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Abstract: Objective Screen-shooting resistant watermarking technology is an effective copyright authentication technique
which has received widespread attention in recent years. It utilizes a pre-designed embedding algorithm to embed secret
information into the cover image. When the copyright of the image is found to be infringed, the corresponding extraction
algorithm can be used to extract the secret information , thereby achieving copyright protection. However, screen content
images as a predominant medium for information transmission, the widespread use of screen-shooting enables low-cost
duplication of screen content, posing severe challenges to copyright protection. Although screen-shooting resistant robust
watermarking technology has emerged as an effective solution for copyright authentication and infringement tracing, exist-
ing research faces a critical problem: the lack of dedicated screen content image datasets. Current deep learning-based
watermarking models are primarily trained on natural image datasets such as ImageNet, COCO, and MIR-Flickr. These
natural image datasets focus on real-world scenes with rich textures and complex color distributions, which differ fundamen-
tally from screen content images characterized by text-dominated content, large uniform color backgrounds, and vector-
based elements like lines and diagrams. This domain gap leads to significant visual quality degradation (e. g. , visible arti-
facts) when models trained on natural images are applied to screen content. Additionally, existing screen-related datasets
are designed for quality assessment tasks and contain a large number of noise-processed images, making them unsuitable
for training robust watermarking models that require accurate simulation of real-world screen content scenarios. To address
these issues, this study aims to construct a large-scale, high-quality dedicated screen content image dataset to support the
development of screen-shooting resistant robust watermarking technologies, thereby bridging the performance gap between
natural image and screen content watermarking applications and enhancing the practicality of copyright protection for
screen-based information. Method A screen content image dataset for screen-shooting resistant watermarking (SCID) was
constructed specifically for screen-shooting resistant robust watermarking tasks. The dataset was categorized into six func-
tional themes based on common usage scenarios: webpage applications, chat applications, programming environments
applications, engineering drawings applications, online meetings applications, and office applications. For webpage appli-
cations images, diverse sources were collected through search engines, including official websites, social media platforms,
open-source project repositories, and large language model conversation interfaces, covering text-heavy pages, image-rich
content, and interactive interfaces. Chat applications images included interfaces from popular communication software
such as QQ and WeChat, as well as public account push and conversation interfaces. Programming applications images
captured code displays and runtime results from various development platforms. Engineering drawing applications images
consisted of both 2D blueprints and 3D model renderings, covering mechanical, architectural, and electrical design sce-
narios. Online meeting applications images were collected from remote collaboration tools like Tencent Meeting and Fei-
Shu, including live lectures, video conferences, and remote desktop control scenes. Office images were captured from
common office software (Microsoft Office and WPS) including Word documents, Excel spreadsheets, PDF files, and PPT
presentations. In total, the SCID contains 17 101 high-resolution images, integrating text, images, diagrams, and video
frames to simulate both daily and professional screen usage scenarios. Result To validate the effectiveness of SCID, five
deep learning watermarking methods (StegaStamp, MBRS, PIMoG, HiFiMSFA and MTVDGAN) were selected for com-
parative experiments, and the performance of the models was evaluated from three key dimensions: visual quality, robust-
ness against digital attacks, and robustness against real screen-shooting attacks. Forvisual quality (assessed by PSNR and
SSIM) , models trained on natural image datasets showed a significant drop of 2~4 dB in PSNR when tested on SCID, indi-
cating obvious visual artifacts in screen content watermarking. In contrast, models trained on SCID maintained stable
PSNR and SSIM when tested on natural image datasets, demonstrating that SCID-trained models retain excellent visual
quality across domains without additional fine-tuning. In digital attack experiments (including random cropping, JPEG
compression, Gaussian blur, Gaussian noise, median filtering, and salt-and-pepper noise) , the accuracy difference (AD)
of SCID-trained models was consistently better than that of natural image-trained models. This indicates that SCID-trained
models have smaller performance fluctuations when transferred between screen content and natural images , reflecting stron-
ger versatility. For real screen-shooting attacks, although the SCID trained model did not show significant performance
improvement compared to the model trained on natural image datasets, the fluctuation range of AD was within 0. 1%, that

the performance fluctuation range is still within an acceptable range. These results collectively confirm that SCID not only
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improves the visual quality of screen content watermarking but also maintains strong robustness against both digital and real -
world screen-shooting attacks, while ensuring excellent generalization to natural images. Conclusion This study addresses
the lack of dedicated datasets for screen-shooting resistant watermarking by constructing the large-scale SCID, which cov-
ers 17 101 images across six practical themes. Comparative experiments using three watermarking methods demonstrate
that SCID effectively resolves the visual quality degradation issue of natural image-trained models when applied to screen
content, while enabling models to retain stable performance on natural images. The dataset’s diverse content and realistic
scenario simulation enhance the generalization and practicality of watermarking models, providing critical data support for
the development of screen content copyright protection technologies. Additionally, SCID can serve as a benchmark dataset
for screen-shooting resistant watermarking research, promoting standardized evaluation and technological innovation in the
field. This work contributes to advancing copyright protection for digital screen content and provides a foundation for
addressing infringement and information leakage challenges in cross-media transmission scenarios. To facilitate replication
and verification by academic peers, the dataset constructed in this paper will be made public upon acceptance of the paper,
and the complete download link will be provided in the article at that time.
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Table 3 PSNR of watermarked images from different models on different training—testing datasets

R PUE R SaplllEe S PSNR d,(dB) EUE S SaplllEe S PSNR d(dB) d, - d, (dB)
COCO-COCO 23.989 COCO-SCID 19.987 -4.002
SCID-SCID 23.091 SCID-COCO 23.313 0.222
MIRFlicker—-MIRFlicker 24.110 MIRFlicker—SCID 22.170 -1.940
StegaStamp (64 bits)
SCID-SCID 23.091 SCID-MIRFlicker 23.231 0.139
ImageNet—ImageNet 22.749 ImageNet—=SCID 20.687 -2.062
SCID-SCID 23.091 SCID-ImageNet 22.979 0.112
COCO-COCO 24.563 COCO-SCID 20.384 -4.179
SCID-SCID 27.047 SCID-COCO 27.686 0.639
MIRFlicker—-MIRFlicker 26.711 MIRFlicker—SCID 21.180 -5.531
MBRS (30 bits)
SCID-SCID 27.047 SCID-MIRFlicker 28.033 0.986
ImageNet—ImageNet 28.310 ImageNet—SCID 21.407 -6.903
SCID-SCID 27.047 SCID-ImageNet 28.666 1.619
COCO-COCO 28.053 COCO-SCID 25.717 -2.336
SCID-SCID 24.739 SCID-COCO 24.832 0.093
MIRFlicker-MIRFlicker 22.178 MIRFlicker-SCID 23.042 0.864
PIMoG (30 bits)
SCID-SCID 24.739 SCID-MIRFlicker 24.520 -0.219
ImageNet—ImageNet 24.795 ImageNet—SCID 24.044 -0.751
SCID-SCID 24.739 SCID-ImageNet 24.500 0.239
COCO-COCO 26.936 COCO-SCID 18.810 -8.126
SCID-SCID 26.871 SCID-COCO 26.425 -0.446
MIRFlicker—MIRFlicker 25.944 MIRFlicker-SCID 20.349 -5.595
HiFiMSFA (64 bits)
SCID-SCID 26.871 SCID-MIRFlicker 25.693 -1.178
ImageNet—ImageNet 27.819 ImageNet—SCID 21.036 -6.783
SCID-SCID 26.871 SCID-ImageNet 26.727 -0.144
COCO-COCO 25.547 COCO-SCID 22.376 -3.171
SCID-SCID 25.019 SCID-COCO 25.103 0.084
MIRFlicker-MIRFlicker 26.839 MIRFlicker—SCID 23.532 -3.307
MTVDGAN (50 bits)
SCID-SCID 25.019 SCID-MIRFlicker 25.011 -0.008
ImageNet—ImageNet 25.583 ImageNet—SCID 23.105 -2.478
SCID-SCID 25.019 SCID-ImageNet 24.969 -0.050

TR, R ALTE B N A R TR K R A 2351
NI i (408 2K L 5 A R, #E SCID B I ZRA B
4 5y SCID Y145 2 COCO B, PSNR LA H
PR B, B 2 /NI B T, 0 O R R R AR
E o StegaStamp 9 H: A3 41X b 45 S A E S B —
AL, BNE [ SRSB4 VI ZRi i AL E AR [R]

DR B I3 PSNR ¥ B 5 B A, 107 7€ SCID B
SR AR AR AS [ ) PSNR U R 552 5 ol m
HETE, A, #3 H1 MBRS. PIMoG . HiFiMSFA F1
MTVDGAN PUF 5 #Y ) I X 45 S 5 StegaStamp 152 !
R —, — LU T Eikgsie . BRI S EEA
SRIEG B AR LI 2 i B, S5 T SCID B,
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Table 4 SSIM of watermarked images from different models on different training—testing datasets

i UIZhAE— A SSIM s, PUER Spilline S SSIM s, s =8
COCO-COCO 0.911 COCO-SCID 0.896 -0.015
SCID-SCID 0.940 SCID-COCO 0.905 -0.035
MIRFlicker—-MIRFlicker 0.946 MIRFlicker-SCID 0.965 0.019
StegaStamp (64 bits)
SCID-SCID 0.940 SCID-MIRFlicker 0.895 -0.045
ImageNet—ImageNet 0.927 ImageNet—SCID 0.946 0.019
SCID-SCID 0.940 SCID-ImageNet 0.901 -0.029
COCO-COCO 0.906 COCO-SCID 0.860 -0.046
SCID-SCID 0.966 SCID-COCO 0.972 0.006
MIRFlicker-MIRFlicker 0.940 MIRFlicker-SCID 0.908 -0.032
MBRS (30 bits)
SCID-SCID 0.966 SCID-MIRFlicker 0.964 -0.002
ImageNet—ImageNet 0.954 ImageNet—SCID 0.925 -0.029
SCID-SCID 0.966 SCID-ImageNet 0.967 0.001
COCO-COCO 0.908 COCO-SCID 0.913 0.005
SCID-SCID 0.840 SCID-COCO 0.834 -0.006
MIRFlicker-MIRFlicker 0.845 MIRFlicker—SCID 0.843 -0.002
PIMoG (30 bits)
SCID-SCID 0.840 SCID-MIRFlicker 0.823 -0.017
ImageNet—ImageNet 0.839 ImageNet—SCID 0.839 0
SCID-SCID 0.840 SCID-ImageNet 0.812 -0.028
COCO-COCO 0.940 COCO-SCID 0.910 -0.030
SCID-SCID 0.937 SCID-COCO 0.939 -0.002
MIRFlicker—-MIRFlicker 0.944 MIRFlicker—SCID 0.929 -0.015
HiFiMSFA (64 bits)
SCID-SCID 0.937 SCID-MIRFlicker 0.920 -0.017
ImageNet—ImageNet 0.946 ImageNet—SCID 0.909 -0.037
SCID-SCID 0.937 SCID-ImageNet 0.938 -0.001
COCO-COCO 0.932 COCO-SCID 0.923 -0.009
SCID-SCID 0.941 SCID-COCO 0.936 -0.005
MIRFlicker—-MIRFlicker 0.921 MIRFlicker—SCID 0.915 -0.006
MTVDGAN (50 bits)
SCID-SCID 0.941 SCID-MIRFlicker 0.941 0
ImageNet—ImageNet 0.924 ImageNet—SCID 0.910 -0.014
SCID-SCID 0.941 SCID-ImageNet 0.932 -0.009

PSNR ¥ R T 2~4 dB, Ui B 122 AR 7 B P 25
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B2 245 TRAR SRR R IR /v A o "I LLE

L SCID AR R K FEAR o B2 A vh TR IX ], 2 91
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H0H BB (0 K B Ay AU Ry B, i T PSNR R %
i 25 i P AR 7E A SR MG B E 5 N G i A A
IV FH
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Figure. 2 Pixel grayscale distribution of each dataset
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Figure. 4 Comparison of LBP rectangles
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PSNR #1 SSIM
Table 6 PSNR and SSIM of watermarked images from

different models on different categories of SCID

il 2] PSNR(dB)  SSIM
All 23.091 0.940
C, 23.066 0.942

StegaStamp (64 bits)
C, 22.608 0.941
C, 22912 0.938
All 27.047 0.966
C, 28.579 0.983

MBRS (30 bits)
C, 28.281 0.978
C, 28.251 0.982
All 24.739 0.840
C, 24.841  0.849

PIMoG (30 bits)
C, 24104 0.841
C, 24.849 0.845
All 26.871 0.937
C, 26.880 0.939

HiFiMSFA (64 bits)
C, 25.894 0.931
C, 26.632 0.930
All 25.019 0.941
C, 24.943 0.936

MTVDGAN (50 bits)

C, 24.522 0.935
C, 24.593 0.940
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Table 7 Comparison of Digital Attacks on Watermarked Images from different models across different categories of SCID

el 25 JPEG Crop GF GN MF SP
All 0.972 0.983 0.974 0.983 0.973 0.979
C, 0.984 0.977 0.975 0.970 0.976 0.975
StegaStamp (64 bits)
C, 0.985 0.975 0.970 0.980 0.985 0.978
C, 0.965 0.983 0.971 0.970 0.965 0.973
All 0.978 0.972 0.987 0.976 0.971 0.977
C, 0.977 0.972 0.973 0.960 0.975 0.973
MBRS (30 bits)
C, 0.987 0.971 0.984 0.981 0.980 0.989
C, 0.976 0.989 0.975 0.976 0.962 0.971
All 0.980 0.986 0.974 0.982 0.984 0.973
C, 0.970 0.982 0.986 0.972 0.974 0.982
PIMoG (30 bits)
C, 0.979 0.980 0.987 0.975 0.969 0.982
C, 0.968 0.974 0.983 0.971 0.983 0.964
All 0.980 0.970 0.984 0.969 0.98 0.963
C, 0.963 0.960 0.97 0.969 0.965 0.989
HiFiMSFA (64 bits)
C, 0.977 0.966 0.976 0.971 0.972 0.972
C, 0.98 0.967 0.986 0.979 0.960 0.984
All 0.986 0.985 0.981 0.983 0.980 0.975
C, 0.982 0.973 0.961 0.974 0.987 0.980
MTVDGAN (50 bits)
C, 0.984 0.966 0.973 0.977 0.976 0.970
C, 0.977 0.972 0.985 0.980 0.974 0.971
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Table 8 Comparison of Screen shooting on Watermarked Images from different models across different categories of SCID

HELY 255 [luminance Distance Angle Brightness Equipment_Group
All 0.982 0.973 0.975 0.969 0.979
C, 0.980 0.984 0.974 0.970 0.974
StegaStamp (64 bits)
G, 0.978 0.963 0.985 0.961 0.960
C, 0.984 0.975 0.978 0.975 0.964
All 0.990 0.989 0.985 0.970 0.984
C, 0.971 0.985 0.980 0.983 0.972
MBRS (30 bits)
G, 0.970 0.988 0.979 0.974 0.977
C, 0.981 0.980 0.984 0.969 0.973
All 0.973 0.984 0.981 0.967 0.976
G, 0.964 0.984 0.976 0.961 0.974
PIMoG (30 bits)
C, 0.980 0.971 0.969 0.970 0.990
C, 0.987 0.976 0.961 0.980 0.989
All 0.966 0.973 0.982 0.980 0.962
C, 0.983 0.982 0.988 0.968 0.960
HiFiMSFA (64 bits)
C, 0.961 0.981 0.969 0.974 0.989
C, 0.971 0.977 0.963 0.964 0.972
All 0.987 0.990 0.978 0.974 0.975
C, 0.975 0.972 0.977 0.989 0.976
MTVDGAN (50 bits)
C, 0.965 0.963 0.982 0.961 0.979
C, 0.984 0.975 0.977 0.975 0.988
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