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Abstract

Recent advancements in neural networks have markedly improved the performance of image restoration tasks. Transformer-based
models have particularly distinguished themselves by achieving state-of-the-art results. However, despite their impressive
capabilities, these models have predominantly focused on images with single types of degradation, leaving the more complex issue
of mixed degradation largely unaddressed. In response to this gap, we introduce a novel approach: Two-stage U-Net Transformer
(TUT). TUT is specifically designed to tackle the intricacies of images with mixed degradations by strategically dividing the
restoration process into two stages where (i) spatial and (ii) color degradations are remedied subsequently. This division not only
simplifies the problem but also enhances the restoration quality. Also, our model employs both spatial-wise and channel-wise
Transformers, enhanced by modulators to amplify useful features while suppressing irrelevant ones. Finally, we optimize TUT with
learning strategies and loss functions tailored to mixed degradation restoration. Extensive experiments show that our TUT
significantly outperforms existing state-of-the-art models in restoring images affected by mixed degradations both qualitatively and
quantitatively. The findings of this study highlight TUT as a robust and comprehensive solution for complex image restoration
tasks, offering a new direction for future research and practical applications in this evolving field.
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Fig. 5. Typical synthetic degradation pipeline (left) / mixed degradation pipeline used in the experiment (right)
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Table 1. Qualitative results on test datasets (RED: Best Model, BLUE: Second-Best Model)
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Fig. 6. Qualitative results on the 96th image from the Urban100" set (Best viewed in zoom)
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Fig. 7. Qualitative results on the 25th image from the DIV2K® val. set (Best viewed in zoom)
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Table 2. Ablation study on DIV2KP? val. dataset (RED: Best performance)
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v v 4 25.22

v v v v 25.38
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(Two-stage w/ only STBG in GUN) (Two-stage w/ RGB & STBG in GUN) (Add Modulators - Full Model)
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Fig. 8. Ablation study of qualitative results on the 12th image from the DIV2KP? val. set (Best viewed in zoom)
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Table 3. Analysis on Computational Costs and Performance (RED: Best
Model, BLUE: Second-Best Model)
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