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Abstract: Honing texture defects of the cylinder liners were the important quality indicator of an
engine. Widely used manual quality inspection, however, owned problems of low detection accuracy,
low efficiency, and manual uncertainty, as well as manual errors, and related automation detection re-
search mightn not identify different types of defects. Therefore, a cylinder liner defect detection meth-
od was proposed based on an improved YOLOv8n model, which might accurately identify seven types
of honing mesh defects. Firstly, the seven types of honing defects were defined based on geometric
feature parameters.Then, the SC-C3 module was designed based on lightweight convolutional SCConv
to reduce computational parameters of the model. Simultaneously, the channel prior convolutional at-
tention(CPCA) mechanism was introduced to enhance the feature extraction ability of network. Final-
ly, the Wise-IoU loss function was used to lower negative impacts of low-quality samples. The results
show that the proposed detection method may effectively identify and distinguish composite defects
under complex mesh backgrounds. The detection model’s mAP@0.5(mean of average precision of IoU
is as 0.5) reaches 96.7% , and frame per second (FPS) approaches 476 frames/s. Moreover, the pro-
posed model improves recognition accuracy by 2% and reduces computational load of 0.7 GFLOPs
(Giga floating-point operations per second) compared to those of the YOLOv8n model. The paper
provides an automated high-speed high-precision solution for detecting surface defects on cylinder liners.
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IR A S LA SO B SE R R TR 45 maasim
Ji R B A7 AE R SToU Al EToU 512K R £ Y SIS ERCHERY YOLOvSn I 28 v 4 /4 e 7

B mAP@O.5 MHE TR CloU R IR SGr s8R 4 i 3R . L YOLOvSn M %
AU T B 1 ASA 45 8. Wise-ToU WU £ X 3 A~ g EEVE B A Bl MR B B N B R 4% b i
PR BT . e mAP@0.5 MIECT R A CloU 3 Fil 52 46 o PP A [a) 455 e Xof e 2% L s A0 0 P g
PR B AR mAP@0.5 $25 1.7 N EH 435 . R B FZ R T Rl SR A5 R AR 4 PR,

x4 HEZI

Tab.4 Ablation experiments

FF5 | SC-C3 | CPCA | Wise-IoU mAP@0.5 mAP@0.5:0.95 | Parameters/M | GFLOPs P R FPS
1 0.947 0.605 3.01 8.2 0.909 | 0.883 434
2 J 0.924 0.537 2.56 7.2 0.876 | 0.865 526
3 N 0.956 0.628 3.14 8.4 0.909 | 0.908 400
4 J 0.964 0.599 3.01 8.2 0.929 | 0.901 434
5 NG NG 0.944 0.573 2.69 7.5 0.897 | 0.896 465
6 NG NG 0.962 0.565 2.57 7.3 0.934 | 0.921 486
7 N N/ 0.980 0.616 3.14 8.4 0.946 | 0.940 403
8 NG N N/ 0.967 0.606 2.69 7.5 0.934 | 0.925 476
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Fig.11 Network structure of the improved

YOLOv8n model
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Tab.5 Comparison amang main and the developed algorithms

AR P R mAP@0.5 mAP@0.5:0.95 Parameters/M GFLOPs FPS

J& YOLOvSn 0.909 | 0.883 0.947 0.605 3.01 8.2 435
YOLOv7 0.843 | 0.825 0.88 0.481 3.72 13.2 370
YOLOv5n 0.885 | 0.888 0.926 0.523 1.90 4.5 470
YOLOx 0.849 | 0.851 0.895 0.507 8.94 26.8 314

Faster R-CNN 0.764 | 0.828 0.854 0.432 72.06 692.0 112

SSD 0.795 | 0.849 0.870 0.457 24.52 273.7 287

Bk YOLOvSn (A SC83:) 0.934 | 0.925 0.967 0.598 2.69 7.5 476
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Fig.12 Comparison of prediction results
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