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Abstract: To address the limitations of existing shadow removal methods, such as insufficient modeling
of global contrast relationships, limited regional differentiation processing capabilities, and the tendency to
produce shadow residuals and boundary artifacts, a shadow removal network based on regional contrast
and boundary perception is proposed. Firstly, a multi-scale attention mechanism is designed to enhance the
consistency of image structure by utilizing complementary spatial representations and key region
enhancement. Secondly, a shadow perception module is constructed to apply differentiated feature
processing strategies to shadow and non-shadow regions, improving the continuity of shadow boundaries
and their transition areas. Then, a visual contrast attention mechanism is proposed to enhance the ability
to define cross-regional contrast relationships at the global scale. Finally, a joint loss function is designed,
with a dynamic weight adjustment strategy to guide the model to achieve a coordinated optimization of
pixel accuracy, structural consistency, and color stability. The experimental results show that, compared
with 8 representative methods on the ISTD dataset, the PSNR is improved by an average of 1. 57 dB, and
compared with 10 representative methods on the SRD dataset, the PSNR is improved by an average of
2.03 dB. Meanwhile, with 12.3M parameters, the proposed method achieves an effective balance
between reconstruction quality and model complexity. This method significantly reduces pixel-level
brightness errors and effectively suppresses shadow residuals and boundary artifacts, achieving a more
natural and reliable shadow removal effect.

Key words: shadow removal; multi-scale attention; shadow aware; visual contrast attention; cross-

regional comparison
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Fig. 3 Structure of shadow aware module
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Tab.1 Quantitative results of shadow removal on the ISTD dataset
Shadow region/S Non-Shadow region/NS All image
Ttk Params/ RMSE PSNR SSIM RMSE
M PSNR 4} SSIM 4 PSNR#A SSIM4

v A 0 v
Li# — — — 9.06 — — 6.78 29.30  0.930 7.04
DHAN™" 21.8 35.53 0.989 7.48 31.05 0.971 5.29 29.10  0.954 5.65
DSC™ 22.3 34.56 0.984 8.45 31.26 0.970 5.03 28.99  0.944 5.59
AEF Net'™ 19.7 36.10 0.975 7.77 30. 97 0. 887 5.56 29.33 0.858 5.92
Liang""”’ — 35.92 0.989 6.29 30. 04 0.965 5.64 28.57  0.989 3.35
CRFormer™" 4.9 35.66 0.988 6.96 31.25 0.968 5.63 29.32  0.957 5.85

Guo'™ — — — - — — 26.70  0.870 —
G2R™ 22.8 33.58 0.979 8.90 35.52 0.976 2.90 30.52  0.944 3.90
Ours 12.3 37.17 0.986 3.18 32.23 0.951 2.27 30.55 0.935 2.45

TE IR AR R AL (B, T R B AR A -
#x2 ESRDEEELBHEERNEELER
Tab.2 Quantitative results of shadow removal on the SRD dataset
. Shadow region/S Non-Shadow region/NS All image
ik PSNR#+* SSIM4* RMSEY PSNR+* SSIMA RMSEY PSNR#+* SSIM+* RMSEYy

SMGDM-SRA™ 34.31 0.979 8. 60 32.96 0. 980 4.30 29.78 0.950 5.20

DNSNet'* 34.52  0.984 — 31.95  0.972 — 29.41  0.949 —
SRNet"” = — 6.70 — — 3. 60 — — 4.60

Li®” 37.21 0.985 — 32.44 0.958 — 30.58 0.937 —
Shao™" 28.59 0. 950 13.00 33.57 0.983 4.10 26.99 0.924 6.70
Li* — — 10. 16 — — 6.41 29.42 0.903 7.53
DSC 30. 65 0. 960 8.62 31.94 0. 965 4.41 27.76 0.903 5.72
AEF Net'™ 32.26 0. 966 9.55 31.87 0. 945 5.74 28.40 0.893 6. 50
BMNet'®! 30.48 0. 969 6.61 29.58 0.961 3.61 26.02 0.922 4.46
DeS3™ 36. 88 0.982 5. 88 31.92 0.950 2.83 30. 08 0.926 3.72
Ours 35.72 0. 986 3.09 33.70 0.938 1.98 30.98 0.965 2.27

IE LR AR R AL, R LB R AR R A
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Fig.5 Qualitative results of shadow removal on the ISTD dataset
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Fig. 6 Qualitative results of shadow removal on the SRD dataset
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Tab. 3 Ablation experiments

MSA SAM VCA PSNR4 SSIM 4 RMSE vy

X X X 30.16  0.920 3.12

VX X 30.25 0 0.930  2.52
X N X 3023 0.931  2.53
BaseLine X X </ 30.22 0.928  2.56
v o N X 30,37 0.931  2.47
X N~ 30.43  0.932  2.51
v X N 30.330 0.932 2.52
Vo N 300550 0.935  2.45
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Fig. 7 Qualitative analysis of ablation experiments
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