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Abstract: Objective Specular highlight detection and removal, with the primary objective of accurately identifying high-
light regions exhibiting mirror-like reflection characteristics and precisely recovering the underlying pixel information, con-

stitute a fundamental research topic in computer vision and image processing. This technology demonstrates considerable
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practical value across various visual applications, including object detection, medical image analysis, industrial defect
identification, and 3D imaging. From an optical perspective, the specular highlight phenomenon originates from the direc-
tional reflection behavior of incident light on smooth non-Lambertian surfaces, and its physical mechanism is theoretically
describable through Fresnel equations. Traditional highlight removal methods typically rely on strict physical assumptions,
which primarily encompass three classical approaches: 1) chromaticity space analysis-based techniques, 2) illumination
estimation-based algorithms, and 3) polarization information-utilizing solutions. However, these methods exhibit limited
adaptability to complex and variable highlight removal requirements in real-world scenarios because of their constraints
regarding specific scenes or object types. By contrast, deep learning-based highlight detection and removal techniques
adopt a data-driven approach to automatically learn the complex nonlinear mapping relationships between highlight reflec-
tions and scene content, thereby effectively circumventing the dependency on prior assumptions inherent in traditional
methods. The shifted window attention mechanism demonstrates unique advantages in highlight removal tasks and effec-
tively addresses issues, such as texture information loss and color distortion, caused by specular highlights. This mecha-
nism integrates local window partitioning with cross-window interaction, thus reducing computational complexity while
maintaining global modeling capability. Building upon the exceptional modeling capability demonstrated by the shifted win-
dow attention mechanism during the feature extraction stage, this study proposes a two-stage mask-guided highlight removal
network architecture. The proposed framework employs the shifted window attention mechanism to extract multiscale cross-
channel features and utilizes highlight masks as prior knowledge to guide subsequent pixel recovery in highlight regions,
thereby achieving highlight localization and removal. Notably, existing deep learning methods face challenges regarding
insufficient training data. Current publicly available highlight datasets predominantly employ synthetic generation or
laboratory-controlled lighting acquisition methods, failing to meet the requirements of real-world applications. To address
this limitation, this study additionally constructs an in-situ automotive highlight dataset captured under multiple illumina-
tion conditions. This dataset has the following characteristics: 1) coverage of diverse natural illumination conditions, 2)
inclusion of complex background interference, and 3) precise pixel-level annotations, thereby providing a data foundation
for enhancing model generalization performance in real-world scenarios. Method In this study, we construct a real high-
light dataset with cars as the main object, which is based on common cars in daily life with different highlight regions and
intensities. Each pair of highlight images has its corresponding real highlight mask image. For highlight detection and
removal, we propose a mask-guided two-stage highlight removal network (MG-TransUNet). This network explicitly divides
the highlight detection and removal task into two phases. In the first phase, we train with a lightweight U-Net architecture
to extract the highlight regions in the highlight images and generate the highlight mask map. In the second phase, a shifted
window attention Transformer network that is based on the U-Net architecture is designed to recover the diffuse images of
highlight regions by using the predicted highlight mask map as an a priori guide. Our experimental dataset is selected from
three major public datasets (i. e., paired specular-diffuse image dataset (PSD) , specular highlight image quadruples
(SHIQ) and synthetic specular highlight removal dataset (SSHR) ) with our proposed automotive dataset. Among the four
datasets, only SHIQ and automobile datasets provide highlight masks. To make our method trainable on the PSD and SSHR
datasets, we subtract and threshold the highlight images and the corresponding specular no-highlight images from the two
datasets to obtain the highlight mask for each pair of images. The highlight detection network is trained with the highlight
images and masks at the first stage, and the obtained highlight masks are used as a priori information to guide the highlight
removal task at the second stage. Our mask-guided highlight removal network is implemented by the Pytorch toolbox. The
input images and ground truth maps are resized to 256 X 256 for training, the momentum parameter is set to 0. 99, and the
initial learning rate is set to 2 X 107", which is reduced using a decay coefficient of 0. 8 every 5 cycles until it reaches 1 X
107°. The stochastic gradient descent learning process is accelerated using an NVIDIA GeForce GTX3090 GPU device,
and 100 iterations requires about half a day. Result Experiments are conducted on the proposed automotive dataset and
three publicly available datasets to compare eight state-of-the-art methods. The quantitative evaluation metrics include the
structural similarity index measure and peak signal-to-noise ratio (PSNR). Experimental results show that the PSNR value
ranks second on the PSD dataset. It is improved by 1. 11 compared with that in the model with second-best performance on the

SHIQ dataset and by 0. 38 compared with that in the model with the second-best performance on the SSHR dataset. Comparative
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experiments are also performed on automotive datasets to validate the effectiveness of the proposed dataset. Conclusion We pro-

pose a car highlight dataset for real scenarios and a mask-guided network incorporating a window-shift attention mechanism

to perform the highlight removal task. The experimental results show that our highlight removal network can accurately rec-

ognize highlight regions and remove highlight images. The code link: https://github.com/chenWULUQI/MG-Trans_Unet.

Key words: highlight detection; highlight removal; highlight dataset; U-Net model; shifted window attention mechanism
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Fig.5 Architectural diagram of the SWAT
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Fig. 6  Architectural diagram of the CAT
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Table 2 Comparison of results between highlight

detection network and other methods on SHIQ dataset

WIR7S Acc
Orhlr(Shi Z5,2025h) 0.90
Shdnet(Fu%§,2020) 0.87
Unet-Transformer 0.97
AL 0.98

T L R RIZ PR IR & A R e IR E 2R

e O DX B 2 6 1Y 75 2K o
4.2.2 mEEEBRMY
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BRI FR AR YR T AT X b vk | i 4E PSD
Bt FAUK T HighligtRNet, A A SC 7 BB A
RCHB LT 5 G R BR AT 55 1 e
4.2.3 RERCEIEE

IR =Dl €% R =Ib ot K NITE Y = b5 o
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BRSO R AE IR 2 B TR R B 4R L TR RE B
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R3 AXEEMIESOTAEZE=ZRAFHIBENITLLER

Table 3 Comparison of results between our algorithm and SOTA algorithms on three major public datasets

PSD SHIQ SSHR
7k

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
SHIQ(Fu%§,2021) 21.52 0.88 34.13 0.86 26.98 0.90
PSD(Wu%,2022) 21.80 0.88 23.42 0.92 25.73 0.89
MG-GAN(Hu % ,2022) 22.12 0.82 30.94 0.97 28.40 0.87
Unet-Transformer( Wu %5 ,2023) 23.93 0.86 31.57 0.96 33.45 0.95
TSHR(Fu%,2023) 22.76 0.90 25.58 0.93 28.63 0.94
DHAN(Guo % ,2024) 25.17 0.87 33.64 0.97 36.16 0.96
HighlightRNet(Zhang % ,2024) 29.79 0.92 30.23 0.93 30.07 0.96

L’HRNet(Pan % ,2025) - - 3271 0.96 - -
A3 26.37 0.88 35.24 0.97 36.54 0.97

T L R R AR IR % 5 SRl AR 2R

RN AR N IR IR BAE R
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R4 AXEFEMEMBEEEREFRIRE LHOXLER
Table 4 Comparison of results between our algorithm and

other algorithms on the car dataset

WIRFS PSNR/dB SSIM
PSD 22.66 0.74
MG-GAN 25.03 0.80
DHAN 23.78 0.82
A3 25.14 0.83

TE R R RIZ RN S 9 et IS 2R

X —J7 AR T AT E RS AR A Al SR, 55—
WEMABL 1A SOr e B st i 92 N H

B
K7 MG-TransUnet IR 7E IR 5G4 L 0 S0 36 45 51

Fig. 7 Experimental results of MG-TransUnet on the car dataset
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Table 5 The ablation experiment of mask guided network and shifted window attention Transformer module

PSD SHIQ SSHR
ik
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
U-Net 24.34 0.83 32.81 0.91 35.18 0.91
U-Net + i 5| 5/ 4% 25.78 0.86 33.64 0.94 35.89 0.93
U-Net + 4 FI RS & 1B 26.16 0.86 34.37 0.95 36.27 0.94
ARSIk 26.37 0.88 35.24 0.97 36.54 0.97

T L R RIZ AR IR & Bl A2 2R

() FIAEDCEIG

(b) FEDIAERS (c) SWAT HLH AR g1&]
8  SWATHLHA i FFHERA ) P S5k A g e PR L e
Fig. 8 Comparison results between SWAT module output feature heatmap and input highlight image
((a) input highlight image; (b) highlight area mask; (¢) SWAT module outputs feature heatmap )
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