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Research on Improved Low—Resolution Image Object Detection Algorithm Based on YOLO v8

Huang Jianchang, Dong Tianhang, Cheng Zelin

Department of Science and Engineering, Hebei Agricultural University, China Hebei Baoding 071001

Abstract: As a fundamental task in advanced driver assistance systems, object detection is particularly crucial for ensuring
driving safety. To improve the recognition accuracy of low-visibility targets in infrared images, this paper proposes an
improved YOLOVS infrared image object detection algorithm. Firstly, median filtering is used for noise reduction and
Contrast Limited Adaptive Histogram Equalization (CLAHE) is applied to preprocess the original infrared images, enhancing
the clarity of infrared targets and the contrast of the images. Secondly, the SKNET attention mechanism, with stronger
generalisation ability, is integrated into the YOLOvV8 backbone network to improve detection speed and accuracy for targets of
different scales (size and distance). Finally, commonly used object detection networks are validated and compared on the FLIR
ADAS v2 infrared image dataset. The results show that the proposed improved YOLOvS object detection algorithm achieves
an average precision of 88.8% for vehicles, pedestrians, and bicycles in infrared images, representing an increase of 4% and
2.7% compared with the original YOLOvVS and YOLOVS8 object detection networks, respectively, and the detection speed has
increased from 43 fps to 46.5 fps, enabling fast, accurate, and efficient detection of key targets in infrared images.

Keywords: Advanced driver assistance system; Object detection; Infrared images; YOLO v8; Attention mechanism
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