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Abstract

Single image dehazing is of profound significance for high-level computer vision tasks. Centered on
the atmospheric scattering model, this paper systematically reviews the theoretical foundation and
technological evolution of dehazing methods. First, the physical mechanism of light propagation
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and the ill-posed nature of the dehazing problem are elaborated. Second, traditional prior-based
parameter estimation methods and deep learning-based end-to-end paradigms are compared, high-
lighting the advantages of unsupervised and zero-reference frameworks in addressing domain shift
in real-world scenarios. Finally, focusing on challenges such as non-uniform haze and the lack of
zero-reference priors, future optimization directions including the expansion of non-uniform phys-
ical models, micro-network lightweight design guided by physical models, and physical law regu-
larization are proposed. This paper aims to provide a theoretical reference for the physical inter-
pretability and practical deployment of dehazing technologies.
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Figure 1. Typical limitations of image dehazing methods
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Table 1. Comparison of representative single image dehazing methods
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