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Design and application of the foreign object detection algorithm for
engine cylinder based on YOLOVS

FANG Yuntao, LI Shuang, HAN Xiaoqin, ZHAI Qiang, ZHUANG Shunxu,
QI Wei, SONG Lijuan

Weichai Power Co., Lid., Weifang 261061, China

Abstract : To solve the problems of missed and false detection when detecting foreign objects in engine cylinders
by manual testing, an engine cylinder foreign object detection algorithm based on the improved object detection
algorithm YOLOVS is designed and experimentally verified. Based on the attention mechanism in CoTNet, a
Contextual Attention module and reconstruct the Bottleneck structure in C2f, named CoA_C2f, are designed to
replace the C2f module in the YOLOv8 backbone network. In the Neck section of the model, the continuously
upsampled feature map Concat module is replaced with the context aggregation module CAM. Triplet Attention
module is embed between Neck and Head. The experimental results show that the designed engine cylinder
foreign object detection model can effectively identify foreign objects in the cylinder, and the average detection
accuracy is improved by 21. 65% after introducing CoA_C2f, CAM, and Triplet Attention modules on the basis
of the original YOLOvSs.

Keywords : improved YOLOv8 algorithm ;target detection ;machine vision ;foreign object detection
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optimized. The analysis results show that the presence of corrosive elements such as P and K in the fuel used by
the unit created an acidic environment, the installation process leads to asymmetric tensile stress at the shoulder
of the nozzle, and the small radius of the shoulder corner causees stress concentration, these factors result in
coarse martensitic microstructure and high hardness on the nozzle surface, making it sensitive to stress, which is
the primary reason for the nozzle cracking. By improving the nozzle material, increasing the shoulder corner
radius from 0.45 mm to 1. 20 mm, and adding a pre-tightening step before the final fastening of the injector and
high-pressure connector, after 4 000 h of durability testing, the optimized nozzle does not crack, the cracking
fault of the oil nozzle has been effectively solved.

Keywords : common rail system; injector nozzle; intergranular cracking; hydrogen stress corrosion
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