Cross-Scale Collaborative Dual-Resolution Network
for Shadow Removal
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Abstract—Image shadow removal is inherently challenging
due to its spatially non-uniform and context-dependent na-
ture: degradation is local, while accurate correction requires
reliable guidance from distant non-shadowed regions. Existing
approaches struggle to balance this duality. Global or attention-
based models often introduce irrelevant information that con-
taminates shadow regions, whereas purely local methods fail to
fully exploit long-range contextual cues. To address this issue,
we propose a Dual-Resolution Collaborative Encoding (DRCE)
framework that explicitly models fine-grained structural details
and global context through two interacting resolutions. DRCE
employs a high-resolution pathway to preserve detailed spatial
structures and a low-resolution pathway to capture stable global
illumination context. Their interaction is enabled by a Cross-
Scale Collaborative Fusion (CSCF) module, which performs
content-adaptive cross-scale token interaction to selectively in-
tegrate complementary information. Extensive experiments on
multiple public benchmarks demonstrate that the proposed
method achieves strong quantitative performance and high visual
quality.

Index Terms—shadow removal,
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I. INTRODUCTION

Shadows, caused by the occlusion of direct light, lead to
non-uniform illumination and color distortion across scenes.
This pervasive degradation not only compromises visual qual-
ity but also severely hinders downstream vision tasks such as
object detection [ 1], tracking [2], and scene relighting [3]. The
core challenge of shadow removal lies in its inherent tension
between localized restoration and global contextual reasoning.
While the degradation is confined to shadow regions, the
essential cues for accurate correction—true illumination and
material color—must be inferred from non-shadowed areas
that may be both distant and contextually heterogeneous.
Existing learning-based shadow removal methods struggle to
balance fine structural detail preservation with global illumi-
nation consistency.
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Convolutional Neural Networks are effective at modeling
local textures and boundaries, but their inherently limited
receptive fields hinder long-range contextual reasoning, even
when multi-scale aggregation is employed [11], [12]. Vi-
sion Transformers alleviate this limitation by enabling global
information exchange through self-attention [15]. However,
their high computational cost often necessitates windowed
attention, which reintroduces locality constraints. More crit-
ically, standard self-attention performs indiscriminate feature
mixing across all spatial positions, making it difficult to se-
lectively control information flow between shadowed and non-
shadowed regions. This often leads to feature contamination
and artifacts such as blurred boundaries or residual color casts.

Recent works attempt to address these issues via structured
or region-aware attention mechanisms. For example, Homo-
Former [4] employs spatial shuffle and unshuffle operations
to extend the effective receptive field of window-based at-
tention, while DES3 [19] and regional decay attention [20]
introduce adaptive weighting strategies to modulate cross-
region interactions. Despite these advances, such methods still
operate on single-scale feature representations, where fine-
grained structural details and global illumination cues are
mixed within the same attention space. While this overlooks
the intrinsic multi-scale nature of shadow removal, it under-
scores a more fundamental insight: reliable shadow removal
requires information from distinct spatial scales. Fine-grained
details are crucial for preserving local structures like edges and
textures, whereas broader, low-frequency cues govern global
illumination and color consistency.

Motivated by this observation, we propose a Dual-
Resolution Collaborative Encoding (DRCE) framework. In-
stead of relying on single-resolution attention, DRCE explic-
itly separates and coordinates detail-sensitive and context-
stable representations through two parallel yet interacting
pathways: a high-resolution branch that preserves spatial de-
tail, and a complementary low-resolution branch that captures
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Fig. 1: An illustration of our proposed framework. (a) Overall network architecture. (b) Basic Block. (c) DRCE Block. The
framework adopts a dual-resolution encoder—decoder architecture, where Basic Blocks and DRCE Blocks are stacked
hierarchically to model local structural details and global illumination context.

stable, global contextual information.

The interaction between these two pathways is orchestrated
by a Cross-Scale Collaborative Fusion (CSCF) module, which
operates at the token level. CSCF groups high-resolution
tokens with their corresponding low-resolution counterparts
and employs a cross-scale token interaction mechanism to
enable selective, semantically-aware information exchange.
Fusion weights are dynamically predicted from aggregated
token statistics, ensuring that contextual information guides
local restoration only when relevant. This design effectively
mitigates the feature contamination prevalent in conventional
attention mechanisms, allowing for precise local correction to
be informed by reliable, distant context.

Extensive experiments on multiple benchmark datasets
demonstrate that our approach achieves state-of-the-art per-
formance. The results confirm that by explicitly orchestrating
cross-scale collaboration through CSCEF, our model success-
fully resolves the core challenge of shadow removal: leverag-
ing distant contextual guidance to perform precise, localized
restoration without introducing structural or chromatic arti-
facts.

In summary, the main contributions of this paper are as
follows:

o We propose a novel Dual-Resolution Collaborative En-
coding (DRCE) framework that explicitly models high-
resolution structural details and low-resolution global
context through two interacting, functionally complemen-
tary pathways.

o We introduce a Cross-Scale Collaborative Fusion (CSCF)
module that enables content-adaptive and selective inter-
action between cross-scale tokens, achieving a principled
balance between local structural precision and global

illumination consistency.

o Extensive experiments on multiple public benchmarks
demonstrate that the proposed method achieves state-of-
the-art or highly competitive performance in both quan-
titative metrics and visual quality, producing shadow-
free images with sharper boundaries, improved structural
integrity, and more natural color consistency.

II. METHOD

In this section, we present the proposed Dual-Resolution
Collaborative Encoding (DRCE) framework for image shadow
removal. The framework is designed to jointly capture fine-
grained spatial details and global contextual cues through col-
laborative multi-scale encoding. We first introduce the overall
encoder—decoder architecture, followed by the dual-resolution
encoding mechanism that leverages the complementary roles
of different spatial resolutions. Finally, we describe the cross-
scale token interaction strategy used for effective multi-scale
feature fusion.

A. Overall Framework

As illustrated in Fig. 1, our network adopts a U-shaped
encoder—decoder architecture [5], [6] built upon the proposed
Dual-Resolution Collaborative Encoding (DRCE) paradigm.
Following common practice in shadow removal, the input
shadow image and its corresponding shadow mask are concate-
nated along the channel dimension and projected into an initial
feature space through a convolutional input projection layer.
This fused representation serves as the basis for all subsequent
hierarchical feature learning.

The encoder comprises multiple stages with progressively
reduced spatial resolution. In the shallow stages, where shadow
boundaries and local contrast variations are most prominent,
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Fig. 2: Tllustration of the Dual-Resolution Collaborative Encoding (DRCE) with the Cross-Scale Collaborative Fusion
(CSCF). Within each DRCE, high-resolution and low-resolution branches interact through the proposed Cross-Scale
Collaborative Fusion (CSCF) mechanism, enabling effective cross-scale information collaboration for shadow removal.

we employ DRCE Blocks to enhance feature representations
with explicit cross-scale awareness. Each DRCE Block is
a residual encoding unit that integrates a DRCE module
and a Structure-enhanced MLP (SMLP). The DRCE module
is responsible for modeling cross-resolution interactions by
selectively incorporating complementary information from the
other resolution stream, while the SMLP further refines the
fused features to strengthen local structural representations.
By stacking DRCE Blocks, the network repeatedly performs
cross-resolution interaction within each DRCE module, en-
abling effective coordination between fine-grained structural
details and global illumination context from the early stages
of feature extraction.

As the encoder proceeds to deeper stages with lower spatial
resolution, the features naturally exhibit stronger semantic ab-
straction. At this stage, we switch to Basic Blocks to efficiently
refine representations without the overhead of explicit dual-
resolution modeling. Each Basic Block follows a residual
design and consists of a normalization layer, a local mod-
eling module implemented via shuffled window-based self-
attention [7], and a Structure-enhanced MLP (SMLP) [4]. This
design stabilizes optimization and consolidates local repre-
sentations while avoiding unnecessary cross-scale complexity
in deeper feature spaces. Downsampling between adjacent
encoder stages is performed using strided convolutions, pro-
gressively expanding the receptive field.

The decoder mirrors the encoder in a symmetric manner,
progressively restoring spatial resolution through a series of
upsampling stages. At each stage, decoder features are con-
catenated with their corresponding encoder features via skip
connections, which is crucial for recovering high-frequency
details, particularly around complex shadow boundaries. The
fused features are then refined using a combination of DRCE
Blocks and Basic Blocks, allowing cross-scale collaboration
to guide the reconstruction process while preserving local
structural fidelity and global illumination consistency.

Finally, an output projection layer maps the decoded fea-
tures back to the RGB space. A global residual connec-
tion adds the network output to the original shadow im-
age, encouraging the model to focus on learning residual
shadow corrections rather than reconstructing the entire image.

Through this hierarchical encoder—decoder design, empowered
by the complementary use of DRCE Blocks and Basic Blocks,
the proposed framework effectively balances local structural
preservation and global illumination correction, leading to
high-quality shadow removal results.

B. Dual-Resolution Collaborative Encoding

Given an input feature map X € R¥*WXC our DRCE
module internally derives and processes complementary rep-
resentations at two distinct spatial resolutions to facilitate
subsequent cross-scale collaboration. Rather than employing
completely disparate operators for each branch, we adopt a
unified architectural template, allowing functional specializa-
tion to emerge naturally from the resolution difference itself.
This design promotes both modularity and learning efficiency.

a) High-Resolution Branch: This branch operates di-
rectly on the original feature map X at full resolution. To
break the locality constraints of standard window-based at-
tention and enable long-range interactions while maintaining
computational efficiency, we apply a global spatial shuffle
operation S(-), followed by window-based multi-head self-
attention (WinAttn), and finally the inverse shuffle S71(-):

Xnigh = S~ (WinAttn(S(X))) . (1)

By randomly permuting token positions before window par-
titioning, the shuffle operation allows distant tokens to be
reassigned into the same local window, thereby enabling the
high-resolution branch to capture fine-grained spatial details
while also modeling long-range dependencies. This capability
is particularly important for accurately representing shadow
boundaries and local texture variations.

b) Low-Resolution Branch: The low-resolution branch
aims to derive a compact and semantically stable represen-
tation by abstracting away fine spatial details. It first down-
samples the input feature map X by a factor of two using
average pooling:

Xiow = AvgPool(X). )

The same shuffle-based window attention pipeline is then
applied to the downsampled feature map:

Xiow = S (WinAtn (S (Xiow)) ) - 3)



Due to the reduced spatial resolution, each token in Xy
corresponds to a larger receptive field in the original image. As
a result, this branch is naturally suited to modeling global, low-
frequency contextual information, such as overall illumination
trends and coherent color distributions, which provides stable
semantic guidance for shadow region restoration.

¢) Resolution-Induced Functional Complementarity: Al-
though both resolution streams share an identical sequence
of operations—namely shuffle, window-based attention, and
inverse shuffle—their functional behaviors diverge signifi-
cantly due to the difference in input resolution. The high-
resolution branch becomes specialized in capturing local, high-
frequency signals such as textures, edges, and precise shadow
boundaries. In contrast, the low-resolution branch focuses on
integrating broader, smoother contextual cues. This resolution-
induced functional complementarity, yielding detail-sensitive
and context-stable representations, forms the foundation of
our collaborative encoding strategy. Effectively fusing these
complementary representations is the key challenge addressed
by the proposed Cross-Scale Collaborative Fusion (CSCF)
module, which is described in the following section.

C. Cross-Scale Collaborative Fusion

To effectively integrate complementary information from
high-resolution and low-resolution representations, we propose
the Cross-Scale Collaborative Fusion (CSCF) module. As
illustrated in Fig. 2, CSCF performs dynamic, content-aware
fusion by emphasizing fine-grained structural cues from high-
resolution features in detail-rich regions, while leveraging
stable global context from low-resolution features in homoge-
neous or heavily shadowed areas. This design enables accurate
reconstruction across shadow boundaries while maintaining
both local precision and global consistency.

The core strategy of CSCF consists of cross-scale token
grouping, token-level adaptive weighting mechanism, and
channel-level gating. For each position in the low-resolution
feature map, four high-resolution features with different spatial
offsets corresponding to the same low-resolution position are
collected:

« [ 00 _10 _01 _11
Xhigh = {whigh’ Thigh» Lhighs whigh} ) “4)

where the superscript (-,-) indexes spatial offsets within the
corresponding high-resolution neighborhood. The correspond-
ing low-resolution feature at the same spatial location is
denoted as xj,. These features are concatenated to form a
five-token group:

T = Concat(Xyigh, Tiy) ; )

which jointly represents fine-grained local details and coarse
global context.

To adaptively fuse these tokens, CSCF estimates token
importance based on channel-wise statistics by first averaging
each token along the channel dimension and then applying a
lightweight MLP followed by a softmax operation:

w = Softmax(MLP(mean.(7))) . (6)

For each spatial location, let T = {¢1,t2,t3,t4,t5} denote
the five tokens, where t1, ..., %4 correspond to the four high-
resolution tokens sampled at different spatial offsets, and ts
denotes the associated low-resolution token. Each token t; €
R® represents a C-channel feature vector, and the predicted
weights w = {wy, ..., ws} satisfy w; > 0 and Z?:l w; = 1.
The token-level fused feature at each spatial location (h,w) is
obtained via weighted aggregation:

Tiused = Y W; - L. (7)
i=1

Stacking xgseq Over all spatial locations yields the fused fea-
ture map Xpysea € RIXWXC To further suppress potentially
noisy channels and stabilize cross-scale fusion, CSCF employs
a lightweight channel-level gating mechanism. The gate is
computed by applying a sigmoid function to the spatially
averaged fused feature map:

g= U(meanhm(xfused)) , ¥

where meany, v (-) denotes averaging over spatial dimensions.
The gated fusion output is then obtained by adaptively com-
bining the fused feature with the original low-resolution rep-
resentation:

)qused =g ®© Xfused + (]- - g) © Xlow; (9)

where © denotes element-wise multiplication. Since the fused
representation resides at the low-resolution scale, CSCF up-
samples it to match the spatial resolution of the block input:

X1

fused — Upsample(f(fUSed)' (10)

Through this design, CSCF dynamically balances local pre-
cision and global consistency by performing content-aware,
token-level fusion across scales, while the channel-level gate
further mitigates cross-scale interference. By selectively en-
hancing shadow boundary details using high-resolution cues
and relying on low-resolution features for stable illumination
and semantic guidance, CSCF helps reduce boundary artifacts
and color inconsistency in shadowed regions.

III. EXPERIMENTS

A. Experimental Settings

All experiments are implemented using PyTorch and con-
ducted on a workstation equipped with a single NVIDIA
GeForce RTX 4090 GPU. The network is optimized using
the Adam optimizer with 8 = 0.9 and 2 = 0.999. We
initialize the learning rate to 2 x 10~% and gradually decay
it to zero using a cosine annealing schedule. Weight decay
is applied for regularization to alleviate overfitting. During
training, input shadow images and their corresponding masks
are resized to a fixed resolution and randomly augmented
using rotations as well as horizontal and vertical flips. Unless
otherwise specified, the model is trained for 600 epochs with
a batch size of 4.



TABLE I: Comparison with SOTA methods on the SRD dataset. The best result is in bold, and the second-best is underlined.

Method ‘ Shadow ‘ Non-Shadow ‘ All

| RMSE| PSNR{ SSIM{ | RMSEL PSNRT SSIM{ | RMSEL PSNR{ SSIM{
DHAN(Cun et al. 2020) [11] 894 3367 0978 | 480 3479 0979 | 567 3051  0.949
AEF(Fu et al. 2021) [12] 797 3205 0955 | 530 3175 0939 | 614 2826  0.866
BMNet(Zhu et al. 2022) [13] 661 3505 0981 | 361 3602 0982 | 446 3169 0956
SGNet(Wan et al. 2022) [14] 652 3344 0968 | 3.4 3718 0982 | 424 3135 0934
ShadowFormer(Guo et al. 2023a) [15] 590 3691 0982 | 344 3622 0983 | 404 3290 0957
ShadowDiffusion(Guo et al. 2023b) [16] | 4.98 3872 0987 | 344 3778 0985 | 3.63 3473 0970
Inpaint4(Li et al. 2023) [17] 539 3570 0974 | 3.4 3740 0983 | 389 3290 0943
RRLNet(Liu et al. 2024) [18] 549 3651 0983 | 300 3771 0986 | 3.66 3348  0.967
DeS3(Jin et al. 2024) [19] 588 3745 0984 | 283 3812 0988 | 372 3411 0968
HomoFormer(Xiao et al. 2024a) [4] 4.25 38.81 0.987 2.85 39.45 0.988 3.33 35.37 0.972
FW-Former(Zhu et al. 2025) [20] 448 3861 0989 | 291 3835 0992 | 329 3488 0975
Ours | 407 3896 0985 | 245 4048 0992 | 3.00 3590 0972

TABLE II: Comparison with SOTA methods on the ISTD+ dataset. The best result is in bold, and the second-best is

underlined.

Method \ Shadow \ Non-Shadow \ All
| RMSE| PSNRT SSIM{ | RMSE| PSNR{ SSIM{ | RMSE, PSNR{ SSIM{t

DHAN(Cun et al. 2020) [11] 9.60 3298 0987 | 744 2712 0973 | 7.80 2565  0.955
AEF(Fu et al. 2021) [12] 6.64 3618 0977 | 3.75 3131 0.884 | 420 2959  0.849
BMNet(Zhu et al. 2022) [13] 6.24 3737 0990 | 246  37.85 0984 | 3.02 3395 0967
SGNet(Wan et al. 2022) [14] 6.46 3691 0989 | 295 3547 0976 | 345 3246 0.956
ShadowFormer(Guo et al. 2023a) [15] 534 3954 0992 | 234 3872 0984 | 281 3544 0972
ShadowDiffusion(Guo et al. 2023b) [16] | 4.97 39.69 0992 | 228 3889 0987 | 272 3567 0975
Inpaint4(Li et al 2023) [17] 6.12 3809 0989 | 292 3695 0977 | 343 33.81  0.960
RRLNet(Liu et al. 2024) [18] 569 3804 0990 | 231 39.15 0984 | 287 3496 0968
DeS3(Jin et al. 2024) [19] 6.57 3638 0988 | 3.45 3400 0966 | 3.98 3097  0.946
HomoFormer(Xiao et al. 2024a) [4] 492 3951 0.991 227 3865 0982 | 268 3532 0.970
FW-Former(Zhu et al. 2025) [20] 4.71 40.11 0993 | 215 3921 0987 | 258 3584 0975
Ours | 463 4022 0992 | 219 3908 0985 | 256 3592 0.973

B. Datasets free images and their corresponding ground-truth images are

We evaluate our method on two standard single-image
shadow removal benchmarks: SRD [8] and ISTD+ [9]. The
SRD dataset [8] contains 3,088 paired shadow and shadow-
free images, with 2,680 images for training and 408 for testing.
Since SRD does not provide ground-truth shadow masks, we
follow prior works and use the DHAN-predicted masks [11]
for both training and evaluation. The ISTD+ dataset [9] is
an improved version of ISTD [10], in which illumination
inconsistencies in the original annotations are corrected. It
consists of 1,870 triplets (shadow image, shadow-free image,
and shadow mask), split into 1,330 training and 540 testing
samples. The availability of accurate shadow masks in ISTD+
provides reliable supervision for both shadow boundary mod-
eling and appearance restoration.

C. Evaluation Metrics

To quantitatively evaluate different methods, following the
previous methods [12], [21], [22], all predicted shadow-

resized to 256 x 256 for fair comparison. We adopt three
metrics: root mean square error (RMSE) in the LAB color
space, Peak Signal-to-Noise Ratio (PSNR), and Structural
Similarity Index (SSIM) in the RGB space. Lower RMSE and
higher PSNR/SSIM indicate better restoration. These metrics
jointly reflect color accuracy, signal fidelity, and structural
consistency.

D. Comparison with State-of-the-Art

We compare our proposed method with representa-
tive state-of-the-art shadow removal approaches, including
DHAN [11], AEF [12], BMNet [13], SGNet [14], Shad-
owFormer [15], ShadowDiffusion [16], Inpaint4 [17], RRL-
Net [18], DES3 [19], HomoFormer [4], and FW-Former [20].
All results are obtained from official publications or publicly
released code.

a) Quantitative Evaluation: The quantitative compar-
isons on the SRD [&] and ISTD+ [9] datasets are summarized
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Fig. 3: Visual comparison on the SRD dataset. First row: full-resolution images. Second row: zoomed-in regions.

(a) Input (b) SGNet (c) BMNet
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(e) HomoFormer (f) Ours (g) GT

Fig. 4: Visual comparison on the ISTD+ dataset. First row: full-resolution images. Second row: zoomed-in regions.

in Tab. I and Tab. II, respectively. Our method consistently
achieves the best or highly competitive performance across all
evaluation metrics.

On the SRD dataset [8], our method achieves the best overall
performance in the All region, with an RMSE of 3.00 and a
PSNR of 35.90 dB. Compared with the second-best method,
our approach reduces RMSE by 0.29 and improves PSNR by
0.53 dB, demonstrating superior global restoration quality. In
shadow regions, our method also achieves the lowest RMSE
(4.07) and the highest PSNR (38.96 dB), indicating more
accurate correction in challenging shadow areas.

On the ISTD+ dataset [9], our method again delivers the
best overall performance. For the All region, it achieves an
RMSE of 2.56 and a PSNR of 35.92 dB, surpassing the
second-best FW-Former [20] by 0.02 in RMSE and 0.08
dB in PSNR. Although the numerical margins are relatively
small, they consistently favor our method, reflecting its stable
advantage across different datasets and evaluation settings.
These improvements can be attributed to the dual-resolution
collaborative encoding and the content-adaptive cross-scale
fusion mechanism, which effectively integrates fine-grained
structural details and global illumination cues.

b) Qualitative Evaluation: Qualitative comparisons on
the SRD [&] and ISTD+ [9] datasets are shown in Fig. 3 and
Fig. 4. From the visual results, our method produces cleaner
shadow removal and smoother transitions across shadow
boundaries compared with existing approaches. Methods such
as SGNet [14] and BMNet [13] often leave residual dark
traces or over-smooth local structures, while diffusion-based
or transformer-based models may introduce slight color shifts
near shadow edges. In contrast, our results exhibit more

accurate illumination recovery and better color consistency,
especially in regions with complex textures or sharp shadow
boundaries. The zoomed-in regions highlight that our method
preserves fine details while effectively removing shadow arti-
facts, leading to visually more natural and coherent shadow-
free images.

E. Ablation Study

We conduct ablation studies on the ISTD+ dataset [9] to
evaluate the effectiveness of the proposed Dual-Resolution
Collaborative Encoding (DRCE) and Cross-Scale Collabora-
tive Fusion (CSCF). As summarized in Tab. III, we pro-
gressively analyze the impact of introducing dual-resolution
encoding and advanced cross-scale fusion strategies.

The first variant (w/o DRCE) removes the low-resolution
branch and retains only the high-resolution pathway, thereby
disabling DRCE and relying solely on single-scale feature
encoding. This setting leads to noticeable performance degra-
dation, particularly in shadow regions, where RMSE increases
from 4.63 to 4.92 and PSNR drops from 40.22 dB to 39.51
dB. The results indicate that modeling global illumination
and semantic context through a complementary low-resolution
branch is essential for accurate shadow restoration.

To further assess the role of cross-scale interaction, the
second variant (w/o CSCF) employs both high-resolution and
low-resolution branches but replaces CSCF with a simple lin-
ear fusion strategy that directly averages multi-scale features.
As shown in Tab. 111, linear fusion causes the PSNR on the full
image to decrease from 35.92 dB to 35.78 dB and RMSE to
increase from 2.56 to 2.60, with more pronounced degradation
observed in shadow regions. This suggests that naive linear



TABLE III: Ablation study on the ISTD+ dataset.

et Region Shadow (S) Non-Shadow (NS) All (ALL)

RMSE, PSNRT SSIM{ | RMSE, PSNRT SSIMf | RMSE, PSNRt  SSIMf
w/o DRCE 492 3951 0991 | 227 3865 0982 | 268 3532 0970
wlo CSCF 475 4003 0992 | 221 3901 0984 | 260 3578 0972
Ours (default) 463 4022 0992 | 219 3908 0985 | 256 3592 0973

fusion is insufficient to fully exploit the complementary nature
of cross-scale representations.

By contrast, the full model integrates dual-resolution fea-
tures through the proposed CSCF module, which enables
content-aware and selective cross-scale collaboration. This
design consistently achieves the best performance across all
regions.

IV. CONCLUSION

In this paper, we address the core challenge in shadow
removal: the conflict between precise local correction within
shadows and the need for reliable global context from non-
shadow regions. We propose a novel Dual-Resolution Collab-
orative Encoding (DRCE) framework that explicitly models
high-resolution spatial details and low-resolution contextual
information in separate yet interacting pathways. The inter-
action is orchestrated by a Cross-Scale Collaborative Fusion
(CSCF) module, which enables semantically-aware, artifact-
free integration through cross-scale token attention and adap-
tive fusion. Extensive experiments on multiple benchmarks
demonstrate that our approach achieves state-of-the-art per-
formance, delivering visually superior results with enhanced
structural integrity and color fidelity. This work validates the
efficacy of explicit cross-scale modeling and collaborative
fusion for shadow removal.
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