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MAOD-Net: A Multi—scale All-in—One Dehazing Network for Foggy
Road Surface Defect Scenarios

FAN Yuxiao, ZHANG Qingyang
(School of Artificial Intelligence and Computer Science, Jiangsu Normal University , Xuzhou 221000, China)

Abstract: Foggy environments reduce the clarity of road images and seriously affect road surface distress detection. To address the problems
of insufficient detail recovery and relatively high model complexity in existing dehazing methods for road distress detection, a multi-scale all—
in—one dehazing network is proposed. First, a multi—scale feature extraction and weighted fusion module is introduced into the network. Fea-
tures are extracted through three branches at different scales, enhanced by channel and spatial attention mechanisms, and then aggregated by
a fixed—weight fusion strategy, thereby strengthening the contextual representation of both near and far scenes. Second, a hybrid loss function
composed of Mean Absolute Error (MAE ), Mean Squared Error (MSE) , and Structural Similarity (SSIM) is designed. Then, a parameter op-
timization strategy based on an improved RIME algorithm is employed to optimize key parameters such as the learning rate. Finally, experi-
ments are conducted on a synthetic foggy road defect dataset. The results show that the proposed network has only 0.137M parameters and runs
at 115 f/s, indicating a high degree of lightweight design , while outperforming other methods in terms of Peak Signal-to—Noise Ratio (PSNR),
Structural Similarity (SSIM) , and related metrics. In addition, it restores richer texture details in critical distress regions, providing a solid
foundation for subsequent foggy road surface distress detection.
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Fig. 2 Network structure of MAOD-Net
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