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Object Detection in Foggy Environments Based on Improved RT-DETR
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[Abstract] To address the degradation of object detection caused by reduced contrast and blurred textures in foggy
images, this paper proposes Fog—RT-DETR based on the Real-Time Detection Transformer (RT-DETR). The method
integrates an Asymptotic Feature Pyramid Network (AFPN) for multi—scale feature fusion, a Variance—Enhanced Convolutional
Block Attention Module (VE-CBAM) for local low—texture perception, and a Feature Degradation Enhancement Module
(FDEM) for spatially weighted feature enhancement. Experiments on a foggy—weather dataset constructed from DAWN and
ACDC show that Fog=RT-DETR achieves 81.45% mAP@0.5 and 58.78% mAP@0.5:0.95, improving over the baseline by 2.12
and 3.89 percentage points, respectively. Recall increases by 0.49 percentage points. Ablation experiments show that
combining all three modules yields the best detection results in the reported experiments. Channel compression experiments
further demonstrate a trade—off between detection accuracy and computational cost.
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