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Abstract

Removing shadows from a single image is an important research task in the field of computer
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vision. In response to the problem that existing deep learning shadow removal algorithms are prone
to interference between shadow and non-shadow features when dealing with complex shadows,
resulting in inconsistent boundary colors and local structural distortion, this paper proposes a
generative image shadow removal algorithm that integrates region-consistent attention. Firstly,
a diffusion model with strong data distribution fitting ability is introduced as the baseline frame-
work to model the shadow removal process as a condition-guided gradual denoising generation
process. Secondly, in order to eliminate the mutual contamination between non-shadow back-
ground and core shadow area in the feature extraction stage, a region consistent attention module
(RCAM) was innovatively designed in the encoder and decoder stages of the network. This module
uses shadow masks to strictly constrain the computational range of the self-attention mechanism,
ensuring that feature aggregation only occurs within their respective regions, effectively improv-
ing the global color consistency of lighting restoration. A large number of comparative experiments
on the ISTD dataset show that our method outperforms mainstream comparison algorithms in ob-
jective indicators such as peak signal-to-noise ratio (PSNR) and structural similarity (SSIM), and
can generate high-quality shadowless images with natural colors and smooth boundary transi-
tions.
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Figure 1. Overall architecture of a diffusion model that integrates region-consistent attention
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Figure 2. Region-consistent attention module (RCAM) structure diagram
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Table 1. Comparison table of ISTD dataset
& 1. ISTD #iR&E &R

MAE| MAE| MAE| SSIM{ SSIM{ SSIM{ PSNRf PSNR{ PSNR?t
(S) (NS) (Al (S) (NS) (Al (S.) (NS.) (All)

MaskShadowGan 12.67 6.68 7.41 - - - - - -

Method

DSC 9.48 6.14 6.67 0.967 - - 33.45 - -
DC-ShadowNet 11.43 5.81 6.57 0.976 0.958 0.922 31.69 28.99 26.38
ST-CGGAN [10] 9.99 6.05 6.65 0.981 0.951 0.929 33.74 29.51 27.44

FusionNet [11] 7.77 5.56 5.92 0.975 0.880 0.945 34.71 28.61 27.19
BMNet [12] 7.60 4.59 5.02 0.988 0.976 0.959 35.61 32.80 30.28
DMTN [13] 7.00 4.28 4.72 0.990 0.979 0.965 35.83 33.01 30.42

RDDM 6.92 4.36 4.77 0.987 0.978 0.961 36.63 32.95 30.78
Ours 6.56 4.11 4.49 0.989 0.980 0.964 37.12 33.35 31.17
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Figure 3. Visual comparison results with other methods
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Method MAE| (S.)MAE| (NS.) MAE] (All) SSIM1 (S.) SSIM1 (NS.) SSIM1 (All) PSNR? (S.) PSNRT (NS.) PSNR1 (All)

Base 6.92 4.36 4.77 0.987 0.978 0.961 36.63 32.95 30.78
+RCAM  6.80 4.25 4.58 0.988 0.982 0.964 37.02 33.25 31.07
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