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Abstract

Current research highlights that text image deblur-
ring and highlight removal techniques predominantly
rely on supervised learning approaches, which suffer
from limited generalization. Existing methods often per-
form inadequately when faced with the challenging sce-
nario of simultaneous highlights and blurring in text im-
ages. To address these limitations, we make two key
contributions: (1) the creation of a real-world dataset
of text images with highlight-blur degradation, and (2)
the development of a novel semi-supervised framework
for joint text image deblurring and highlight removal.
Our approach is based on two key observations: (1) im-
ages degraded by varying levels of highlight and blur
share the same underlying clean image, and (2) the dark
channel components of specular highlight and blurred
text images are generally non-zero. Building on these in-
sights, we design a Siamese network training mechanism
that processes multiple degraded versions of the same
image (with different blur kernels and highlight inten-
sities) through a weight-shared network, optimized us-
ing output consistency constraints. In addition, we em-
ploy dark channel priors to guide both deblurring and
highlight removal. The resulting multi-scale processing
network achieves high efficiency with a lightweight ar-
chitecture. Experimental results show that our method
effectively handles highlight-only, blur-only, and com-
bined highlight-blur degradations, while demonstrating
superior generalization compared to existing methods.

Keywords: Text image debuling, Semi-Supervised,
Specular highlights, Dark channels prior.

1. Introduction

Improving text image deblurring is crucial for enhancing
the readability and accessibility of text in various applica-
tions, particularly in fields like document analysis, visual
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Figure 1 Examples of our method for restoring low-quality
specular highlight-blurred text images: The first input im-
age is from real scene images captured by mobile phones,
while the second input image is synthetic data.

recognition, and assistive technologies for individuals with
visual impairments. Text images captured in natural scenes
often suffer from localized highlight and quality degrada-
tion due to a combination of factors, including uneven il-
lumination, specular reflections, motion blur, noise, com-
pression artifacts, device limitations, and surface charac-
teristics of materials. These impairments not only reduce
human readability but also significantly degrade the perfor-
mance of downstream applications such as Optical Charac-
ter Recognition (OCR) [8]. Consequently, it is essential to
develop effective methods for text image highlight removal
and restoration.

Previous studies [ 16, 14] introduced specialized datasets
for text images with specular highlight and proposed dis-
tinct highlight removal strategies. For example, Hou et al.
[14] presented a novel two-stage framework that sequen-
tially detected and removed highlighted regions using ded-
icated sub-networks, while Jiang et al. [16] developed a hi-



erarchical adaptive filtering network for handling large-area
highlight in text images.

Research on image deblurring has made progress along
two main paradigms: (1) optimization-based approaches
[25, 23] that employ mathematical priors and iterative re-
finement, and (2) learning-based methods [32, 22, 37] that
leverage deep neural networks to learn deblurring directly
from data. However, most existing approaches treat deblur-
ring and specular highlight removal as separate tasks and
are trained exclusively on synthetic datasets within a super-
vised learning framework. This limits their generalization
capability when applied to real-world data, often resulting
in suboptimal restoration performance.

In this paper, we propose a unified framework for restor-
ing degraded text images with both specular highlight
and blurring (Figure 1). Specifically, we present a semi-
supervised dark channel-guided framework that simulta-
neously addresses text image deblurring and highlight re-
moval. Our method is built on two key observations: (1) im-
ages degraded by varying levels of highlight and blur share
the same underlying clean image, which allows us to design
a Siamese network training mechanism that enforces out-
put consistency across differently degraded versions of the
same text content, thereby introducing an unsupervised con-
straint; and (2) the dark channel elements of specular high-
light and blurred text images are predominantly non-zero,
with highlighted regions showing elevated values in dark
channel maps. These insights motivate our proposed dark
channel-guided joint framework for simultaneous deblur-
ring and highlight removal. Furthermore, we introduce a
dark channel loss function that precisely localizes degraded
regions, significantly enhancing structural integrity and de-
tail preservation under challenging conditions such as high-
light and low-light environments.

To support this framework, we construct a real-world
dataset of highlight-blurred text images, comprising both la-
beled and unlabeled samples. The labeled dataset includes
clear original images paired with their highlight-blurred
counterparts, while the unlabeled set contains a variety of
highlight-only images without corresponding reference im-
ages. The dataset includes images captured in both indoor
and outdoor scenarios using different smartphones and cam-
eras. For indoor data, cameras were mounted on tripods,
and lighting conditions were adjusted to obtain highlight-
blurred and clear images. For outdoor data, highlight-
blurred images were collected under direct sunlight, while
umbrellas were used to capture clear images without spec-
ular highlight. This diverse dataset provides comprehensive
coverage of real-world text degradation scenarios.

As shown in Figure 2, our framework employs a weight-
sharing Siamese network that processes multiple degraded
versions (with varying blur and highlight levels) of the same
high-definition image through parallel branches, while en-

forcing output consistency. The encoder-decoder-based
multi-scale restoration network integrates two main inno-
vations: (1) dark channel prior integration during encoding,
leveraging the sparsity of clean image dark channels com-
pared to degraded ones; and (2) CBAMamba, a lightweight
feature extraction module that improves upon CBAM by
combining channel attention with wavelet transforms while
maintaining efficiency. Extensive comparative experiments
and ablation studies confirm the effectiveness of the pro-
posed method.

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

We develop a dark channel prior-guided semi-supervised
framework for joint highlight and blur removal, achieving
strong generalization performance.

We construct a diverse real-world dataset of highlight-
blurred text images, sourced from various materials
(e.g., cards, billboards). The dataset includes samples
with varying highlight intensities and multiple types of
highlight-blur effects.

We introduce a novel dark channel consistency loss
function that explicitly optimizes the restoration of
degradation-prone regions, guided by physical priors, im-
proving structure and detail preservation.

2. Related Work
2.1. Specular highlight removal

Early highlight removal methods primarily relied on op-
timization models or chromaticity propagation [20, 11, 40].
For instance, Kim er al. [17] proposed an optimization
framework based on the observation that dark channels
in natural images approximate specular-free images. Fu
et al. [5] built on this by modeling diffuse components
as sparse linear combinations of basis colors, proposing a
joint specular-diffuse separation framework. However, such
methods often fail to reconstruct missing details in high-
lighted regions, limiting practical applicability.

Deep learning has enabled more advanced highlight re-
moval techniques [36, 42, 43, 6]. Shi et al. [30] devel-
oped a unified framework for joint estimation of albedo,
shading, and specular residues. Fu et al. [7] proposed a
three-stage network that progressively removed visual ar-
tifacts by decomposing inputs into albedo, shading, and
specular components, refining outputs, and adjusting tones
for consistency. Zheng et al. [43] advanced the field us-
ing a patch-based diffusion model, incorporating residual-
based training to reduce computation and patch-aware high-
light removal to leverage non-highlighted regions. How-
ever, most of these methods target small-area highlight in
natural scenes and are less effective for large-area highlight
in text images.



For text-specific highlight removal, Hou et al. [14] and
Jiang et al. [16] developed methods based on synthetic
datasets. Hou et al. introduced a two-stage framework for
sequential highlight detection and removal, while Jiang et
al. proposed HAFNet, a hierarchical adaptive filtering net-
work for large-area highlight removal. Nonetheless, be-
cause these models rely on synthetic training data and fully
supervised learning, they struggle to generalize effectively
to real-world cases.

To overcome these limitation, we constructed a compre-
hensive real-world training dataset and proposed a semi-
supervised consistency learning framework that exploits un-
labeled real data through perturbation-invariant constraints.
Initially, the model is trained on label data in a super-
vised manner. Then, multi-intensity highlight variations are
generated from real images and passed through the high-
light removal network, where color-space consistency is en-
forced by minimizing output discrepancies between differ-
ently perturbed versions of the same image.

2.2. Image deblurring

Traditional methods rely on scene-specific assumptions,
such as gradient sparsity in natural images, making them
difficult to generalize to specialized scenarios like text and
facial images. Ren et al. [28] utilized the low-rank property
of similar local image patch groups. However, when the
blurred image contains rich textures, this low-rank property
has limitations. Pan et al. [26] discovered that the blurring
process reduces the sparsity of dark channels, and proposed
an LO-regularized dark channel sparsity constraint. How-
ever, the dark channel prior performance degrades when the
image is dominated by bright pixels. Subsequently, Cheng
et al. [1] proposed a new local maximum gradient prior.

Image deblurring has also been widely studied through
both optimization-based [29, 28, 26] and learning-based
[32, 39,22, 37, 24] methods. Traditional approaches often
rely on scene-specific priors, such as gradient sparsity in
natural images. Ren ef al. [28] exploited low-rank similar-
ity among local image patches, but their method struggles
with rich textures.

Traditional natural image deblurring methods perform
poorly on text images, as they fail to model document-
specific degradations and preserve fine textual details criti-
cal for readability. To address this, several works [2, 3, 25,

] have proposed text-specific approaches. Chen et al. [2]
derived the intensity probability density function (PDF) of
sharp images from blurred histograms and used it as a prior.
Pan et al. [25] introduced an LO-regularized prior based on
intensity and gradient features. Yet, these traditional models
often oversimplify degradation processes, making them in-
effective for real-world mixed noise and unsuitable for real-
time applications.

Deep learning has significantly advanced text image de-

blurring. Recurrent networks, including scale-recurrence
[4], improved performance by leveraging multi-scale de-
pendencies. More recently, transformer-based approaches
[19, 33, 41] have introduced novel attention mechanisms
(channel-wise, strip-based, and frequency-based) for robust
blur feature extraction. ID-Blau [35] proposed a data aug-
mentation technique that simulates diverse blurred images
using continuous motion trajectory models, further boost-
ing performance.

Text-specific deep learning approaches have also
emerged. Hradis ef al. [15] presented an early CNN-based
method for text deblurring. Sun et al. [32] introduced a
CNN framework to estimate non-uniform motion blur by
predicting patch-level kernels, refined through MRF fusion
and rotation augmentation, enabling more accurate restora-
tion.

3. Method

We present a semi-supervised learning approach for
restoring single-view text images degraded by both specular
highlight and blurring, alongside the first real-world dataset
of such images. The key innovation of our method lies in
exploiting the inherent property that multiple images with
varying highlight positions/intensities and blur patterns cor-
respond to the same high-definition content. This enables
the formulation of a self-supervised optimization objective,
where network output consistency is enforced across differ-
ent highlight-blurred versions of the same image, thereby
facilitating effective feature learning.

As illustrated in Figure 2, we design a dark channel-
guided Siamese network training framework with two
principal components: (1) Unsupervised phase—paired
highlight-blurred images and their dark channel maps are
fed into a weight-shared dual-branch network, with feature
learning driven by output color consistency constraints; and
(2) Supervised phase—network outputs are aligned with
ground truth labels on annotated data. The following sec-
tions describe the dataset construction process and technical
implementation of our method.

3.1. Dataset Construction

Hou et al. [14] constructed a controlled-illumination
text-image highlight dataset (RD) by overlaying plastic
films to simulate surface highlight (non-inherent material
properties) and capturing images under multi-light switch-
ing. However, this approach has inherent limitations: the
generated highlight deviates from real-world conditions,
and noticeable tone inconsistencies exist between image
pairs. They also rendered the synthetic highlight datasets
SD1 and SD2 using Blender. Later, Jiang et al. [16]
employed Unity3D to render large-area highlight images
and constructed the synthetic LST dataset. Nonetheless, a
significant gap remains between synthetic and real-world
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Figure 2 Overview of our method. The low-quality images with varying degrees of blurring or highlight positions, along with
their corresponding dark channel images, all derived from the same high-definition reference image, are fed into a weight-
sharing siamese network, where consistency constraints are applied to ensure output image alignment.

data, often causing performance degradation when models
trained on synthetic datasets are applied in practice.

To address this, we built a comprehensive dataset of
specular highlight-blurred text, combining both real and
synthetic images. The synthetic component was generated
by applying a Gaussian blur to the virtual highlight datasets
of [16, 14], thereby simulating highlight-blurred conditions.

Figure 3 presents the fixed tripod and samples from
our dataset. Our real dataset consists of three categories:
labeled highlight images, low-quality images, and low-
quality highlight images, each with corresponding quality
assessment labels. We additionally collected unlabeled real-
world scene images spanning these categories. The dataset
contains both indoor and outdoor samples, captured us-
ing consumer-grade smartphones and cameras mounted on
fixed tripods.

For indoor scenes, high-definition text images under nat-
ural lighting served as ground truth, while highlight-blurred
images were captured by illuminating targets from different
angles, producing varied intensity and position highlight as
network input. For outdoor scenes, highlight-blurred im-
ages under direct sunlight served as input, while clear refer-
ence images were obtained using sunlight-blocking umbrel-
las. Additional samples are collected under varying sunlight
intensities to diversify highlight characteristics.

During data preparation, we implemented a rigorous
quality control protocol by eliminating invalid images (cam-
era shake or text motion artifacts). All valid samples were
then standardized to a uniform 512 352 resolution to op-
timize GPU memory utilization during batch processing.
To improve model robustness, we employed comprehen-
sive data augmentation strategies including random rotation
within 30 , horizontal flipping, and brightness adjustment

with  20% variation.
3.2. Dark Channel Prior

The dark channel prior is a statistical observation in nat-
ural haze-free images. In most local regions, at least one
color channel (RGB) exhibits very low intensity. Mathe-
matically, the dark channel J%™* of an image J is defined as
follows [13]:

dark /vy — ; ; c
J (X) B CZfQ;ICI:';Bg yg"?x);| (y) (1)
where J€ is a color channel of J, (X) is a local patch cen-
tered at pixel X. The dark channel prior was primarily used
to describe the minimum values within the image patches.

He [13] observed that the dark channel of haze-free out-
door images is almost zero. Pan [26] discovered that most
dark channel elements in natural images are zero, whereas
in blurred images, most dark channel elements are nonzero.

We observed that the dark channel elements of specu-
lar highlight text images are predominantly nonzero, with
values significantly higher in highlighted regions. Figure 4
compares dark channel representations of highlight-free and
highlight-affected images, clearly showing the elevated val-
ues in the latter. Leveraging this distinctive property, we in-
troduce dark channel priors to guide our network, enabling
accurate highlight localization while improving the learn-
ing of textural and chromatic attributes. Additionally, we
design a channel-wise loss function to further optimize per-
formance.

Building upon the theoretical framework in [ 13], we sys-
tematically validated the Dark Channel Prior (DCP) using a
dataset of 500 images from our proprietary collection. As
presented in Table 1, highlight regions (defined by intensity



Figure 3 Fixed tripod and sample images from our dataset include: (1) outdoor blurred images under highlight conditions
and their corresponding images with varying highlight intensities; (2) blurred images and their label data; (3) indoor images
with highlight of different intensities and positions; and (4) outdoor highlight images and their corresponding label data.

I > 0:9) exhibit signi cantly higher dark channel values
( =0:82 2 =0:11). compared with non-highlight re-
gions ( = 0:08, 2 = 0:03), with this difference being

statistically signi cant p < 0:001in pairedt-test).

Table 1 Statistical comparison of dark channel values.

Region Type Mean () Variance (%) p-value

Highlight 0.82 0.11 < 0:.001
Non-Highlight 0.08 0.03 -
(@) (b) () (d)
3.3. Mamba module Figure 4 Visualization of dark channel prior under vary-

The Mamba module enhances state-space modelé;r?g imagg qu_ality conditions from our dataset: (a) Original
(SSMs) throughinput-dependent parameterizatiofts se- ~ Nigh-quality image; (b) Corresponding dark channel map

lective SSM dynamically adjusts parameters via: demonstrating characteristic low-intensity values; (c) De-
graded image with specular highlight and motion blur; (d)

Bt = WpXt; = softplugW x;) (2) Dark channel of (c) exhibiting substantially elevated inten-
whereWsg ;W are learned projections. The continuous- sity values.
time SSM:
0 —
hi(t) = Ah(t) + Bix(t) ©) thus making it highly suitable for real-time highlight re-
undergoes zero-order hold discretization: moval tasks.
Ac=e ™ Bi=( A) e 1) Bt (4 34 Method detail
yielding the discrete recurrence: Because multiple highlight-blurred variants can origi-
nate from the same clear text image, we propose a semi-
hy = Athy 1+ Bixy ) g Prop

supervised framework that enforces output consistency
This achieves linear-time sequence modeling with parallel across differently degraded versions (with varying blur
scans while maintaining global receptive elds. kernels and highlight intensities). This is realized via a
Mamba leverages its linear computational complexity weighted Siamese training strategy, where pairs of degraded
and dynamic selection mechanism to ef ciently process text inputs are processed by a weight-sharing network to
long-sequence images (e.g., video frames or high-resolutiorgenerate high-de nition reconstructions. Consistency con-
images) in highlight removal tasks, while achieving precise straints ensure restored images preserve texture and color
local enhancement by selectively focusing on abrupt illumi- delity.
nation changes. Compare with traditional CNN and Trans-  Finally, building on the dark channel prior, we develop
former architectures, Mamba signi cantly reduces compu- a dedicated dark-channel loss to enhance color restoration
tational overhead while maintaining a global receptive eld in highlight regions. Integrated into the complete training



