Document Shadow Removal via Pixel-Adaptive Illumination Residual Learning
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Abstract

Existing document shadow removal methods primar-
ily rely on background images as guidance, which leads
the network to misidentify shadows as background, re-
sulting in residual shadows and background color dis-
tortion. To address this, we propose a novel framework
that reformulates document deshadowing as a pixel-
level adaptive illumination residual learning task. Our
method employs residual learning to predict localized
illumination adjustments (rather than directly gener-
ating pixel values). We innovatively integrate a dual-
guidance mechanism that combines background images
with difference maps, enhanced by Fast Fourier Trans-
form (FFT) for global feature extraction, while intro-
ducing a shadow probability map to suppress interfer-
ence in non-shadow regions. First, we extract multi-
scale features from input images using a shared encoder,
then decode them to generate shadow probability maps.
Next, we predict illumination residuals by fusing en-
coded features with FFT-transformed representations.
Finally, we reconstruct shadow-free images using the il-
lumination residual model. Experimental result demon-
strates that our method not only significantly outper-
forms state-of-the-art methods but also effectively en-
hances text-edge sharpness and background uniformity.

Keywords: Document image deshadowing, Shadow-
illumination residual model, Physics-informed loss, Fast
Jfourier transform.

1. Introduction

A wide range of everyday documents—including text-
books, newspapers, brochures, and receipts—are com-
monly digitized for electronic archiving or digital sharing.
Given the widespread use and portability of smartphones,
mobile devices have become the primary tool for capturing
document images. However, when obstructions interfere
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with lighting during capture [14], the resulting images of-
ten contain shadows. These low-brightness regions can sig-
nificantly degrade image clarity and impair text recognition
accuracy. Removing shadows from documents is essential
for improving text readability and accessibility, particularly
in applications such as document analysis, optical character
recognition (OCR), and assistive technologies for the visu-
ally impaired.

Although significant progress has been made in natu-
ral image shadow removal [43, 10, 42, 4, 41, 7], existing
methods often fail to perform well on document images due
to their inherent differences. While natural images priori-
tize shadow-free background content, document images are
primarily concerned with textual information. Directly ap-
plying natural image processing techniques, including both
traditional algorithms and deep learning approaches, typi-
cally leads to suboptimal results. Therefore, effective doc-
ument shadow removal must account for the distinct struc-
tural properties of document images, such as text layout,
contrast, and edge sharpness.

Shadow removal methods for document images can be
primarily categorized into two approaches: traditional op-
timization methods [14, 30, 32] and deep learning meth-
ods [3, 39, 19, 18, 38]. Traditional optimization methods
typically formulate optimization algorithms based on phys-
ical illumination models [14, 30, 32]. However, due to the
overly idealized assumptions of illumination models [27],
these methods struggle to accurately characterize complex
shadow variations in real-world scenarios, thus exhibiting
significant limitations in practical application.

For document image shadow removal, deep learning
methods [19, 39, 18, 38] overcome the reliance on physical
model assumptions inherent in traditional optimization ap-
proaches through end-to-end feature learning. These meth-
ods primarily utilize document background color as guid-
ance for shadow removal [19, 39, 38], which can lead to
artifact, text blurring, and distortion of background texture
and text, as illustrated in Figure 1. The reason lies in the
inaccurate shadow-free background estimation by BEDSR-
Net [19] and BGShadowNet [39], which adversely affects
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Figure 1 The issues with background-guided document shadow removal methods: (a) input image; (b) and (c) respectively
represent the global background estimated by BEDSR-Net [19] and its shadow-removed image; (d) and (e) respectively
represent the local background estimated by BGShadowNet [39] and its shadow-removed image; (f) and (g) respectively

represent the local background estimated by DocRes [38] and its shadow-removed image.

the final shadow removal results. In DocRes [38], shad-
owed regions are mistakenly interpreted by the network as
shadow-free document background color.

Background images can provide rich visual information
for neural networks, but inaccurate background informa-
tion may also interfere with the network’s image under-
standing. Compared to existing methods [19, 39], DocRes
[38] generates background images by filtering shadow im-
ages, which can more accurately reflect background infor-
mation and shadow characteristics, thereby reducing the
network’s estimation error. However, color shadows in the
background may be misinterpreted by the network as back-
ground color, leading to incorrect inference results. There-
fore, background images are a double-edged sword, and we
do not rely entirely on them as guidance information.

We found that the difference map between shadow im-
ages and background images in DocRes [38] can effectively
eliminate shadow information while well preserving textual
content. Based on this finding, we combine both back-
ground images and difference maps as guiding information
for the shadow removal network, which enables precise lo-
calization of shadow regions while completely preserving
document information.

Previous studies [5, 16] typically modeled the relation-
ship between shadowed and non-shadowed images as a
linear transformation. However, these approaches assume
globally uniform illumination in shadowed regions and con-
sequently fail to adapt to scenarios involving non-uniform
shadows or multi-source lighting interference. To address
this limitation, Self-ShadowGAN [I1] proposes a pixel-
adaptive shadow relighting model that employs a deep net-
work to predict relighting coefficients.

Directly predicting illumination adjustment parameters
constitutes a severely ill-posed problem, as infinitely many
parameter combinations could produce similar correction
effects for the same shadow region, preventing the opti-
mization process from converging to physically plausible

solutions. More critically, such global operations tend to
corrupt high-frequency structural details like text strokes
or fine textures, resulting in blurred reconstructions or ar-
tifacts. Furthermore, the network must simultaneously ad-
dress two coupled objectives—shadow region localization
and illumination parameter estimation—where any mis-
judgment in non-shadow areas becomes amplified through
multiplicative operations, causing global illumination dis-
tortion. The wavelength-dependent attenuation characteris-
tics of shadows also make direct parameter regression fail to
maintain physical consistency across color channels. When
the objective function contains flat regions, the training pro-
cess easily gets trapped in local optima.

We propose a pixel-adaptive shadow-illumination resid-
ual model that transforms shadow removal into a local illu-
mination correction task to overcome the limitations of ex-
isting approaches. This method innovatively incorporates a
shadow probability guidance mechanism, which accurately
identifies shadow regions while effectively suppressing er-
roneous adjustments in non-shadow areas. Through resid-
ual learning, the model stably learns fine-grained illumina-
tion adjustments, avoiding the optimization challenges in-
herent in direct prediction. By integrating edge-aware con-
straints, the approach achieves natural shadow boundary
transitions while preserving high-frequency image details.

The framework of our method is illustrated in Fig. 3,
which consists of two modules: shadow mask probability
map estimation and illumination residual coefficient esti-
mation, all trained in an end-to-end manner. Given a single
shadowed document image, we first employ filtering oper-
ators to derive a background image and a difference map
between the shadowed image and background. These three
images (original, background, and difference map) are pro-
cessed through a weight-shared encoder to extract multi-
scale features, followed by a specially designed decoder
with skip connections to generate the shadow mask prob-
ability map. For illumination residual prediction, we simi-



larly adopt an encoder-decoder architecture to estimate the
illumination residual coefficients. Specifically, the shadow
probability map undergoes feature encoding while both the
shadowed image and difference map are transformed via
Fast Fourier Transform (FFT). The encoded features and
FFT-processed features are then fused to create enhanced
representations, which are fed into the decoder to output
the illumination residual coefficients. Finally, we apply
our proposed illumination residual model to reconstruct the
shadow-free document image.

The core purpose of the shadow probability map as an
intermediate output is to explicitly localize shadow regions
to guide the network in focusing on shadow processing,
while avoiding excessive manipulation of non-shadow ar-
eas to preserve texture details.

In conclusion, the main contributions of this work can be
outlined as follows:

e We propose a pixel-adaptive shadow-illumination resid-
ual model that transforms shadow removal into a local
illumination correction task.

e We integrate background images and difference maps (the
pixel-wise difference between shadow images and back-
ground images) as dual guidance information, replacing
traditional approaches that rely solely on background im-
ages.

e We design an end-to-end dual-module network that inte-
grates shadow probability map estimation and illumina-
tion residual prediction, while incorporating Fast Fourier
Transform (FFT) to enhance feature representation.

2. Related Work

2.1. Natural image shadow removal

Shadow removal plays a pivotal role in enhancing visual
quality and ensuring the reliability of downstream tasks,
with critical applications in document digitization, medical
imaging, and autonomous driving. As a key research area
in computer vision, shadow removal techniques have ad-
vanced significantly—from traditional optimization-based
methods [1, 41, 6] to data-driven deep learning approaches
[37,22, 26,42, 23]. These advancements have led to robust
solutions for real-world challenges.

Traditional methods typically leverage prior knowledge
to formulate physical models for restoring illumination in
shadowed regions [34, 9, 6]. However, due to variations in
lighting conditions, these approaches often produce notice-
able shadow boundary artifacts. Deep learning-based meth-
ods learn high-dimensional feature mappings from shad-
owed to shadow-free images by constructing large-scale
annotated shadow datasets. Qu et al. [26] constructed a
shadow removal dataset (SRD) and proposed an end-to-
end network to recover a shadow-free image from a sin-

gle shadow image. Wang et al. [31] proposed a conditional
generative adversarial network to jointly learn shadow de-
tection and shadow removal. ShadowDiffusion [8] intro-
duces a dynamic mask-aware diffusion model to jointly pur-
sue a shadow-free image and refined shadow mask, based
shadow degradation as a prior. Diff-Shadow [24] proposes
a globally-guided diffusion architecture, which employs a
parallel UNet design and leverages the correlation between
local branches and global non-shadow regions, achieving
shadow removal. Omnisr [35] designs a shadow removal
network integrating semantic-geometric priors via concate-
nation and attention mechanisms.

Although existing methods perform well in shadow re-
moval for natural images, they often exhibit significant
performance degradation in document scenarios due to
fundamental differences in texture structure (e.g., regular
text/tables vs. complex natural scenes) and shadow prop-
erties (hard-edged cast shadows vs. soft gradient shadows)
between document and natural images. Unlike natural im-
ages, the core requirement of document shadow removal
lies in accurately restoring occluded text/pattern informa-
tion—any residual shadows or over-processing may lead to
text illegibility or structural information loss.

2.2. Shadow removal for document image

Document shadow removal has consistently attracted
significant attention and research [15, 40, 25, 36]. Water-
Filling [14] proposes a digital document shadow removal
method based on watershed transformation and diffusion
equations, which reconstructs uniformly illuminated doc-
ument images by simulating a water immersion process.
Wang et al. [30] and Liu er al. [20] estimated the global
background color to guide the shadow removal. Bako et al.
[2] generated a shadow map by matching local background
colors and used it to correct the image, producing the final
shadow-free output.

Recent advances in deep learning have spurred exten-
sive research on document image shadow removal using
deep learning-based approaches [18]. BEDSR-Net [19] in-
troduces a background estimation network to estimate the
global background color of a document, which is then used
to guide the shadow removal process. BGShadowNet [39]
proposes a contextual background extraction network to
generate spatially varying background maps of document
colors, and further designs a background-guided shadow
removal network for shadow elimination. Unlike meth-
ods [19, 39], DocRes [38] first employs dilation opera-
tions to remove textual content in documents, then applies
median filtering to smooth artifacts resulting from incom-
plete text elimination, thereby generating document back-
grounds as prior information for shadow removal. Li ef al.
[18] presented a large-scale real-world dataset comprising
high-resolution shadow/shadow-free image pairs captured
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Figure 2 The current challenges in existing document shadow elimination methods.

under diverse illumination conditions, and introduced a
frequency-aware network architecture specifically designed
for high-resolution document shadow removal. Liu et al.
[21] proposed a contrast-based document shadow removal
method that locates shadow regions by extracting contrast
features from document images. However, these methods
often suffer from incomplete shadow removal, altered doc-
ument background colors, and blurred text (Fig. 2).

3. Methods

We present the method details of our methodology in this
section, with the corresponding method architecture shown
in Fig. 3. Our framework introduces a novel approach to
document shadow removal by modeling it as a local illu-
mination residual prediction task. The core innovation lies
in our pixel-adaptive shadow-illumination residual model,
which effectively separates illumination effects from doc-
ument content. We develop a dual-guidance mechanism
that strategically combines background image priors with
learned difference maps for precise shadow localization. To
capture both local and global features, we incorporate Fast
Fourier Transform (FFT) operators within our network ar-
chitecture. The optimization process employs a carefully
designed composite loss function that enforces photometric
consistency while preserving important edge and textural
details.

The residual learning approach accurately decouples
shadows from background content rather than directly pre-
dicts clean images, thereby avoiding excessive modification
of background information. Residual estimation effectively
separates shadow transparency variations (e.g., brightness
attenuation coefficients in shadowed regions) while pre-
serving the original structure of paper-based text strokes.
Through cross-channel collaborative optimization, it pre-
vents color distortion by constraining RGB channel resid-
ual correlations. The residual estimation automatically

learns spatial distribution characteristics of shadows (e.g.,
gradient shadows, complex boundaries), maintaining high-
frequency background details (such as text edges) while
smoothly processing shadow regions.

3.1. Shadow-illumination residual model

Previous studies [28, 16] established a fundamental
shadow removal paradigm in which a shadow-affected im-
age I° and its corresponding binary mask can be trans-
formed into a shadow-free image I/ through a linear illu-
mination adjustment model:

Il =w- I+, ¢))

where p denotes pixel coordinates within shadow regions,
while w and b represent global illumination correction pa-
rameters that remain constant across all shadowed pixels.

However, this linear model with constant relighting
coefficients w and b can only handle uniformly illumi-
nated shadows and performs poorly when processing non-
uniform shadows [29]. To overcome this limitation, Self-
ShadowGAN [11] proposes a pixel-adaptive shadow re-
lighting model:

Il =W, I + B,, )

where W), and B, are spatially varying relighting coeffi-
cients for each shadow pixel p, designed to accommodate
complex shadows with non-uniform illumination. To pre-
serve shadow-free regions during the relighting process, the
values of W and B for original shadow-free pixels are fixed
at 1 and 0, respectively.

Accurate shadow region detection remains a challeng-
ing problem, as imperfect detection significantly impacts
shadow removal performance. The conventional approach
of fixing non-shadow region coefficientsto W = 1 and B =
0 proves theoretically unsound and practically problematic
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Figure 3 Overview of the proposed method.Our approach integrates shadow probability estimation and illumination residual
prediction within an end-to-end framework. First, we extract multi-scale features from the input images using a shared
encoder, then decode them to generate shadow probability maps, which serve as guidance for the illumination residual
estimation network. Next, we predict illumination residuals by fusing the encoded features, shadow probability map features,
and FFT-transformed representations. Finally, we reconstruct shadow-free images using our illumination residual model.

for three key reasons: First, real-world shadow boundaries
often exhibit gradual transitions rather than sharp edges,
making binary classification inherently inaccurate. Second,
illumination conditions in non-shadow areas may still re-
quire subtle adjustment to achieve photometric consistency
with processed shadow regions. Third, detection errors
inevitably propagate through the relighting process, caus-
ing either incomplete shadow removal or over-correction of
non-shadow areas.

To address these limitations, we propose a unified frame-
work that jointly optimizes shadow detection and illumina-
tion correction. Rather than enforcing rigid constraints, we
formulate the problem as:

Ig:(1_Mp)'I;+Mp'(WP'I;+Bp)v 3)
where M, € [0, 1] represents a continuous shadow mask
probability map instead of a binary mask, as shown in Fig.
4. This soft formulation provides three advantages: (1) it
naturally handles shadow penumbra regions through proba-
bilistic weighting, (2) allows partial correction for potential
false negatives in detection, and (3) maintains differentiabil-
ity for end-to-end optimization. The coefficients W), and B,
are now defined over all image pixels, with their magnitudes
automatically regulated through the following mechanisms:

Wp=14+ M, -AW,, B,=M, -AB,, )
where AW, and AB,, are learned residual corrections. This
formulation ensures that non-shadow areas (M, — 0)

maintain near-identity transformation while shadow regions
(M, — 1) receive appropriate illumination adjustment.

Directly predicting illumination adjustment parameters
faces a severely ill-posed problem, as there could be count-
less parameter combinations for the same shadow region
that yield similar correction effects. This makes the opti-
mization process difficult to converge to a reasonable solu-
tion. More critically, such global operations tend to destroy
high-frequency structural details in the image, such as text
strokes or fine textures, resulting in blurred reconstructions
or artifacts.

Additionally, the network must simultaneously accom-
plish two coupled tasks: shadow region localization and il-
lumination parameter estimation. Any misjudgment in non-
shadow regions will be amplified through multiplicative op-
erations, leading to overall brightness imbalance. Since the
attenuation characteristics of shadows vary across different
color channels, direct parameter regression also struggles to
meet physical consistency requirements.

When the objective function contains flat regions, the
training process is prone to getting trapped in local op-
tima. These factors collectively limit the performance of
direct prediction methods, necessitating the introduction of
shadow probability guidance and the design of an illumina-
tion residual model.

The brightness adjustment A B, is bounded using an ac-
tivation function:

AB, = 3 -tanh(AB,), (5)
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Figure 4 Comparison of (b) Binary shadow mask and (c)
Probability map (derived from (a) the input shadow image).
In our probability map, darker regions correspond to higher
shadow likelihood values.

where 5 = 0.5, Af?p represents the unbounded raw pre-
diction of brightness adjustment at pixel p before constraint
application. This constrains the brightness modification to
the physically plausible range [—0.5,0.5].

The shadow attenuation factor AW, is governed by a
composite constraint that integrates physical bounds with
shadow-depth adaptation:

AW, = 0.8 - tanh(AW,) (6)

3.2. Network detail

We adopt the shadow image background estimation
method proposed by DocRes [38] to generate the back-
ground image of the shadow image. Initially, dilation oper-
ations are employed to eliminate the textual content within
the document. Subsequently, a median filter is applied to
smooth out artifacts introduced due to incomplete removal.

The background image inherently contains both shad-
ows and document background colors. Directly using it
as guidance information may cause the network to misin-
terpret shadow colors as part of the document background,
leading to incomplete shadow removal or color distortion in
non-shadow regions, as illustrated in Fig. 1.

As illustrated in Fig. 5, we observe that the difference
map between the shadow image and background image can
effectively eliminate most shadow information while pre-
serving the majority of textual content. By incorporating
both the difference map and background image as guidance
inputs to the network, the system can accurately identify
shadow regions and extract text features from shadowed ar-
eas, thereby achieving high-precision shadow removal with

(c) Difference map

(a) Shadow image

(b) Background image

Figure 5 Visualization shadow image, background image,
and their difference map.

text fidelity preservation.

As shown in Fig. 3, we employ a U-Net encoder-decoder
network architecture to estimate residual correction coeffi-
cients. During the encoding stage, a ResNet-18 backbone
is employed for image feature extraction. Considering that
image downsampling during the encoding stage leads to
partial information loss, we introduce Fast Fourier Trans-
form (FFT) of both the shadow image and the difference
image in the decoding process of shadow removal to sup-
plement global features. By leveraging the global repre-
sentation capability of Fourier transform, our method can
simultaneously model local texture details (e.g., character
strokes) and global structural features (e.g., page layout)
in document images. Specifically, the magnitude spectrum
primarily captures high-frequency text edge features, while
the phase spectrum preserves the geometric topology of the
document. This dual-spectrum collaboration mechanism
effectively mitigates content distortion during shadow re-
moval and significantly enhances the preservation of text
region integrity.

To address this, we propose a Fast Fourier Transform-
enhanced feature fusion model (FFT-enhanced feature fu-
sion ) . As shown in Fig. 6, the detailed implementation
pipeline is as follows: First, we perform Fast Fourier Trans-
form (FFT) on the shadow image, then downsample the
transformed results to different scale levels. After extract-
ing features through multi-layer convolutional networks, we
concatenate (concat) these features with encoder features
for fusion. Subsequently, we employ a Convolutional Block
Attention Module (CBAM) [33] to simultaneously extract
channel attention and spatial attention features. Finally, the
processed features are connected to the decoder. For fea-
ture processing of the difference image, we follow the same
pipeline approach.

We selected the Fourier Transform (FT) because it ef-
fectively separates shadow and text components in the
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Figure 6 FFT-enhanced feature fusion model.

frequency domain, in which shadows primarily affect
low-frequency regions while text features dominate high-
frequency bands. This frequency-based separation enables
precise processing of shadow regions while preserving text
details.

3.3. Loss function

During training, we optimize the network model by im-
posing constraints on: (1) the shadow mask probability M,
(2) the learned residual correction coefficients AW and
AB, (3) the relighting coefficients W and B, and (4) the
shadow-removed image. The specific constraints are as fol-
lows.

Appearance consistency loss. We measure the pixel-
wise L1 distance between predicted shadow-free image Ifee
and the ground truth image I to maintain visual fidelity:

Ea = ngt - Ifree”h (7)

Adversarial loss. We employ a relativistic adversarial
loss [12] that evaluates not only the absolute discriminator
scores for real and generated images but also their relative
discrepancies:

Lagy = BCE ((7 (D(Igt) - D(Ifree)) ,g) (8)
+BCE (0 (Ig) — D(Ifree)) , d)

where o denotes the sigmoid activation function, BCE(+)
represents binary cross-entropy, and g/d are training targets
(g = 1, d = 0 for generator updates; g = 0, d = 1 for
discriminator training).

Gradient smoothness loss. To ensure smooth spatial
transitions in the shadow probability mask M, W, B, we
impose a gradient smoothness constraint:

Ly = VM]3 + VW3 + VB3, ©)

where V denotes the spatial gradient operator.

Non-shadow identity preservation loss. To maintain
color fidelity in non-shadow regions, we enforce the iden-
tity constraint when the shadow probability M), approaches
zero (M, < e):

Li= Y (IW, =13 +B,I3) (10)
]\/[p<e

where € = 0.1 is the non-shadow probability threshold.

Shadow consistency loss. To prevent over-enhancement
of shadow regions beyond non-shadow illumination levels,
we introduce a quadratic penalty term:

Lo=> max(0,W, — 1)*- M, an
P

Regional similarity constraint loss. To enforce spa-
tially coherent shadow removal in homogeneous regions
while preserving natural boundaries, we propose a novel
color-guided similarity constraint on brightness adjustment
fields:

L = Z [AB, = ABy|| - I(|[, — Iyll <)  (12)
p,q€EN,

where N, is the k x k neighborhood (k = 3 typically); 7
is a chromatic similarity threshold (10/255 in RGB space);
I(-) is the indicator function:

H(x):{l ifo <7t 1%

0 otherwise

This loss operates on the principle that neighboring pixels
with similar colors should undergo analogous illumination
corrections.

Cross-channel consistency loss. To enforce consistent
adjustments across RGB channels and avoid color distor-
tion, we apply a covariance-based penalty:

Lo = Z Cov(AW T AW ), (14)
c1#c2

where ¢1, ¢2 € {R, G,B} and ¢; # co represent all possible
inter-channel relationships.
The overall objective function is formulated as:

[ftotal = £a+£adv+t1£g+t2£i+t3£s+t4£r+t5£m (15)

In our experiments, the weighting parameters are set as:
)\1 = 0.5, )\2 = /\3 = 0.2, and )\4 = /\5 =0.1. Among all
the loss terms, the appearance consistency loss, adversar-
ial loss, and gradient smoothness loss play the most crucial
roles, which is why we assign them larger weights. Ex-
tensive experimental validation confirms that this particular
weight configuration yields optimal performance.

4. Experiments

Implementation detail. Our neural network was im-
plemented using the PyTorch framework and trained over
200 epochs on an NVIDIA GeForce RTX 4080 GPU. We
employed the Adam optimizer with the following con-
figurations: momentum parameters (31, 32) were set to
(0.5,0.999) for both generator and discriminator, and the



Table 1 Quantitative comparison between our method and state-of-the-art approaches on RDD [39] and SD7K [18] datasets.
In each set of test data, highlight the best result in bold and the second-best result with an underline.
RDD [39] SD7K [18]

Method Venue/Year | PSNRT SSIM1T RMSE| OCR*1 |PSNR1T SSIM{T RMSE] OCR?
Water-Filling [14] ACCV/2018 19.580  0.876 38.015 70.214 | 18.406  0.871 37.826  68.303
Liu et al. [20] ICASSP/2023 | 21.631  0.882 29.746  72.356 | 19.056  0.885 31.504 71.314
BEDSR-Net [19] CVPR/2020 22915 0.876 25.140  71.301 | 20905 0.875 27.208 72.148
BGShadowNet [39] CVPR/2023 26.114  0.920 10.102  68.450 | 25.880 0.941 10.047 68.366
DocShadow [ 18] ICCV/2023 24.630  0.910 10.052  73.156 | 26.015 0.946 9.691  71.508
DocRes[38] CVPR/2024 27.448  0.931 8.041 79.045 | 26.610 0.953 8.932  79.368
Liuetal. [21] 2025 25.028  0.910 10964  74.512 | 25901 0.948 9.045 72904
ShadowDiffusion [8] CVPR/2023 25.047  0.926 9.905 62.567 | 25.803  0.940 10.460 64.025
Omnisr [35] AAAL/2025 23.812 0914 12.006 68.401 | 23.015 0.926 13.702  65.360
Des3 [13] CVPR/2024 23.006 0.911 16.805 71.259 | 22.002  0.927 16.205 72.304
Diff-Shadow [24] AAAI2024 23.704  0.909 18.532  64.521 | 23.104 0.925 17.206 62.356
Le[17] TPAMIR/2021 | 22.490 0.904 21.710 73.802 | 21.812 0915 22.380 70.956
Self-ShadowGAN [11] 1JCV/2023 20.620  0.877 26.507 75.436 | 21.046 0.894 28.004 71.248
Ours ‘ CVM/2026 29.815  0.950 6.824  83.241 | 28.570 0.961 6910 78.950

initial learning rate was 0.0001. The input images were re-
sized to a resolution of 512x 512 pixels, and we used a batch
size of 3 to balance memory efficiency with stable gradient
updates. To improve model robustness and mitigate overfit-
ting, we implemented data augmentation strategies includ-
ing random rotation and cropping.

4.1. Datasets and evaluation metrics

Datasets. We adopted the SD7K dataset proposed by Li
et al. [18] and the RDD dataset introduced by Zhang et al.
[39] as the training and testing benchmarks for our method
and comparative approaches. These two datasets are cur-
rently publicly available large-scale document shadow re-
moval datasets, both containing paired high-resolution doc-
ument images. Specifically, the SD7K dataset consists of
6,479 training samples and 760 test samples, while the RDD
dataset comprises 4,371 training samples and 545 test sam-
ples. In our experiments, we randomly selected 4,000 sam-
ples from each training set for model training and evaluated
the model performance on both test sets.

Evaluation metrics. In all experiments, we em-
ployed three evaluation metrics: Peak Signal-to-Noise Ra-
tio (PSNR), Structural Similarity Index (SSIM), Root Mean
Square Error (RMSE), and word accuracy (OCR). Specifi-
cally, higher PSNR SSIM, and OCR values indicate better
shadow removal performance, while a lower RMSE value
suggests smaller deviations between the model output and
the ground truth.

4.2. Comparison with state-of-the-art methods

To validate the effectiveness of our proposed method, we
conducted comprehensive comparisons with state-of-the-art

approaches spanning two domains: (1) seven document im-
age shadow removal methods (Water-Filling [14], Liu et al.
[20], BEDSR-Net [19], BGShadowNet [39], DocShadow
[18], DocRes [38], and Liu et al. [21]) and (2) six natural
image shadow removal techniques (ShadowDiffusion [8],
Omnisr [35], Des3 [13], Diff-Shadow [24], Le et al. [17],
and Self-ShadowGAN [11]).

To ensure a fair comparison, all learning-based methods
were trained under identical hardware configurations us-
ing the RDD and SDK datasets. Evaluation metrics were
uniformly computed on 512 x 512 resolution outputs. As
demonstrated in Table 1, our method achieves superior per-
formance across all evaluation metrics, establishing its sig-
nificant advantage over existing approaches.

As shown in Figures 7 and 8, we present a visual compar-
ison of our method with existing document image shadow
removal approaches on datasets RDD and SD7K. The ex-
perimental results demonstrate that our method can com-
pletely eliminate shadows in document images while effec-
tively preserving text information. In contrast, other meth-
ods exhibit the following issues: (1) shadow artifact, (2)
altered background colors, and (3) blurred text. Both qual-
itative and quantitative analyses confirm that our method
achieves significant advantages and outperforms existing
approaches by a clear margin.

To validate the robustness of our method, we conducted
a user evaluation using 500 shadowed document images
captured under natural lighting conditions (outdoor sunlight
and indoor mixed lighting) with various devices. The eval-
uation compared our method against state-of-the-art base-
lines through blind assessment by 200 image-processing
students using a 1-5 scoring scale (5 being best). The Per-
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Figure 7 Visual comparison among state-of-the-art shadow removal methods on testing images from the RDD dataset: (a)
Input images, (b) Ground truth, (c) Ours, (d) BGShadowNet [39], () DocShadow [20], (f) DocRes [38], and (g) Liu [21].
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Figure 8 Visual comparison among state-of-the-art shadow removal methods on testing images from the SD7K dataset: (a)
Input images, (b) Ground truth, (c) Ours, (d) BGShadowNet [39], () DocShadow [20], (f) DocRes [38], and (g) Liu [21].

centage of Votes (PoV) metric was computed as: where N = 500 is the test set size, M = 200 is the num-
) N M ber of evaluators, and V;; denotes the score from the j-th
- - ’ luator for the i-th It.
PoV = N E:l E:l Vij x 100% (16) evaluator for the i-th resu
=1 j=



Table 2 Comparative performance evaluation of shadow removal methods (Percentage of Votes).

Method | D41 201 [191 [391 081 [38]1  [211 81 [351 [131 [24] [171 [11] Ours
Naturalness 231 3.02 345 817 863 1087 792 685 4.11 459 408 325 237 3038
Readability 212 201 341 824 870 823 786 688 474 466 401 3.17 297 33.00
Artifacts 347 283 372 789 835 9.68 821 653 439 431 436 352 3.62 29.12
Overall quality | 2.16 3.20 3.21 835 848 11.10 7.85 7.06 4.01 472 435 320 222 30.09
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Figure 9 Visual comparison among state-of-the-art shadow removal methods.

Participants evaluated four criteria: naturalness, read-
ability, absence of artifacts, and overall quality. As shown
in Table 2, our method achieved the highest PoV scores
across all four metrics. Notably, although it was not explic-
itly trained on sunlight-affected samples, our method suc-
cessfully eliminates non-uniform hard shadows while pre-
serving text edge sharpness and avoiding common artifacts.
These results demonstrate its strong adaptability to lighting
variations and generalization capability.

In Fig. 9, we present a comparative analysis of document
images captured under sunlight using existing shadow re-
moval methods. It is noteworthy that although our training
data consists solely of indoor-captured scenes and does not
include any outdoor sunlight conditions, our method still
effectively removes shadows while completely preserving
background document information. These results demon-
strate the outstanding robustness of our algorithm.

4.3. Ablation study

Ablation of shadow-illumination residual model.
To validate the effectiveness of our proposed shadow-
illumination residual model, we designed the following
three comparative experiments:

AQ: direct RGB prediction baseline.
Al: Employs the pixel-adaptive shadow relighting model

[11], formulated as:
1) =W, - I3 + By, (17

where W, and B,, are directly learned by the network.
A2: Introduces a shadow mask M, into the model design:

II=(01—=M,) I+ M, (W, I} + By), (18)

where the network jointly learns M, W, and B,,.

A3: Further improves upon Experiment 2 by learning resid-
ual corrections AW, and AB,, while constraining the
forms of W), and B,

Wy, =1+ M, -AW,, Bp,=M,- -AB,. 19)
This constitutes our shadow-illumination residual model.

All three experiments were trained on the same dataset
and evaluated on two test sets. The quantitative comparison
results in Table 3 demonstrate that: The model in A2 out-
performs the pixel-adaptive shadow relighting model (A1);
The shadow-illumination residual model (A3) achieves the
best performance. Additionally, Fig. 10 presents a set of
visual comparisons. The visual results confirm that our pro-
posed pixel-adaptive shadow relighting model delivers op-
timal shadow removal quality. The shadow removal results
of Self-ShadowGAN [ 1] are unsatisfactory, particularly in
handling hard shadows, which require multiple iterative op-
timizations and cannot achieve real-time processing. Both
quantitative metrics and visual evaluations consistently val-
idate the effectiveness of our model.

Table 3 Ablation of shadow illumination residual model.

RDD [39] SD7K [18]
PSNR SSIM RMSE | PSNR SSIM RMSE
A0 26412 0923 7.723 |26.926 0.944 8.013
A1|28.007 0939 7.512 |27.304 0.948 7.952
A2129474 0947 7.102 |28.401 0.956 7.261
A3]29.815 0950 6.824 |28.570 0.961 6.910

Ablation of dual guidance fusion strategy. To vali-
date the effectiveness of our proposed joint guidance frame-
work using both background and residual images, we con-



Table 4 Ablation study on dual guidance fusion strategy.

RDD [39] SD7K [18]

PSNR SSIM RMSE | PSNR SSIM RMSE

B1 | 28.991 0.934 7.300
B2 | 29.610 0.942 7.090
B3 | 29.540 0.940 6.992
B4 | 29.815 0.950 6.824

27.704 0.933 7.498
28.312 0.949 7.240
28.376 0.951 7.103
28.570 0.961 6.910

C1 | 27.448 0931 8.041
C2 | 27.702 0.939 7.920

26.610 0.953 8.932
26.801 0.958 8.926

Table 5 Ablation study on FFT-enhanced feature fusion.

| RDD [39] | SD7K [18]

‘PSNR SSIM RMSE ‘ PSNR SSIM RMSE

DI | 29.740 0.942 6907 | 28425 0948 7.114
D2 | 29.815 0950 6.824 | 28.570 0.961 6.910

ducted ablation experiments comparing our method with
DocRes[38].

In our method, we established four experimental config-
urations to systematically evaluate model performance:
B1: Without difference map and background guidance;
B2: Background guidance only;

B3: Difference map guidance only;

B4: Combined difference map and background guidance.
All models were retrained on identical datasets and eval-
uated on two benchmark datasets (RDD and SD7K). As
demonstrated in Table 4, both background and differ-
ence map guidance contribute to significant performance
improvements, with optimal results achieved when both
modalities jointly guide the shadow removal process. Vi-
sual comparisons in Fig. 11 further substantiate that
our dual-guidance approach not only effectively eliminates
shadows but also better preserves fine-grained texture de-
tails and textual integrity.

We conducted extended experiments on the DocRes [38]
with two variants:

C1: Original method;

C2: Combined difference map and background guidance.
Experimental results (As shown in Table 4) confirm that
incorporating difference map guidance yields statistically
significant performance gains in DocRes. Collectively,
these experiments provide comprehensive evidence for the
efficacy and general applicability of our proposed dual-
guidance strategy combining background and difference
map information.

Ablation of FFT-enhanced feature fusion. To validate
the effectiveness of our proposed FFT-enhanced feature fu-
sion, we designed two experimental configurations for sys-
tematic performance evaluation:

(a) Shadow image (b) Probability map

| s | = I =

(d) Experiment 1 (e) Experiment 2 (f) Experiment 3

Figure 10 Ablation of shadow-illumination residual model.

(a) Shadow image  (b) w/o difference map (c) Ours

Figure 11 Ablation study on dual guidance fusion strategy.

D1: Without the FFT-enhanced feature fusion module;

D2: Model with the FFT-enhanced feature fusion module.
All models were retrained on the same dataset and evaluated
on two benchmark datasets (RDD and SD7K). As shown
in Table 5, the experimental results demonstrate that the
FFT-enhanced feature fusion module significantly improves
model performance.

Limitation. Although our method demonstrates supe-
rior performance compared to state-of-the-art approaches,
subtle artifacts may occasionally appear in the shadow ren-
dering of glossy materials, as illustrated in Fig. 12. We
identify this as a key limitation and plan to investigate more
accurate solutions in future work, potentially by incorporat-
ing ray-traced shadows or neural rendering techniques.

(a) Input

(b) Ours

Figure 12 Limitation of our method.



5. Conclusion

In this paper, we proposed a novel shadow removal
framework guided by the joint utilization of background
images and difference maps, and further innovatively pre-
sented the Shadow-Illumination Residual Model. The
model collaboratively optimizes the shadow removal pro-
cess through a dual-branch architecture: the illumina-
tion correction explicitly decouples shadow-illumination
effects, while the residual learning adaptively separates
content residuals, thereby effectively preserving fine-
grained textures and text details while eliminating shad-
ows. Systematic ablation experiments demonstrated that
our proposed joint guidance strategy significantly improves
shadow removal performance. Quantitative and qualita-
tive evaluations on multiple test datasets indicated that our
method outperforms existing techniques in handling com-
plex shadow boundaries, maintaining background consis-
tency, and adapting to texture-sensitive scenarios. We will
incorporate modern backbones (e.g., ConvNeXt, ViT) in fu-
ture experiments to explore their potential for performance
enhancement, and report comparative results in subsequent
publications.
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