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Recognition Model of Automobile Engine Carbon Deposits Degree
Based on Feature Enhancement
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(School of Information and Communication Engineering, North University of China, Taiyuan 030051, China)
Abstract: Long-term accumulation of carbon deposits in automobile engines can easily accelerate the age-

ing of automobiles. Timely detection and cleaning can effectively prolong the service life of automobiles.
In this paper, a carbon deposits degree recognition method based on a visual image is proposed to auto-
matically recognitze the degree of carbon deposits and provide guidance for carbon deposits cleanup.
Firstly, to address the issue of small data volume and uneven category distribution in carbon deposits
images dataset, data preprocessing is conducted. Secondly, aimed at the wide range of feature distribution
and fine-grained characteristics of carbon images, a feature resampling module is designed to improve the
feature expression from both spatial and channel directions. Finally, a lightweight carbon deposits degree
recognition model is designed to facilitate the detection of deployed. The experimental results demonstrate
that compared to other methods, the method proposed in this thesis achieves the highest inference speed
of 179 frames/s with a testing accuracy of 84.5% , meeting the needs of the industry.
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