 Detection performance of different model

2.8 LEREZA i, 5 R i A SRR AN A7 A BB ) E %6 6 T I £ [
B R L TR N SN 1 664 pixel, B B, 75 WA B iR A A8 BT AL IR) R, O 7F PR R A Ak R T R

6 000~10 000 pixel AN 5FAYFE iR X 5 £k G S A K I 41 FRERBE AL E RN, A0 7 TR S — R A SO BB Y

Pl R R4 1L 1 664 pixel X 1 000 pixel Y 43 PG AE A v s 0 ) 285 2R

AT BB A M 7E R AT A 6~ 10 sk EMR A TR R %
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