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Comparative Study of Deep Networks for Image Dehazing
Mingyu Li
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Abstract: Objective: To compare the performance of different encoder-decoder structures in dense-haze image restoration, and
analyze the influences of multi-scale feature fusion and self-attention mechanism on dehazing quality. Methods: Exploratory
experiments are carried out based on paired Dense-Haze images. Three models are constructed, including ResNet-50 encoder-
decoder, U-Net, and U-Net embedded with multi-head self-attention. All images are resized to 256x256 pixels, with a batch
size of 4, a learning rate of 1x10™ and 30 training epochs. Mean squared error is adopted as the loss function. The models are
compared in terms of convergence trend, residual haze, structural details, color restoration and artifacts. Results: The training
loss of the three models shows a downward trend. Although the ResNet-50 model converges fast, its outputs suffer from
blurriness, insufficient brightness and checkerboard artifacts. U-Net achieves better structural and color restoration by virtue of
skip connections. The U-Net with self-attention realizes more balanced processing for large-range haze distribution in samples
and obtains relatively good overall naturalness. Conclusion: Multi-scale feature transfer serves as an important foundation for
dense-haze image restoration, and global dependency modeling has the potential to further improve visual consistency. Since
independent test set and complete metrics such as PSNR and SSIM are not preserved in original experiments, the conclusions
need to be verified by unified dataset splitting, repeated training and external data.
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