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Abstract: To address the challenges faced by cameras and LiDAR sensors in low-light, rainy,
and snowy conditions, such as difficulties in perception, low target detection accuracy, and
missed detections, a target detection scheme that fuses images and LiDAR point clouds was
adopted. A dynamic weight sensor fusion method based on fuzzy theory was introduced, which
dynamically allocates fusion weights by recognizing different weather and lighting conditions to
achieve optimal detection performance. For rainy, snowy, and low-light environments, four
experimental scenarios were designed and conducted: rain, snow, low light, and oncoming
vehicles. The results show that the LiDAR and camera fusion algorithm effectively reduces the
number of missed detections in unfavorable weather, improving the vehicle’ s perception
capability under rain, snow, nighttime conditions, as well as in environments with oncoming
vehicles and frequent obstacles. The results also validate the effectiveness of the proposed fuzzy
theory based dynamic weight sensor fusion method.
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Table 1 Algorithm performance
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