Image Dehazing Transformer with Transmission-Aware 3D Position Embedding
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This supplementary material provides the detailed net-
work structure and parameters of our method and additional
experimental results.

* We provide the detailed structures and parameters of
our Transformer module, CNN encoder module, and
CNN decoder module in Figure 1, Figure 2, and Figure
3, respectively.

* We provide the comparison with winner methods(TND
[6] and DW-GAN [3]) of NTIRE 2020/2021 image de-
hazing challenge in Table 1.

* We provide the comparisons with the other two state-
of-the-art methods (CL [10] and DA [9]) in Table 2.

* We provide the comparisons of inference time with
state-of-the-art methods (FFANet [8], TND [6], and
DW-GAN [3]) for processing an image of size
1600x1200x3 using an NVIDIA 1080Ti GPU in Ta-
ble 3.

e We provide more visual comparison results in Figure
4, Figure 5, Figure 6, and Figure 7.

Table 1. Quantitative comparisons with the winner methods
of NTIRE 2020/2021 on SOTS, Dense-Haze, and NH-Haze
datasets. Our method achieves the highest PSNR and SSIM
scores on the SOTS dataset and the highest PSNR score on the
Dense-Haze dataset when compared with the 2020/2021 champion
solutions TDN [6] and DW-GAN [3].

Methods ‘ SOTS [ Dense-Haze NH-Haze
[PSNRT [ SSIMT || PSNRT | SSIMT || PSNRT | SSIMT
TDN (°20) 34.59 | 0.9754 15.50 | 0.5081 20.44 | 0.6683

DW-GAN (°21) 3594 | 0.9860 16.49 | 0.5911 21.51 | 0.7111
DeHamer (Ours) | 36.63 | 0.9881 16.62 | 0.5602 20.66 | 0.6844

*Chongyi Li (lichongyi25 @ gmail.com) is the corresponding author.

Table 2. Quantitative comparisons with two additional state-
of-the-art methods (CL [10] and DA [9]) on SOTS, Dense-
Haze, and NH-Haze datasets. Our method achieves the high-
est PSRN and SSIM scores on the Dense-Haze dataset and high-
est PSNR score on the NH-Haze dataset, and the second-highest
scores across other datasets.

Methods ‘ SOTS [ Dense-Haze NH-Haze
| PSNRT [ SSIM? || PSNR? | SSIMT [| PSNRT | SSIM}
CL (21) 37.17 | 0.9901 | 15.80 | 0.4660 || 19.88 | 0.7173
DA (°20) 2530 | 0.9423 12.56 | 0.4994 13.77 | 0.5349
DeHamer (Ours) | 36.63 | 0.9881 16.62 | 0.5602 20.66 | 0.6844

Table 3. Inference time comparisons with state-of-the-
art methods (FFANet [8], TND [6], and DW-GAN [3]).
Compared with these methods, our method achieves the
fastest inference speed.

Methods FFANet | TDN | DW-GAN | DeHamer (Ours)
Inference Time (s) 2.62 0.63 0.48 0.41
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Figure 1. Detailed network structure and parameters of the proposed Transformer module.
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Figure 2. Detailed network structure and parameters of the proposed CNN encoder module.
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Figure 3. Detailed network structure and parameters of the proposed CNN decoder module.
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(i) DeHamer (Ours)

Figure 4. Visual comparisons on a synthetic hazy image sampled from SOTS-Outdoor testing set. Zoom in for best view.
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Figure 5. Visual comparisons on a synthetic hazy image sampled from SOTS-Outdoor testing set. Zoom in for best view.
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Figure 6. Visual comparisons on a synthetic hazy image sampled from SOTS-indoor testing set. Zoom in for best view.
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Figure 7. Visual comparisons on a synthetic hazy image sampled from SOTS-indoor testing set. Zoom in for best view.



