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Problem Definition

Problem Definition
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Proposed Method

Network Overview
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What is MPRNet
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Proposed Method

MPRNet Stage 1
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Channel Attention Block
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Proposed Method

Supervised attention module
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Proposed Method
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Key Modules

Loss Function
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Experiments

Dataset configuration
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Experiments

Parameter Setting

Input size
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Output Comparison
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Experiments

Evaluation Metrics
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Experiments

Output Comparison

Method PSNR (dB) SSIM MSE ?glfg‘;l M“(‘;?B?‘“
CycleGAN [23] 25.3431 0.8382 348.3727 7.26 43.42
pix2pix [24] 30.9850 0.8846 68.8730 16.58 207.64
BicycleGAN [26] 30.4210 0.8653 159.4803 7.10 209.04
CUT [25] 26.2229 0.8440 287.0160 14.25 43.46
MPRNet [16] 38.5108 0.9747 14.2182 10.91 41.97
DAD [40] 34.2794 0.9257 41.4867 2.26 813.70
Qurs 38.9251 0.9761 13.4415 10.44 45.23
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Experiments

Ablation Experiment
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Baseline 1AFF MS _SSIM DCMFT

\ \ \ 1 35.1214 0.9581 26.3924

1 \ \ \ 2 36.2208 0.9654 21.5644
\ \ \ 3 38.5108 0.9747 14.2182

V \ \ 1 35.3099 0.9600 25.6271

2 v \ \ 2 36.6715 0.9676 19.5356
v \ \ \ 3 38.6133 0.9753 14.1122

v V \ 1 35.4822 0.9607 24.7388

3 Vv v \ 2 36.7619 0.9678 19.1418
\ v \ 3 38.7733 0.9756 13.8419

V V v 1 35.7354 0.9621 23.6104

4 Vi V V 2 37.2048 0.9690 17.7378
\ vV \ 3 38.9251 0.9761 13.4415
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Conclusion
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