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INTRODUCTION DATA DISTRUBUTION METHODOLOGY AND QUANTITATIVE RESULT

1. We provide SD7K, the only large-scale real- Data distribution of SD7K and quantitative com- In order to enable multi-frequency optimization, we use a Laplacian pyramid to divide the original
world dataset consisting of high-resolution | | parison across all document shadow datasets: image into two high-frequency areas (textures) and one low-frequency area (color), different frequency

shadow and the associated shadow-free im- U components are refined by distinct modules. The low frequency is sent to Dimension-Aware Trans-
ata Distribution

ages under various illumination conditions Quantitative Comparison Across Different Datasets former (DAT) and Deep Feature Extraction (DFE), and the high-frequencies are sent to a series of care-

currently. T e " fully designed convolution with Texture Recover Module (TRM).
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Figure 1: The overall structure of our FSENet. Different frequency domains are etfectively learned and optimized.

SD7K

T Method 512 X 512 1024 x 1024 2462 x 3699 (Full Size) P?I{/?)m
PSNRT SSIM+ RMSE| Time(s)| | PSNRT SSIMt RMSE| Time(s)] | PSNRt SSIMt RMSE| Time(s) |

F Input 1595  0.89  44.09 N/A 1595 090  44.09 N/A 1594 091  44.14 N/A N/A

" ? o ﬁ.__.i.- Wang 1531  0.82  47.88 > 10 1531  0.85  47.88 > 30 1529 086  47.95 > 60 N/A
e e Wang 1332 0.68  67.48 > 10 1332 071 6748 > 30 1326 074  68.07 > 60 N/A
R e e Shah 9.89 0.71  86.35 > 10 9.90 0.76  86.35 > 30 9.88 0.79  86.46 > 60 N/A
e e Jung 1986 092  26.76 > 5 19.86 093  26.76 > 10 19.82 092  26.86 > 30 N/A
U e MaskGAN 2482 087 1543 0.96 2482 085 1543 2.07 2467 086  15.72 7.59 28.29
DHAN 2561 085 = 14.27 0.21 25.60*  0.83*  14.27* N/A 2542*  0.85*  14.60* N/A 27.82

AEFNet 2418 095  16.83 0.11 23.00*  0.90*  19.14* N/A 22.94*  0.90*  19.28* N/A | 391.10

e e L I BEDSR-Net 2150 090  30.52 0.85 19.81*  0.85*  33.03* N/A 19.74*  0.86*  33.18* N/A 29.44
i g ShadowFormer | 2371 090  17.54 0.15 | 22.69* 0.84* 19.65*  N/A | 22.64* 087 1979* N/A | 11.35
S e BMNet 2486 080  15.59 0.18 24.84*  0.79* 1567+  N/A | 2470* 0.83* 1596*  N/A 2.11
e BT Ours 28.69  0.97 9.98 0.24 28.68  0.97 9.98 0.75 28.67 096  10.00 7.93 29.34

Table 1: Quantitative comparisons on the SD7K dataset of different shadow removal methods. The top result is
highlighted in red. Our proposed method significantly outperforms similar methods in terms of image quality
metrics, yet its speed does not lag far behind.
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Figure 2: Visual comparison on high-resolution of different methods for image enhancement on the SD7K dataset.
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