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Abstract

Shadows introduce challenges such as reduced brightness,
texture deterioration, and color distortion in images, compli-
cating a holistic solution. This study presents ShadowHack,
a divide-and-conquer strategy that tackles these complexities
by decomposing the original task into luminance recovery
and color remedy. To brighten shadow regions and repair
the corrupted textures in the luminance space, we customize
LRNet, a U-shaped network with a rectified attention module,
to enhance information interaction and recalibrate contam-
inated attention maps. With luminance recovered, CRNet
then leverages cross-attention mechanisms to revive vibrant
colors, producing visually compelling results. Extensive ex-
periments on multiple datasets are conducted to demonstrate
the superiority of ShadowHack over existing state-of-the-art
solutions both quantitatively and qualitatively, highlighting
the effectiveness of our design. Our code is available at
https://github.com/lime-j/ShadowHack.

Shadow is a color as light is, but less brilliant; light
and shadow are only the relation of two tones.

— Paul Cézanne

1. Introduction
Shadows are the absence of light, an everyday phenomenon
that often shapes the aesthetic beauty of nature. However,
shadows obscure the actual shape of instances, diminishing
their visibility. Very likely, they deteriorate the performance
of various machine vision tasks, such as object detection [21,
42], face recognition [62], and semantic segmentation [63],
to name just a few. Consequently, shadow removal has
become a critical research topic.

Recent advancements in deep learning have greatly im-
proved the efficiency and accuracy of shadow removal.
Specifically, DeshadowNet [43] marked a pioneering step
with its end-to-end Convolutional Neural Network (CNN)

*Equal Contribution.
†Corresponding author. This work was supported by National Natural

Science Foundation of China under Grant nos. 62372251 and 62072327.

L
um

in
an

ce
R

G
B

(a) Input (b) SG [47] (c) HF [53] (d) Ours

Figure 1. Visual comparison between our method and state-of-the-
art methods in both Luminance and RGB spaces.

approach, while subsequent GAN-based methods [22, 36,
48, 61] further advanced the field by adopting adversar-
ial learning frameworks, enabling effective unpaired train-
ing. Additionally, Wan et al. [47] introduced style trans-
fer, and Li et al. [30] incorporated pre-trained inpainting
priors to better restore textural information. Transformer-
based architectures, such as ShadowFormer [13], Homo-
Former [53], and RASM [32], have since been developed
to restore shadow images more effectively, while diffusion-
based approaches [14, 24, 41, 49] have also demonstrated
promising results, particularly in complex scenarios where
previous generative models often struggled.

Despite these advancements, the odyssey of removing
shadows is still far from its end. As evidenced in Fig. 1,
even state-of-the-art models fail to recover color and under-
lying texture accurately. The difficulty stems from the com-
plex and intertwined nature of shadow degradation, which
involves not only reduced brightness in shadow (umbra) re-
gions [40], but also texture deterioration from the imaging
process [30, 34], and color distortion from surface material
properties and environmental color influences [7, 28, 47], an
example of which is in Fig. 2. This complexity naturally
suggests breaking down the original task, with its entangled
interferences, into isolated and simpler sub-problems, each
targeting a specific aspect and addressed independently.

Following the above line of thought, some works [16, 27,
28] attempted to estimate light and color biases as scalars.
Insights can also be drawn from the low-light enhancement
literature, where the Retinex decomposition [1, 26] is com-
monly employed [2, 17, 18, 54]. Under the Retinex theory,
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Figure 2. Example of the complex degradation in a shadow image.
a) Color shift in the umbra region; (b) Structural texture deteriora-
tion in the penumbra transition area; (c) Attenuated illumination
levels across the shadow (Blue indicates lower illumination).

an image can be decomposed into a structured illumina-
tion and a colored texture-rich counterpart. However, these
approaches encounter challenges due to the inherent inhomo-
geneity of shadows. In other words, shadow removal extends
beyond low-light enhancement and brings additional color
biases to the reflectance map. This realization underscores
the need for more sophisticated solutions to effectively dis-
entangle the complex degradations introduced by shadows.

This work invents ShadowHack, an effective shadow re-
moval framework that individually tackles illumination and
color components. ShadowHack starts with a simple yet
highly effective hack for shadow decomposition. Unlike con-
ventional methods that decouple illumination from color and
texture, we alternatively separate color from illumination
and texture. Once the input images are decomposed into lu-
minance and color components, two dedicated networks are
established, i.e., the Luminance Restoration Network (LR-
Net) and the Color Regeneration Network (CRNet). LRNet,
a lightweight transformer-based restoration model, focuses
on recovering illumination and texture. To enable an effec-
tive reference for shadow region refinement, we introduce
the RecTified Attention (RTA) Module, which employs a
rectified mechanism on window-based attentions to support
high-quality luminance restoration.

Afterward, the processed luminance serves as a guide for
querying accurate color information in shadow regions from
the non-shadow areas. We inject color information via an
ImageNet-pre-trained color encoder, which integrates color
data into the intermediate features of the skip connections
of our CRNet. This is facilitated by cross-attention mod-
ules that align the color in the shadow region with patches

of similar luminance. Through this sequential processing,
ShadowHack achieves effective shadow removal, supported
by extensive experimental results. The primary contributions
of this study are summarized as follows:
• Based on an in-depth analysis of shadow properties and

the limitations in current end-to-end decomposition meth-
ods, we introduce ShadowHack, a novel shadow removal
framework that breaks shadow removal into two distinct
subtasks: luminance recovery and color regeneration.

• We identified the distraction phenomenon in the attention
matrix of shadow removal networks, and propose RecTi-
fied Attention (RTA) to regain focus in attention layers
with marginal computational overhead, enabling precise
restoration of irregular texture and illumination.

• We design two specialized networks, LRNet and CRNet,
tailored for luminance refinement and color regeneration.
Together, these networks allow our model to achieve accu-
rate and robust results, setting new state-of-the-art perfor-
mance across benchmarking datasets.

2. Related Work
Shadow Removal. Traditional methods, such as [57]
and [45], leveraged principles of physics and mathematical
statistics on factors like illumination [10, 60], color [25, 51],
region [16], and gradient [11, 12]. However, these methods
often struggle with complex real-world scenes, where shad-
ows interact in nuanced ways with surrounding colors and
textures. Deep learning has recently made significant strides
in the field [27, 43, 48]. For instance, Qu et al. [43] proposed
to extract both global and semantic features from images,
marking an early attempt to integrate deep learning into
shadow removal. Later, Wang et al. [48] proposed a multi-
task framework that performs shadow detection and removal
concurrently, enhancing overall accuracy. Generative Adver-
sarial Networks (GANs) have also been applied to this task.
As a representative, RIS-GAN [61] incorporates residual and
illumination features to refine shadow regions, while other
works [22, 36] use unsupervised GANs to generate shadows
for achieving cycle consistency. Li et al. [30] adopted the
concept of inpainting, simultaneously using a shadow image
encoder and a generative-pretrained image encoder to ex-
tract features. Zhu et al. [65] employed normalizing flow for
a reversible link between shadow generation and removal.
Additionally, Le et al. [28] proposed a linear model that
adjusts the global lightness of shadow regions through phys-
ical modeling. More recently, diffusion models [46] have
shown even greater generative capabilities than GANs. Guo
et al. [14] pioneered the use of diffusion models for shadow
removal, refining shadow masks throughout the process. Liu
et al. [34] applied Retinex decomposition [18, 26] and used
diffusion models to refine textures under the guidance of
the obtained illumination. However, a primary drawback of
these diffusion models is their intensive computational cost.
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ViT-based Restoration. Vision Transformers (ViTs) have
demonstrated impressive performance across vision tasks,
owing to their powerful attention mechanisms that can effec-
tively capture long-range dependencies [3, 9, 19, 35, 52].
In image restoration, IPT [4] was among the first ViT-
based solutions. Unfortunately, its dependence on large-
scale paired datasets for training restricts its applicability
when data is scarce. Subsequent models have sought to
mitigate this limitation with more efficient architectures.
Uformer [50] combined UNet with a window attention, yield-
ing strong results, while Restormer [59] introduced trans-
posed attention for efficient channel-wise processing. Fur-
ther, X-Restormer [5] extended Restormer by integrating the
OCA [6] module, providing a generalized framework for
image restoration through rigorous analysis. Specific to the
domain of shadow removal, ShadowFormer [13] introduced
an attention mechanism that facilitates interaction between
shadow and non-shadow regions, while HomoFormer [53]
improved the transformer by integrating a shuffling mech-
anism into its transformer-based encoder. RASM [32] re-
freshed the window-based attention with a sliding-window
mechanism, achieving more accurate results. More recently,
OmniSR [55] leveraged DINO features and depth maps
to incorporate semantic and geometric attention into self-
attention, expanding its perception of image content and
ability to distinguish shadows. Even though, as discussed in
Sec. 1, there remains significant room for the community to
improve the effectiveness of shadow removal.

3. Problem Analysis
Degradation in umbra primarily encompasses reduced bright-
ness, color distortion, and texture degradation (e.g., noise
and blurriness), as illustrated in Fig. 2. To better understand
the types of involved degradation, we begin by formulating
shadow effects via a modified image formation model as
proposed in [1, 28, 45]. In this model, the observed pixel
intensity I(x, λ) at a given spatial coordinate x and wave-
length λ is expressed as the product of shading S(x, λ) and
albedo A(x, λ) as follows:

I(x, λ) = S(x, λ) ·A(x, λ). (1)

In scenes with a single dominant light source (e.g., sun-
light in outdoor settings), the shading for a pixel x can be
decomposed into direct Sd(x, λ) and ambient Sa(x, λ) com-
ponents:

I(x, λ) = (Sd(x, λ) + Sa(x, λ)) ·A(x, λ). (2)

However, when an object occludes the primary light source,
shadow regions occur, and the pixel intensity becomes:

I(x, λ) = a(x) · Sa(x, λ) ·A(x, λ), (3)

where a(x) ∈ [0, 1] designates a spatially varying attenua-
tion function. This non-uniform attenuation of light forms

(a) ISTD+ training set (b) ISTD+ testing set

(c) SRD training set (d) SRD testing set

Figure 3. Color bias in shadow regions between the reflectances of
shadow and shadow-free images by Retinex decomposition [18].

shadow. This involves not only illumination variance but
also challenging inconsistency in texture[31], an example of
which is illustrated in Fig. 2 (b) and (c). To obtain an RGB
image1 IRGB := {IR, IG, IB}, the observed color intensity
at each pixel is integrated across wavelengths as follows:

Ik(x) =

∫ λmax

λmin

S(x, λ) ·A(x, λ) ·Pk(λ) dλ, k ∈ {R,G,B}

(4)
where Pk(λ) is the spectral sensitivity function of the cam-
era for the k-channel and [λmin, λmax] defines the visible
spectrum range. Previous shadow removal and low-light
enhancement methods [15, 17, 18, 34] suggest that it would
be neat to decompose lightness from the shadow image fol-
lowing the Retinex theory. In these works, the image is
assumed to be decomposed into a one-channel illumina-
tion map L(x) and an illumination-invariant counterpart
(reflectance) Rk(x). For sRGB space and white-balanced
images, the operation can be formulated as:

Ik(x) ≈ L(x) ·Rk(x) = L(x)

∫ λmax

λmin

A(x, λ) · Pk(λ) dλ.

(5)
We argue that shadow posits not just illumination map

changes, but shifts that variants across the color. To quan-
tify this, we plot the per-channel color difference between
the input and ground-truth images in the reflectance map
derived from a Retinex-based illumination estimator (Fig.3).
The reflectance decomposition exhibits substantial color
bias, particularly in the red and blue channels, violating
Retinex’s assumption of illumination-invariant reflectance.
This color shift cannot be adequately addressed by previous
Retinex-inspired decomposition methods [15, 34], as their
core premise which reflectance remains uncontaminated by
illumination effects are broken down in shadow regions.

1Here, we omit the impact from the ISP pipeline.
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Figure 4. The overall architecture of ShadowHack comprises two core components: (a) a luminance restoration network, which focuses on
recovering illumination and texture, and (b) a color regeneration network dedicated to recalibrating harmonized colors for natural outputs.

We propose a novel approach to address the triple degra-
dation of reduced brightness, texture deterioration, and color
distortion in a divide-and-conquer manner. The key insight
is identifying a decomposition scheme that cleanly separates
brightness and texture information from color information.
An ideal decomposition would isolate a grayscale component
capturing illumination and textural details with minimum
color interference, alongside a pure color component that can
be independently corrected. This separation would enable
a targeted restoration process, which first recovers accurate
textural details and then uses this restored foundation as a
reliable reference for precise color regeneration.

YCbCr color space provides an optimal lossless decom-
position for this task. The Y channel, which predominantly
weights the green channel (0.587G compared to 0.299R and
0.114B), is significantly less contaminated by the color bias
that predominantly affects red and blue channels in shadow
regions. Additionally, the Y channel is specifically designed
to preserve perceptually important texture details that align
with human visual sensitivity. By first restoring this lumi-
nance component, we can recover accurate illumination and
texture information without interference from color distor-
tions. The restored luminance then serves as a geometric
and semantic guide for subsequent color regeneration, ensur-
ing spatial coherence between brightness and chrominance
adjustments. This sequential enables dedicated networks
to specialize in luminance refinement (LRNet) and chroma
harmonization (CRNet) without mutual interference.

4. Methodology
A viable solution involves separating an image into texture
It and color Ic components for texture restoration and color
regeneration, respectively. We achieve this through an invert-
ible decoupling function D(·), which splits an RGB image
I into a luminance component Iy and a chrominance com-
ponent Ic:

(It, Ic) = D(I). (6)

We adopt the conversion from RGB to YCbCr as D(I),
where It corresponds to the Y (luminance) channel, and Ic
comprises the Cb and Cr (chrominance) channels. This de-
composition isolates brightness and texture degradation in It
while retaining color distortions in Ic. The inverse function
D−1 reconstructs the final RGB image from processed com-
ponents. This manner enables a divide-and-conquer strategy
for shadow removal:

Î = D−1C(R(It), Ic), (7)

where R(·) denotes the luminance restoration network (LR-
Net) and, C(·) represents the color regeneration network
(CRNet). Î is the shadow-free output, and Ic serves as a
conditioning variable for color regeneration. Additionally,
D−1(·) is the inverse procedure of D(·).

As in Fig. 4, ShadowHack operates in three stages: 1)
Decomposition. The RGB image is decomposed via D(·)
into luminance It and color Ic components; 2) Luminance
Restoration. LRNet processes It to recover illumination
and texture, yield in Ît = R(It); 3) Color Regeneration.
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Figure 5. The rectified attention module. We compute two sets
of attention. In Att1, both texture (It) and color (Ic) are involved
while in Att2, we calculate attention with only color components.
The difference Att1 − λAtt2 delivers more accurate interactions

CRNet harmonizes colors using Ic and Ît. Finally, the es-
timated luminance and color components are recombined
using D−1(·) to produce the final shadow-free RGB result.
Below, we detail LRNet and CRNet.

4.1. Luminance Restoration Network

To eliminate shadows in It, enhancing the brightness of
the shadow areas and restoring their textures is essential.
As illustrated in Fig. 4 (a), the shallow two stages and the
refinement module in the luminance restoration network
(LRNet) are constructed using a Local Range block (LRB),
a Multi-head Transpose Attention (MTA) module, and a
Feed-Forward Network (FFN), while a RecTified Attention
(RTA) module replaces LRB in the deeper stages. The LRB
is designed to extract local texture information through a
depth-wise convolution block, capturing fine-grained details.
The MTA, which lies in the channel attention block (CAB),
following previous works [5, 59], reallocates the weights of
channels to enhance the relevant features. The FFN further
processes these extracted features to improve texture restora-
tion. Finally, the RTA module, introduced in the deeper
layers, captures more global information by focusing on re-
gions close to shadow boundaries, enabling the network to
refine luminance restoration in complex shadow regions.
Rectified Attention Module. In the shadow removal pro-
cess, achieving robust enhancement in shadow regions re-
quires restoration efforts to reference better surrounding,
related non-shadow areas. Therefore, we replace the Local
Range Block (LRB) with self-attention modules [20, 32] in
the deeper layers to capture more distant information. Since
the goal of LRNet is to cure shadow-contaminated texture
and lightness, the feature from the deep layer (i.e., blocks
with SAB equipped) becomes less and less discriminative
to shadow. As a result, the attention matrix in deep layers,
suffers from a distraction. In the first column of Fig. 6, the

Figure 6. An example of our rectified attention module. The star
indicates the position of the query token. We exhibit the attention
map from the first head of the encoder, latent, and decoder layers.
The final attention is obtained by subtracting Att2 from Att1. The
attention matrix without rectify, Att1 and Att2 are normalized to [0,
1], while their differential result is in [-1, 1].

model tends to focus on only a limited number of tokens
which may be inaccurate for shadow area refinement. We
address this via a RecTified Attention (RTA) mechanism
to rectify the original attention weight that is re-injecting
contaminated chrominance channels Ic, by combining them
into Q and K calculations (Please notice that the V is still
clear without chromance), resulting in Att1. Since this op-
eration re-integrates color bias to the calculation, inspired
by [58], we calculate a second set with only Ic as Att2. By
subtracting the two sets, LRNet has the flexibility to get rid
of chrominance information if needed.

To be specific, we obtain the features Ft corresponding
to It through convolution with downsampling, and compute
the softmax attention map for Ft and Fc, as shown in Fig. 5.
The query, key, and value matrices are formed via:

Q1 = [Ft;Fc]W
Q
1 , K1 = [Ft;Fc]W

K
1 ,

Q2 = FcW
Q
2 , K2 = FcW

K
2 , V = FtW

V ,
(8)

where W matrices are learnable projection parameters and
”;” refers to the concatenation of the two features. Next, the
above two sets of queries and keys are used to compute their
respective attentions simply by:

Atti = Softmax
(
QiK

T
i√
d

+B

)
, i ∈ {1, 2}, (9)

where B denotes the relative position bias. This allows us to
apply the rectified attention mechanism as follows:

RTA(Ft, Fc) = (Att1 −λ · Att2)V, (10)

where λ is a reweighting factor. As illustrated in Fig. 6,
such a rectified attention mechanism creates a strong affinity
with well-lit reference, urging the model to focus on relevant
content. As validated in Sec. 5.3, our rectified attention
can focus on more non-shadow area information to transfer
robust clues for shadow removal.
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Datasets Method Shadow Region (S) Non-Shadow Region (NS) All Image (ALL)
PSNR↑ SSIM↑ RMSE↓ PSNR↑ SSIM↑ RMSE↓ PSNR↑ SSIM↑ RMSE↓

ISTD+

DHAN [8] (AAAI’20) 33.08 0.988 9.49 27.28 0.972 7.39 25.78 0.958 7.74
G2R [36] (CVPR’21) 33.88 0.978 8.71 35.94 0.977 2.81 30.85 0.946 3.78
BMNet [65] (CVPR’22) 38.17 0.991 5.72 37.95 0.986 2.42 34.34 0.974 2.93
SG-ShadowNet [47] (ECCV’22) 36.80 0.990 5.93 35.57 0.978 2.92 32.46 0.962 3.41
ShadowFormer [13] (AAAI’23) 39.67 0.992 5.21 38.82 0.983 2.30 35.46 0.973 2.80
ShadowDiffusion [14] (CVPR’23) 39.82 - 4.90 38.90 - 2.30 35.72 - 2.70
Li et al. [30] (ICCV’23) 38.46 0.989 5.93 37.27 0.977 2.90 34.14 0.960 3.39
Liu et al. [34] (AAAI’24) 38.04 0.990 5.69 39.15 0.984 2.31 34.96 0.968 2.87
RASM [32] (MM’24) 40.73 0.993 4.41 39.23 0.985 2.17 36.16 0.976 2.53
Homoformer [53] (CVPR’24) 39.47 0.993 4.72 38.73 0.984 2.23 35.34 0.975 2.64
OmniSR+GM [55] (AAAI’25) - - - - - - 34.20 0.973 -
ShadowHack (Ours) 40.56 0.993 4.46 39.66 0.987 2.09 36.31 0.977 2.48

SRD

DHAN [8] (AAAI’20) 33.67 0.978 8.94 34.79 0.979 4.80 30.51 0.949 5.67
BMNet [65] (CVPR’22) 35.05 0.981 6.61 36.02 0.982 3.61 31.69 0.956 4.46
SG-ShadowNet [47] (ECCV’22) - - 7.53 - - 2.97 - - 4.23
ShadowFormer [13] (AAAI’23) 36.91 0.989 5.90 36.22 0.989 3.44 32.90 0.958 4.04
ShadowDiffusion [14] (CVPR’23) 38.72 0.987 4.98 37.78 0.985 3.44 34.73 0.970 3.63
Li et al. [30] (ICCV’23) 39.33 0.985 6.09 35.61 0.967 2.97 33.17 0.940 3.83
Liu et al. [34] (AAAI’24) 36.51 0.983 5.49 37.71 0.986 3.00 33.48 0.967 3.66
DeS3 [24] (AAAI’24) 37.45 0.984 5.88 38.12 0.988 2.83 34.11 0.968 3.72
RASM [32] (MM’24) 37.91 0.988 5.02 38.70 0.992 2.72 34.46 0.976 3.37
Homoformer [53] (CVPR’24) 38.81 0.987 4.25 39.45 0.988 2.85 35.37 0.972 3.33
OmniSR+GM [55] (AAAI’25) - - - - - - 34.56 0.977 -
ShadowHack (Ours) 39.47 0.991 4.18 40.06 0.994 2.38 35.94 0.982 2.90

Table 1. Quantitative results on the ISTD+ and SRD datasets. The best results are in bold, while the second-best ones are underlined.

4.2. Color Regeneration Network

After restoring texture and lighting information in the lumi-
nance channel, the next task is to accurately regenerate color.
Inspired by exemplar-based colorization models [23, 29, 39],
we leverage contextual cues and condition-based guidance
to improve color fidelity and ensure alignment with the se-
mantic content of the images. Concretely, we propose a dual-
encoder network, termed CRNet, which integrates a multi-
scale color feature extractor into the U-shaped architecture of
LRNet. The color encoder is a ConvNext-v2 atto model [37]
pre-trained on ImageNet-21k with 2M parameters, which
takes the Cb and Cr channels as input and extracts color
features across multiple scales, as illustrated in Fig. 4 (b).
To achieve precise color restoration, the network shall refer-
ence regions with similar/identical material properties and
accurate color, using them as reliable guides for color regen-
eration. The outputs generated by LRNet provide qualified
indexing information to facilitate this purpose. Therefore, we
introduce an attention-based mechanism where luminance
features serve as the query and key to compute similarity,
while color features act as the value, aggregating essential
color information. This approach injects color features into
the skip connections of the U-shaped backbone, remarkably
enriching the network’s color regeneration capability.
Multiple Checkpoint Training. We observe that the lu-
minance network often yields better performance on the
training set, which suggests the color regeneration network
faces challenges in adapting to imperfect luminance out-

puts encountered during testing. To address this issue, we
employ a simple yet effective way to overcome this issue,
where multiple early-stage checkpoints from the luminance
network training are randomly selected as candidates. This
technique, applied only during training, strengthens the ro-
bustness of the color network without incurring additional
computational costs at inference time.

5. Experimental Validation
5.1. Experimental Setup
Implementation details. Our models are implemented in
PyTorch, and the entire training process utilizes the AdamW
optimizer [38] with momentum set to (0.9, 0.999) and a
weight decay of 10−2. The initial learning rate is set to
2 × 10−4. During training, we randomly crop the training
data into patches of size 384×384. For the base network of
each stage, we use a four-layer encoder-decoder structure
(from L1 to L4), consisting of three downsampling and three
upsampling operations. The dimension of the first layer is
32. Our RTA modules are integrated into L3 and L4, with
an overlapping ratio set to 0.5 and a rectified mechanism
λ0 value of 0.7. For training, we use L1 and VGG loss
terms as employed in previous works [32, 34]. For detailed
information on the implementation of each stage and training
setup, please refer to the supplementary material.
Datasets. We conduct our experiments on the following
benchmark datasets for shadow removal: 1) Adjusted ISTD
(ISTD+) dataset [27], which refines the ISTD dataset [48]
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(a) Input (b) BMNet [65] (c) SG [47] (d) SF [13] (e) HF [53] (f) RASM [32] (g) Ours (h) GT

Figure 7. Visual comparison on a sample from the ISTD+ dataset.

(a) Input (b) BMNet [65] (c) SG [47] (d) DMTN [33] (e) DeS3 [24] (f) HF [53] (g) Ours (h) GT

Figure 8. Visual comparison on a sample from the SRD dataset.

Metric RGB Input YCbCr Input Retinex-based Ours

PSNR↑ 36.16 35.62 35.85 36.31
RMSE↓ 2.53 2.62 2.63 2.48

Table 2. Ablation study of the proposed decoupling framework on
the ISTD+ dataset.

by correcting the illumination discrepancies between the
ground-truth and input images, includes 1330 training and
540 testing triplets (shadow image, shadow-free image, and
shadow mask); 2) SRD dataset [43] consists of 2680 training
and 408 testing pairs. We adopt the predicted masks provided
by DHAN [8] for training and testing following previous
works [32, 53, 65]; 3) UIUC dataset [16] provides 76 im-
ages with shadow mask for testing; and 4) UCF dataset [64]
provided by Jin et al. [24] contains shadow images without
shadow-free references.
Evaluation metrics. To evaluate the performance of our
proposed framework, we utilize the Peak Signal-to-Noise
Ratio (PSNR), Structural Similarity Index Measure (SSIM),
and Root Mean Square Error (RMSE). PSNR and SSIM
are both calculated in the RGB space, with higher values
indicating better results. For RMSE, which is calculated
in the LAB color space, the lower values indicate better
results. To be consistent with previous works [32, 53, 65],
we inference the full-resolution image and then evaluate the
images at a resolution of 256×256 .

5.2. Comparison with Prior Arts
We compare our method with the state-of-the-art shadow
removal approaches on benchmark datasets, including
DHAN [8], G2R [36], BMNet [65], SG-ShadowNet [47],
ShadowFormer [13], ShadowDiffusion [14], Li et al. [30],
Liu et al. [34], DeS3 [24], Homoformer [53], RASM [32]

(a) Input (b) RGB Input (c) w/o rectify (d) Ours

Figure 9. Ablation study on rectified attention. The results are
displayed in the luminance space.

and OmniSR+GM [55] (GM means the version with shadow
mask), as shown in Tab. 1. For a fair comparison, we use
results published by the authors. Regarding missing data,
we utilize available images or checkpoints provided by the
authors and evaluate them via the same metrics.

Our proposed method achieves the highest scores in most
metrics on the ISTD+ dataset compared to other state-of-
the-art methods. Specifically, our model attains a PSNR of
36.31 for all image regions, surpassing the second-highest
result of 36.16 by 0.15. The high PSNR highlights our
model’s ability to recover texture details effectively, demon-
strating superior reconstruction quality. Additionally, the
RMSE value of 2.48 is the lowest, which indicates that our
recoloring module plays a crucial role in accurately restor-
ing color information and reducing errors across the entire
image. From the magnified areas in Figs. 7 and 8, it can
be observed that our method not only effectively corrects
color bias but also provides superior edge correction com-
pared to other methods. The second part of Tab. 1 presents a
comparison of our results on the SRD dataset against other
state-of-the-art methods. It can be observed that our method
achieves a significant improvement in RMSE (-0.43), fur-
ther demonstrating the substantial benefit of the decoupling
approach for color recovery.
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Method Shadow Non-Shadow All
PSNR ↑ PSNR ↑ PSNR ↑

[Ft] 39.96 41.27 36.60
[Ft;Fc] 40.17 41.29 36.76
[Ft]&[Ft] 40.02 41.18 36.58
[Ft;Fc]&[Ft;Fc] 40.35 41.37 36.87
[Ft;Fc]&[Fc] 40.36 41.40 36.90

Table 3. Ablation study of the proposed rectified attention module
on the SRD dataset. We calculate PSNRs on the luminance.

(a) Input (b) SG [47] (c) SF [13] (d) HF [53] (e) Ours

Figure 10. Visual comparisons on the UIUC and UCF datasets.

5.3. Ablation Study
Effect of the decoupling framework. To validate the ef-
fectiveness of our decoupling framework, we fine-tune our
baseline model structure to adapt to RGB and YCbCr in-
put/output for end-to-end shadow removal and compare its
performance with our decoupling framework. As shown in
Tab. 2, our decoupling approach significantly improves both
PSNR and RMSE. Moreover, based on Retinex decomposi-
tion, we separately recover L and R, and compare it with our
decoupling method. Detailed architectures are provided in
the supplementary material. This improvement indicates that
this strategy benefits texture recovery and color correction.
Effect of rectified attention module. We demonstrate the
effectiveness of the rectified attention module in Tab. 3, by
conducting experiments on rectification mechanisms. Fur-
thermore, extra experiments are conducted on different fea-
ture combinations of rectified approaches to explore more
suitable configurations. [X] & [Y ] in Tab. 3 means per-
forming a subtraction calculation of corresponding maps
for rectification between X and Y . [X] alone denotes only
one pair of Q and K is used, where both inputs are X .
Clearly, leveraging color information, even with inherent
bias, can allow shadow regions to better reference surround-
ing areas, resulting in significant performance improvements.
As for potential color bias, rectification refines the atten-
tion map for greater precision. Furthermore, we find that
[Ft;Fc]&[Fc] slightly outperforms [Ft;Fc]&[Ft;Fc], and
thus we ultimately choose [Ft;Fc]&[Fc]. Fig. 9 visualizes
the effectiveness of rectification, which has a more precise
result with less edge remaining.

Method Shadow Non-Shadow All
RMSE ↓ RMSE ↓ RMSE ↓

w/o cross-att. 5.78 2.64 3.39
w/o multi checkpt. 5.01 2.59 3.28
Ours 4.18 2.38 2.90

Table 4. Ablation study of the CRNet on the SRD dataset.

(a) dirty mask (b) refined mask (c) w/o refinement (d) w refinement

Figure 11. Robustness analysis under corrupted mask. The accurate
mask is highlighted in red. For fairness, we only involve mask
refinement network here, and it is not involved in any comparision.

Effect of the color restoration network. To validate the
effectiveness of the key component and design in the CRNet,
we replace the cross-attention-based color feature injection
with concatenation along the feature channel. As demon-
strated in Tab. 4, if cross-attention is replaced, the accuracy
has dropped by a large margin, indicating the effectiveness
of the cross-attention. Furthermore, the model suffers from a
misalignment between training and testing luminance results
if no previous checkpoints are involved.

5.4. Robustness Analysis
Generalization to other datasets. To demonstrate the gen-
eralization capability of ShadowHack, we evaluate it on
the UIUC [16] and UCF [64] datasets with our ISTD+ pre-
trained model. The results are presented in Fig. 10, where
ShadowHack achieves the cleanest shadow removal with
minimal color bias. More comparisons are available in the
supplementary material.
Robustness to inaccurate masks. To get rid of the perfor-
mance degradation brought by inaccurate masks, we propose
a mask refine network, which corrects the mask for better
generalization. After our remediation, the result is recovered
from inaccurate enlightening, as in Fig. 11 shows. More
details are available in the supplementary material.

6. Conclusion
This work proposed a novel framework, ShadowHack, which
decouples images into luminance and color components,
enabling targeted processing for more effective shadow re-
moval. This approach can well address limitations in existing
end-to-end models by enhancing the use of color informa-
tion to improve both texture and luminance recovery. To
further boost shadow removal, a rectified attention mech-
anism has been designed to boost the reference ability of
self-attention. Additionally, the color regeneration network
has demonstrated its critical role in accurately correcting im-
age colors. Extensive experimental results have underscored
the superior performance and robustness of our model.
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