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Abstract: In computer vision tasks, the presen
quently suffer from residual haze and color disto

adaptive processing for multi-scale haze,c

enhanced U-Net captures hierarchica
ture fusion. Adjacent layers em

achieves multi-scale comple

leads to a degradation in image quality. Existing dehazing methods fre-
ue to insufficient joint modeling of global and local features and the lack of
cengpations. The proposed multi-scale hierarchical fusion dehazing network based on
through multi-scale inputs and refines information transmission via hierarchical fea-
re enhancement blocks to adaptively focus on key regions, while cross-layer cross-fusion

, facilitating full internal information flow. Experiments demonstrate that the method outper-

forms comparative approaches on both synthetic and real-world datasets, particularly in detail recovery, color fidelity, and gener-

alization to real scenes.
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