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Abstract

To address the limitations of traditional single-image dehazing methods, which typically estimate
atmospheric light intensity using a single global parameter and therefore have difficulty adapting
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to non-uniform illumination and haze distributions in complex scenes, often resulting in overall
darkened dehazed images, local overexposure, and color distortion, this paper proposes a single-
image dehazing method based on adaptive atmospheric light intensity prediction. The proposed
method models atmospheric light as a spatially varying distribution and dynamically predicts at-
mospheric light parameters by constructing a spatially adaptive atmospheric light estimation net-
work. Quantitative and qualitative experiments were conducted on two public datasets, SOTS-out-
door and HSTS. The experimental results demonstrate that the proposed method outperforms the
traditional DCP method in terms of both image restoration accuracy and structural preservation.
The adaptive atmospheric light prediction effectively alleviates dark artifacts and color distortion
caused by traditional methods, providing more stable dehazing performance in complex scenes
with non-uniform illumination.
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Figure 1. Overall architecture of the adaptive atmospheric light prediction network
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Figure 2. Visual comparison of the proposed adaptive atmospheric light prediction method and the traditional DCP method
on the SOTS-outdoor and HSTS datasets
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Table 1. Comparison of the proposed adaptive atmospheric light prediction method and the traditional DCP method on the
SOTS-outdoor and HSTS datasets based on PSNR and SSIM evaluation metrics
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