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and dissemination of image content have undergone remarkable changes. Social media platforms, such as Douyin and
WeChat Moments, have provided users with vast stages for showcasing and sharing visual works. These platforms have not
only motivated the flourishing development of image creation but have also injected strong momentum into the “visual
economy’ . However, with the widespread distribution of image works, copyright issues have become increasingly promi-
nent. Numerous malicious actors use technical means to steal, alter, or even commercialize the works of others without
authorization, severely damaging the rights of original creators. This phenomenon not only disturbs the creative ecosystem
but also threatens the sustainable development of digital content. Therefore, effectively protecting the copyright of image
works in an open network environment has become a crucial issue in technical research and industrial practice. Digital
image watermarking technology is one of the effective methods to address this problem. The earliest studies in digital water-
marking encoded secret information in the least significant bit of image pixels; however, this method is easily detected by
statistical measures. Researchers then shifted their attention to frequency domains, determining that encoding information
in the discrete cosine transform and discrete wavelet transform domains was highly robust. However, all these traditional
methods heavily relied on shallow, manually crafted image features, indicating that they did not fully use the carrier image,
resulting in substantial limitations in robustness. In recent years, with the development of deep learning, numerous deep
learning-based models have been applied to digital image watermarking to enhance robustness. However, most of these
approaches treat the low-frequency and high-frequency components of feature maps equally, overlooking the considerable
differences between different frequencies. This uniform treatment limits the model’ s adaptability to diverse attacks, mak-
ing it difficult to achieve high fidelity and strong robustness in watermarking. Various attacks affect image frequency bands
differently. For example, median filtering primarily impacts the distortion of high-frequency regions, whereas JPEG com-
pression has a greater impact on low-frequency distortion. The low-frequency part of an image typically conveys the smooth
appearance of the global area, while the high-frequency part captures the rich details of local regions, such as edges, tex-
tures, and other complex features. Ignoring the differences between frequency components hinders effective feature learn-
ing, making it difficult to achieve robustness and invisibility in watermarking, which also limits the flexibility of the model
in handling diverse information. In robust image watermarking models, fidelity and robustness are crucial evaluation met-
rics. Effectively capturing image features plays a key role in enhancing the fidelity and robustness of the watermarking
model. Method The proposed method enhances watermarking performance by processing low-frequency and high-frequency
components through differentiated mechanisms. Specifically, low-frequency components are modeled using a wavelet con-
volutional neural network of cascaded wavelet decomposition, deep convolution, and inverse wavelet reconstruction. This
approach leverages wide receptive field convolutions to efficiently capture global structures and contextual information at a
coarse granularity, enhancing the capability of the model to learn low-frequency information while maintaining computa-
tional efficiency. In contrast, high-frequency components are refined using a feature distillation block comprising depth-
wise separable convolutions and attention mechanisms. This design strengthens image details and enables efficient extrac-
tion of high-frequency information at a fine granularity. The Haar wavelet is used for decomposition due to its computational
efficiency and simplicity, increasing its suitability for integration into convolutional neural networks. Additionally, a multi-
frequency wavelet loss function is employed to guide the model’ s focus on feature distribution across different frequency
bands, further improving generated image quality. Multifrequency wavelet transforms allow image representation at differ-
ent scales. By decomposing the image into multiple levels, details from low-frequency to high-frequency are captured,
which is crucial for image reconstruction, preserving additional details and reducing distortion. Subsequent wavelet decom-
positions are performed only on the low-frequency components after applying the first-level wavelet transform to the image.
Result Experimental results demonstrate that the proposed deep robust image watermarking driven by frequency awareness
(RIWFP) achieves superior performance across multiple datasets. On the COCO dataset, RIWFP attains an accuracy of
91. 4% under dropout attacks. Under salt and pepper noise and median blur attacks, RIWFP achieves a maximum accu-
racy of 100% and 99. 5%, respectively, highlighting its effective learning of high-frequency information. On the ImageNet
dataset, RIWFP records an accuracy of 93. 4% and 99. 6% under crop and JPEG attacks, respectively, notably outperform-
ing other methods. Overall, RIWFP achieves average accuracies of 96. 7% and 96. 9% on the COCO and ImageNet data-

sets, respectively, surpassing existing methods. Ablation experiments further confirm that RIWFP enhances watermark
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invisibility and robustness by integrating wavelet convolution with a distillation mechanism, showing particular resilience to

high-frequency-related noise and filtering attacks. Conclusion The proposed method substantially improves watermark

invisibility and robustness through a frequency-aware, coarse-to-fine processing strategy. This method demonstrates supe-

rior performance against various attacks, providing an effective solution for digital image watermarking.
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tion mechanism; multi-frequency wavelet loss
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Table 1 Various common attack methods
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Fig. 6  The objective invisibility results obtained by the
compared methods ((a) PSNR values on ImageNet and COCO;
(b) SSIM values on ImageNet and COCO)
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Fig. 7 The ACC values obtained by the compared methods against the five common image processing attacks on the COCO dataset and
the ImageNet dataset ((a) ACC values on the COCO dataset; (b) ACC values on the ImageNet dataset)
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Table 2 The ACC values obtained by the compared methods under three combinations of attacks

1%

ity MBRS RDFrKT IMP FBRIW WFormer IWFormer RIWFP
MF-3 + DP-0.9 + QF-90 96.3 65.9 95.2 96.8 94.7 95.7 98.2
MF-5 + DP-0.9 + QF-85 92.5 63.2 92.8 94.6 91.7 93.8 96.2
MF-5 + DP-0.9 + QF-80 93.0 62.8 91.6 94.1 88.1 90.0 95.5
MF-5 + DP-0.8 + QF-80 90.9 59.4 89.3 92.0 84.3 87.4 93.3
T L RN S AT R LA R
®3 WHAEEAMBUELES TREHACCHE
Table 3 The ACC values obtained by the compared methods under two combinations of attacks
/%
Wity MBRS RDFrKT IMpP FBRIW WFormer IWFormer RIWFP
SP-0.03 + CP-0.9 95.5 80.4 94.2 96.2 90.4 94.7 98.3
SP-0.04 + CP-0.8 90.6 78.1 88.5 91.8 89.2 90.3 95.4
JPEG-90 + CP-0.9 94.7 76.3 95.6 95.9 93.0 94.0 97.8
JPEG-80 + CP 0.8 91.1 74.9 92.3 92.9 88.6 90.5 96.3
MF-3 + CP-0.9 95.9 67.8 95.8 96.5 93.2 94.4 98.5
MF-5 + CP-0.8 914 60.2 90.6 92.3 88.9 91.1 96.9
SP-0.03 + DP-0.9 99.1 82.1 98.6 98.4 97.6 98.5 99.9
SP-0.05 + DP-0.8 98.3 76.7 98.5 97.7 94.2 96.0 98.7
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Table 4 The ACC values obtained by the compared methods against various untrained attacks

1%

W# MBRS RDFrKT IMP FBRIW WFormer IWFormer RIWFP
GN-0.01 98.8 67.8 98.2 99.6 97.4 98.5 99.9
GN-0.05 95.5 50.6 93.1 96.2 94.9 95.3 98.4
AS-5 98.4 64.2 98.7 92.8 92.4 99.3 98.5
AS-10 96.7 61.7 96.2 87.6 92.0 95.7 96.3
AS-15 94.1 58.3 93.4 84.7 86.0 92.0 94.2
BA-1.1 95.3 70.4 95.9 95.7 94.5 94.3 98.2
BA-1.2 92.4 67.9 91.8 93.3 90.4 89.9 94.3
AH-0.44 90.2 67.5 90.1 96.4 95.1 97.6 98.4
AH-0.46 84.3 64.8 83.6 94.1 93.2 95.8 97.1
AH-0.48 80.6 61.6 80.3 89.9 91.0 93.9 94.7
AC-0.9 94.3 63.4 93.7 98.0 95.6 96.5 98.7
AC-1.1 95.9 61.1 94.5 96.3 96.1 96.7 96.8
AC-1.2 93.1 58.3 92.6 93.2 93.7 94.3 95.5
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Fig. 8 The visual attention heat map
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Table 5 The ablation experimental results obtained by RIWFP
21 SSIM  PSNR/AB  DP-0.4/% CP-0.7/% JPEG-50/%  SP-0.09/%  MF-9/% F3/%
RIWFP-/ [Nt 45 B 28 R 4% 0.966  38.4 90.1 91.5 98.3 99.3 98.5 95.5
RIWFP-45 1 Z& 18 AL HI 0.965 38.3 91.2 92.8 98.6 98.7 97.9 95.8
RIWFP 0.967  38.4 91.6 93.4 99.6 100 99.7 96.9
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