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Motivation New Technique

We introduce PnP-DRUNet, an ADMM-based method that alternates
between enforcing the haze model and denoising with a pretrained
DRUNet prior—yielding a training-free dehazing algorithm.
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The visual comparisons show that PnP-DRUNet yields clearer
Related Work structures, fewer artifacts, and higher contrast than DCP. The method
better handles challenging regions such as sky areas, low-texture
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End-to-end deep learning methods
(AOD-Net, DehazeNet) show excellent
performance on synthetic haze datasets but
may generalize poorly to real scenes [2,3].

Joint optimization approaches combine
physical models with learned priors to
improve stability [4].

Plug-and-Play (PnP) methods avoid
task-specific training by using pre-trained
denoisers iteratively within the haze model,
offering a more flexible, training-free _ PnP-DRUNet
DCP Baseline PSNR: 22.04 dB

solution [5]. __PSNR: 16.04 dB A: +6.00 dB Ground Truth

The effectiveness of PnP heavily depends
on the choice of denoiser, motivating the
exploration of modern architectures like
DRUNet [5].
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