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Abstract

Adding imperceptible watermarks to artwork images, such
as paintings and photographs, can effectively safeguard the
copyright of these images without compromising their us-
ability. However, existing blind watermarking techniques en-
counter two major challenges in addressing this task: im-
perceptibility and robustness, particularly when subjected to
various noise attacks. In this paper, we propose a blind wa-
termarking method for artwork image copyright protection,
IWRN, which can ensure both the Imperceptibility of the
Watermark and Robustness against Noise attacks. For imper-
ceptibility, we design a Learnable Wavelet Network (LWN)
to adaptively embed the watermark into the high-frequency
region where the watermark has better invisibility. For ro-
bustness, we establish a Deform-Attention based Invertible
Neural Network (DA-INN) with a decoding optimization,
which offers the advantage of computational reversion, and
combines the deform-attention mechanism and decoding op-
timization to enhance the model’s resistance against noises.
Additionally, we design a Joint Contrast Learning (JCL)
mechanism to improve imperceptibility and robustness si-
multaneously. Experiments show that our IWRN outperforms
other state-of-the-art blind watermarking methods, achieves
an average performance of 46.74 PSNR and 99.91% accuracy
across three datasets when facing 12 kinds of noise attacks.

Code — https://github.com/BUPT-SN/IWRN

Introduction
Artwork images play a crucial role in the dissemination and
display of art, but they are also faced with risks of copyright
infringement. Blind watermarking methods are widely used
in protecting the copyright of artwork images (Wan et al.
2022; Xiao, Zhao, and Li 2022). However, there are two
main challenges in this task: (1) Imperceptibility problem,
that is, how to make the embedded watermark as hidden as
possible so as not to affect the viewer’s visual experience of
the artwork; (2) The robustness problem, which refers to the
ability to accurately extract watermarks in the face of various
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Figure 1: The flow-charts of our method and other methods.

noise attacks such as Gaussian noise and affine transforma-
tion.

In order to deal with the imperceptibility problem, tra-
ditional blind watermarking methods (Hsu and Wu 1999;
Barni, Bartolini, and Piva 2001) commonly embed the wa-
termarks in the frequency domain of the image. However,
when such methods encounter noise attacks, the watermarks
will be corrupted and cannot be recovered normally (Huang
et al. 2023; Arab, Ghorbanpour, and Hefeeda 2024). In re-
cent years, deep learning has greatly promoted the devel-
opment of blind watermarking. Typical methods are end-to-
end methods (Zhu et al. 2018; Liu et al. 2019; Jia, Fang, and
Zhang 2021; Yu 2020; Zhang et al. 2020a; Tancik, Milden-
hall, and Ng 2020; Guo et al. 2023; Wang et al. 2024b,a;
Khan, Wong, and Baskaran 2024), their flow-chart is shown
in Figure 1(a). These methods include encoding and de-
coding networks, which are trained in an end-to-end man-
ner. Optimizing the model structure or adding suitable loss
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functions will yield better results. However, it is worth not-
ing that the imperceptibility and robustness of such meth-
ods may not always achieve satisfactory results across all
scenarios. The architectures between encoding and decod-
ing of these methods are fundamentally different, making it
difficult to achieve a balance between imperceptibility and
robustness. Especially when the encoding ability is exces-
sively strong, ensuring the robustness of their decoding be-
comes difficult, and robustness is a top priority in water-
marking methods. For this reason, in order to ensure robust-
ness, imperceptibility has to be sacrificed.

For the robustness problem, the INN-based methods (Jing
et al. 2021; Ma et al. 2022a; Xu et al. 2022; Guan et al. 2022;
Fang et al. 2023; Luo et al. 2023) are effective, and their flow
chart is shown in Figure 1(b). They use a shared reversible
network for watermark embedding and extraction, and de-
coding can be seemed as the inverse process of encoding,
so they can robustly extract watermarks in an exact form.
However, they also possesses inherent limitations. Firstly,
INN-based digital watermarking methods struggle to main-
tain robustness against complex noise (such as Affine, Ro-
tation, etc.). In addition, there is a lack of specialized opti-
mization strategies to improve the models’ encoder-decoder
ability. Therefore, there is still a large space to enhance ro-
bustness and Imperceptibility, especially when dealing with
complex noise.

In this paper, to address the aforementioned issues, we
propose a blind watermarking method for artwork image
copyright protection, IWRN, which can ensure both the im-
perceptibility of the watermark and its robustness against
noise attacks. As shown in Figure 1(c), our IWRN mainly
contains three core components: Learnable Wavelet Net-
work (LWN) , Deform-Attention based Invertible Neural
Network (DA-INN), and a Decoding Optimization Module
(DOM). Firstly, to enhance the imperceptibility, we design
the LWN to adaptively embed the watermark into the high-
frequency region where the human eye is less sensitive to
watermark. Secondly, we propose the DA-INN, which offers
the advantage of computational reversion, and combines the
deform-attention mechanism to enhance the model’s resis-
tance against noises. To further improve the robustness of
DA-INN, we introduce the DOM to make up for its short-
comings in optimization. Additionally, we established a joint
contrast learning mechanism (JCL), through which the simi-
larity between the image and the watermarked image, as well
as the similarity between the watermark and the decoded wa-
termark, was contrastively learned, thus further improving
the encoding and decoding ability of the model, and further
enhancing the imperceptibility and robustness of the water-
mark.

The main contributions are summarized as follows:

• We propose a novel robust blind watermarking method,
IWRN, with the proposed joint contrast learning, it can
maintain high imperceptibility and achieve high robust-
ness against all kinds of noise.

• The proposed LWN, can adaptively learn the parameters
of the wavelet transform, so that the watermark can be
placed in the high-frequency region where the human eye

is less sensitive to watermark, so as to improve the imper-
ceptibility.

• The proposed DA-INN and DOM joint decoding can
greatly improve the robustness from three aspects: 1)
It inherits reversibility advantages of INN; 2) With the
deform-attention, it is designed to potentially offer better
resistance against complex noise attacks, such as affine
transformation; 3) By introducing the DOM module, the
decoding ability of the model can be further improved.

• Extensive experiments demonstrates that our IWRN
achieves better performance than the state-of-art blind
watermarking methods.

Related Work
Digital watermarking
Digital watermarking is frequently employed in image pro-
tection, as well as other information protection applications
(Begum and Uddin 2020), such as audio protection (Qu et al.
2023; Bassia, Pitas, and Nikolaidis 2001) and model pro-
tection (Yang, Wang, and Wang 2022; Zhang et al. 2020b;
Darvish Rouhani, Chen, and Koushanfar 2019). Watermark-
ing technology helps to deal with the problem of copy-
right protection of artwork images. Traditional watemarking
methods, (Van Schyndel, Tirkel, and Osborne 1994; Hsu and
Wu 1999; Kundur and Hatzinakos 1997; Das, Samaddar, and
Keserwani 2018; Wang et al. 2023), commonly embed wa-
termarks into frequency domain of images, thus improving
the invisibility of the watermark. However, its robustness un-
der noise attacks is poor. Recently, The deep learning-based
methods have achieved better performance than traditional
methods, as they can better learn the depth features of the
watermark and the image. They can be divided into end-to-
end methods and INN-based methods.

Typical end-to-end methods, such as HiDDeN (Zhu
et al. 2018), achieve watermark embedding and recover-
ing through end-to-end training. More suitable constraints
or optimization measures to such methods often achieve
more imperceptibility and robustness. Some works (Zhang
et al. 2020a) utilize a adversarial network to optimize the
model’s ability in encoding and decoding. Additionally, sev-
eral works have focused on watermarking in specific sce-
narios, such as decoding messages from in-the-wild videos
(Tancik, Mildenhall, and Ng 2020), screen-shooting (Fang
et al. 2022) or multi-source image detection (Wang et al.
2024a) and embedding watermarks into images of arbitrary
resolutions (Guo et al. 2023). They adapt different optimiza-
tion methods to improve the performance of their models.
However, in this kind of method, the decoding output is ob-
tained by approximate likelihood inference rather than exact
calculation, which makes the robustness of watermark ex-
traction vulnerable. Usually, the imperceptibility needs to be
sacrificed in exchange for robustness. Therefore, the robust-
ness and imperceptibility of this kind of method are often
unsatisfactory.

Invertible Neural Network
The Invertible Neural Network (INN) serves as a crucial
framework within the normalization flow models. It was

371



Figure 2: The architecture and the optimization of our IWRN.

originally introduced in NICE (Dinh, Krueger, and Bengio
2014). Due to its characteristic of preserving lossless infor-
mation, INN has become a valuable choice for digital wa-
termarking tasks. In most INN-based approaches, such as
HiNet (Jing et al. 2021), CIN (Ma et al. 2022a) and IR-
WArt (Luo et al. 2023), both the encoding and decoding
processes use a shared INN, enabling more precise water-
mark extraction compared to end-to-end methods. However,
as such methods overly rely on their invertibility and lack ad-
ditional optimization, their robustness will decrease signifi-
cantly in the face of complex noise such as JPEG compres-
sion noise and affine transformation noise. CIN (Ma et al.
2022a) introduces an additional decoding module for JPEG
compression noise, and other simple noises are parallel de-
coded by INN. Therefore, it has good robustness for com-
pression noise, but for other noises such as affine noise, the
robustness still needs to be improved.

Method
Overall Architecture
The architecture and the optimization of our IWRN is shown
in Figure 2, and description of symbols are shown in Ta-
ble 1. As shown in Figure 2, in the encoding and decoding
phases, we propose LWN and DA-INN for generating wa-
termarked images IW and restoration of secret images IRS ,
and introduce DOM in the decoding process to enhance de-
coding performance. In addition, we also design the JCL,
and utilize it throughout the training process to ensure the
imperceptibility of watermark and robustness of the model.

Symbol Description
IP The image to be protected
MS The secret message
IS The secret image
IW The image watermarked by secret message
IN The image after noise interference
IC The image copied during the inverse process
IR The restored protected image
IRS The restored secret image
MR The recovered secret message

Table 1: Description of symbols used in the Method part.

Learnable Wavelet Network(LWN)
Watermark embedded in the high-frequency domain is less
perceptible to human eye (Luo et al. 2023), hence, we
should insert watermarks preferentially into suitable high-
frequency regions. We propose LWN to capture high-
frequency features that contribute to watermark impercep-
tibility.

Figure 3 shows the forward process of the LWN. Given
an image Im ∈ (w, h, c), where w, h, c represents its
width, height and number of channels respectively, Iout ∈
(W2 , H

2 , 4C) will be obtained after LWN, where 4C rep-
resents the four channels of image frequency domain fea-
tures: Approximation, Horizontal, Vertical, Diagonal. The
core component of LWN is the DWT-CNN, which consists
of a group of 2D-convolution operations designed to simu-
late the discrete wavelet transform. The difference between
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Figure 3: The forward process of LWN

LWN and the traditional discrete wavelet transform (DWT)
is that the filter kernel of DWT is fixed. However, in LWN,
the DWT is simulated by CNN, and its convolution kernel is
constantly learning and updating as the training process of
watermark embedding and extraction, so as to select more
suitable high-frequency features to embed the watermark,
thereby improving imperceptibility. When the input image
Im is input into the forward process of the DWT-CNN, it
will be processed by four different DWT-CNN layers, re-
sulting in the final Iout composed of four different frequency
domains. The forward and inverse processes of this stage are
as follows:

Iout = L(Im, wA, wV , wH , wD) (1)

Im = L−1(Iout, wA, wV , wH , wD) (2)
where L (· ) is the symbol of the forward LWN; L−1 (· )
represent the inverse LWN; wA, wV , wH , wD represent the
wavelet kernels of corresponding filters of A, V, H, D.

Deform-Attention INN(DA-INN)
INN-based digital watermarking algorithms (Ma et al.
2022b; Jing et al. 2021) have demonstrated that the INN
has good performance in imperceptibility and robustness
against simple noise. However, INN-based digital water-
marking having insufficient robustness encountered with
complex noise (such as Affine, Rotation). To address the is-
sue, we propose a novel INN-based network named Deform-
Attention INN(DA-INN) in digital watermarking.

As we can see in Figure 2, our DA-INN consists of for-
ward and backward process, each process include three op-
erations: F (· ), G (· ) and H (· ). Since the operations in the
forward direction are parameterized by invertible functions,
the tensor can be accurately recovered during the backward
process with the shared parameters. Taking the forward pro-
cess of the lth coupling layer as an example, we use W l

IP

and W l
IS

to represent the input watermark and image and
the corresponding W l+1

IP
and W l+1

IS
to represent the output

image and secret watermark after through the current layer,
respectively. The specific operations of the forward propa-
gation can be mathematically represented as follows:

Wl+1
IP

= Wl
IP + F

(
Wl

IS

)
(3)

Wl+1
IS

= Wl
IS ⊙ exp

(
G(Wl+1

IP
)
)
+H(Wl+1

IP
) (4)

The backward process:

Wl
IS = exp

(
−G(Wl+1

IP
)
)
⊙
(
Wl+1

IS
−H(Wl+1

IP
)
)

(5)

Wl
IP = Wl+1

IP
− F (Wl

IS ) (6)

Figure 4: The Deform Attention dense block

Where ⊙ represents the Hadamard product.
Each operation function F (· ), G (· ), H (· ) in the net-

work is implemented by a dense block structure that in-
tegrates deformable convolution and self-attention mech-
anisms, named as DA-dense block(Deformable Attention
dense block). As shown in Figure 4, our DA-dense block is
composed of two parts: self attention block(SE-Block) and
Deformable Dense Block. Initially, the feature map is fed
into the SE-Block, which serves to capture the importance of
the channels. Then, the feature map is fed into Deformable
Dense Block, which has five convolutions. The first layer is
a deformable convolution which is densely connected with
four regular convolutions, with the feature channels continu-
ally expanding. The final convolution layer reduces the fea-
ture map with a high number of channels back to the original
channel number.

The attention module within the DA-dense block assigns
varying attention weights to different channels, effectively
handling feature map that have been differentiated into high
and low frequencies by the LWN. Additionally, the adaptive
sampling positions of the Deformable Dense Block enhance
the robustness of the INN when dealing with spatial trans-
formations.

Decoding Optimization Module(DOM)
As shown in Figure 1(a), the end-to-end watermarking meth-
ods use a decoder to recover the message, which gives a
great robustness against various of attacks. But the INN-
based methods relies solely on the intrinsic invertible char-
acteristic of the INN itself, resulting in lower robustness
when confronted with complex noises. In order to improve
the decoding ability of INN-based methods. As we can see
in Figure 1(c), after the inverse process of INN and LWN, we
design a DOM: an attention-based decoder during decoding
process to improve the robustness of our IWRN.

The operation of DOM can be expressed as follows:

MR = FFC

(
ASE

(
Cconv(IRS)

))
(7)

where FFC(· ) is a full connection layer, ASE(· ) represents
the attention mechanism and Cconv(· ) is the convolution
layer. It is worth noting that the DOM we established is ap-
plicable to all IRS , that is to say, it is not only effective in re-
sisting complex noise, but also improves robustness against
simple noise attacks. Therefore, we merge the advantages of
end-to-end methods in resisting noise attacks and the advan-
tages of reversible network accurate calculation, which can
greatly improve the robustness of the model by DOM.
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Figure 5: The comparisons of the image under NAll.

Joint Contrast Learning(JCL)
Contrastive learning, as a self-supervised, label-free training
strategy, is very suitable for the training process of blind wa-
termarking method. Traditional Digital watermarking tech-
nology, employs L2 loss or Mean Squared Error (MSE) loss
for evaluation and training, which leads to the evaluation
metrics being solely based on low-dimensional features. We
propose JCL, the method employing a contrast learning net-
work (Chen and He 2021) to evaluate both the encoding and
decoding performance of our model in a high-dimensional
feature space. As shown in Figure 2, JCL contains two parts:
encoding contrast learning and decoding contrast learning.
The structure of the contrast learning network can be ex-
pressed as follow:

ZT = ρ(Tfeature) (8)

PT = γ(ZT ) (9)
where T is the tensor in our model, and Tfeature is the
feature extracted from T . The functions ρ(· ) and γ(· ) are
the projection head and prediction head, respectively. ZT

and PT denote the projection and prediction of Tfeature.
By comparing the similarity of features between two differ-
ent inputs after being projected and predicted, unsupervised
contrastive learning can be performed.

The corresponding similarity is evaluated through a loss
function. The evaluation function for JCL is as follows:

E(IP , IW ) =
1

2
D(PIP , ZIW ) +

1

2
D(PIW , ZIP ) (10)

E(MS ,MR) =
1

2
D(PMS

, ZMR
)+

1

2
D(PMR

, ZMS
) (11)

where D(· ) represents the function of Negative Cosine Sim-
ilarity; Zi and Pi are the projection and prediction of the i
tensor.

Noise Pool
During the propagation of an artwork image, it is subjected
to a variety of noise attacks. To improve the robustness of
our IWRN, the construction of a Noise Pool is a crucial com-
ponent. The purpose of the Noise Pool is to simulate various
potential image processing operations and attacks, ensuring
that the watermark algorithm remains effective under dif-
ferent attacks. Ultimately, we selected the identity(no noise
attack) and 12 kinds of noises as follows:

NAll = {Identity,GaussianNoise,GaussianBlur,
Saltpepper,Resize, Saturation,Hue,Contrast,
Brightness,Rotation,Affine,Dropout,Cropout}

The image quality degradation caused by the noises is shown
in Figure 5. Cropout and Dropout are not shown in Fig-
ure 5, which are common in watermarking works (Ma et al.
2022b), (Arab, Ghorbanpour, and Hefeeda 2024), (Huang
et al. 2023). The reason is that these attacks involve replac-
ing portions of the watermarked image with corresponding
parts of the original image, which has a significant impact
on watermark quality but is difficult to detect visually.

Loss Functions
The overall loss function comprises four components: En-
code Loss (Len), Restore Image Loss (Lre), Message De-
code Loss (Lde), and Contrast Learning Loss (Lcon). These
losses aim to ensure that IW is close to IP , MR matches
MS , and IR is distinct from IP to prevent unauthorized re-
construction of the original image. The expression of the to-
tal loss function is presented in the following manner:

Ltotal = λ1Len + λ2Lre + λ3Lde + λ4Lcon (12)

The Len loss function is composed of two components:
the L2 loss, which assesses the pixel-level discrepancies
within the image, and Lpips (Zhang et al. 2018) , which
gauges the image loss from the perspective of human visual
perception. The Lre uses the L2 loss between IP and IR
to evaluate the image reconstruction quality. The Lde func-
tion calculates the discrepancy between MS and MR using
Mean Squared Error (MSE) . The Lcon loss function is the
use the evaluation function in JCL during both encoding and
decoding process.

Lcon =
1

2
E(IP , IW ) +

1

2
E(MS ,MR) (13)

where E(IP , IW ) and E(MS ,MR) represent the evaluation
function of JCL encoding and JCL decoding process.

Experiments
Basic setup
Dataset 10000 images from COCO 2017, 5000 image
from wikiart and 500 image from div2k are utilized for train-
ing. The testing datasets include 10500 images, in which
5000 is come from COCO 2017, 5000 from Wikiart and 500
from Div2k.

Implementation Details We adopt the image size of W ×
H × C = 128× 128× 3 and the message length of 32 bits
under NAll for base model training. The Adam optimizer is
used with a learning-rate = 0.0001 and a batch size of 16
to train IWRN. For the loss, the corresponding weight fac-
tors λ1 : λ2 : λ3 : λ4 = 2 : −1 : 2 : 1. And a NVIDIA
RTX A6000 GPU is employed for acceleration under Py-
Torch 2.1.0.

Metrics To assess the performance of our watermarking
IWRN impartially, we take both imperceptibility and ro-
bustness into consider. We choose the Peak Signal-to-Noise
Ratio (PSNR) for visual similarity and Structural Similar-
ity(SSIM) for pixel similarity. Additionally, the Mean Opin-
ion Score (MOS), ranging from 1 (lowest) to 5 (highest), was
used to gauge volunteers’ satisfaction with image quality. To
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Model PSNR(DB)↑
ACC(%)↑

Cropout Dropout Resize SaltPepper Rotation Affine Average
P = 30% P = 30% P = 70% P = 10% D = 15 S = 10 -

HiDDeN (Zhu et al. 2018) 30.45 73.96 75.78 80.43 84.31 92.39 89.44 82.71
IGA (Zhang et al. 2020a) 32.81 79.33 77.51 81.44 85.21 87.31 88.73 83.26
StegaStamp (Tancik, Mildenhall, and Ng 2020) 34.88 90.41 97.24 94.31 87.38 96.32 98.22 93.98
PIMoG (Fang et al. 2022) 36.28 92.73 96.34 98.76 87.23 96.32 97.12 94.75
CIN (Ma et al. 2022b) 39.74 99.99 99.99 97.44 99.02 94.24 94.94 97.60
DWSF (Guo et al. 2023) 38.07 98.51 99.99 98.54 94.85 98.20 98.14 98.03
MuST (Wang et al. 2024a) 38.41 96.53 94.33 96.67 85.24 92.30 93.85 93.15

Ours Model 41.55 99.99 99.99 99.99 99.92 98.78 98.75 99.57

Table 2: Comparison of different models under various attacks with noise strength indicated in the header.

measure the robustness of IRWN, we evaluate the accuracy
(Acc = 1 − BER) between the embedded MS and the re-
covered MR, where the BER(Bit Error Ratio) represents the
percentage of incorrect bits.

Baseline Several SOTA methods have been selected as
baselines, including: CIN (Ma et al. 2022b), a very effec-
tive method to combine the INN with digital watermark-
ing; HiDDeN (Zhu et al. 2018), the first trainable frame-
work in end-to-end method for watermarking; IGA (Zhang
et al. 2020a), using attention to highlight pixels that hide
data; Stegastamp (Tancik, Mildenhall, and Ng 2020), us-
ing GAN to improve the performance when facing Affine
attacks; DWSF (Guo et al. 2023), a watermarking resolu-
tion against multi-step attacks; PIMOG (Fang et al. 2022), a
watermarking method for screen shooting attack and MuST
(Wang et al. 2024a), aiding to improve performance in multi-
source image compositing scenarios.

Comparative Experiment

To further validate the effectiveness of our model, we com-
pared IWRN with baseline methods using an image size of
W×H×C = 128×128×3, and a message length of 32 bits
for training. Due to the difficulty of implementing all noise
pools in NALL across all baseline methods, we selected the
noises listed in Table 2 as the comparison noise pool and
trained the baseline methods. We conduct basic comparison
between IWRN and other baseline methods and further com-
pare the visual impact of watermarking

Basic Comparison In the basic comparison, we compare
the accuracy rate and the impact of the watermark on the im-
age under various noise conditions with other baseline meth-
ods. As we can see in Table 2, INN-based method-CIN per-
formed well in PSNR and robustness to simple noise attacks,
such as Dropout and Saltpepper, but under spatial transfor-
mation (Rotation, Affine), CIN is worse than some end-to-
end method (StegaStamp, PIMoG and DWSF). Our IWRN
effectively combines the strengths of INN with those of
end-to-end network approaches. This integration facilitates
SOTA performance under conditions of common noise as
well as spatial transformation noise. The comparisons above
indicate that IWRN not only withstands a greater variety of
noise but also outperforms the baselines under specific noise
conditions.

[1] [2] [3] [4] [5] [6] [7] Our
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Figure 6: Visual qulity comparison. [1]HiDDeN, [2]IGA,
[3]Stegastamp, [4]PIMoG, [5]CIN, [6]DWSF, [7]MuST

Methods Hidden IGA SetgaStamp PIMoG DWFS CIN MuST Ours

MOS 3.70 4.12 3.98 4.25 4.40 4.65 4.50 4.75

Table 3: MOS scores for different methods

Further Comparison in Visual Quality We further com-
pare the impact of each method on visual quality by com-
paring the PSNR and SSIM after watermarking on three
datasets and conducting MOS evaluations. As shown in Fig-
ure 6, watermarked images via IWRN have the best PSNR
and SSIM to the original images, means IWRN can achieve
the best imperceptibility. Compared to HiDDeN , IGA , Ste-
gastamp, PIMoG, CIN, DWSF and MuST, our IRWN has
35.45%, 26.63%, 19.12%, 14.52%, 4.55%, 9.14%, 8.17%
increasing in PSNR and 12.18%, 9.27%, 7.05%, 3.28%,
1.10%, 1.86%, 1.52% increasing in SSIM, respectively. Ad-
ditionally, as shown in Table 3, MOS ratings from 30 vol-
unteers rank our model the highest The experimental re-
sults show that IWRN impacts watermarking image less than
other baselines and achieves the highest visual quality.

Diverse Experiments
Stability Experiment As the intensity factor of noise in-
creases, the robustness of the model faces greater challenges
due to the increased amount of distortion carried per unit
area. We evaluate robustness under intensity factors of 1,
1.5, 2.0, and 2.5 noise parameters. As shown in Table 4, the
results presented in the table indicate that the IWRN main-
tains high robustness even under a noise intensity more than
twice.
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Noise Parameter
Intensity Factor(ACC↑)

1.0 1.5 2.0 2.5 Average

GausNoise σ = 0.2 99.99 99.99 99.99 99.99 99.99
GausBlur k = 7 99.99 99.99 99.99 99.99 99.99
SaltPepper p = 10% 99.99 99.96 99.57 98.97 99.62
Dropout p = 30% 99.99 99.99 99.99 99.96 99.98
Cropout p = 30% 99.58 99.89 98.82 95.36 98.41
Saturation f = 2 99.96 99.79 99.70 99.26 99.68
Hue f = 0.1 99.99 99.96 95.05 86.06 95.27
Brightness f = 1.5 99.32 99.28 99.23 99.08 99.23
Contrast f = 1.5 99.99 99.44 99.19 98.18 99.20
Resize p = 70% 99.99 99.99 99.10 94.47 98.39
Rotation d = 15 98.78 97.33 95.83 94.69 96.66
Affine s = 10 98.75 94.10 89.11 86.91 92.22

Table 4: Robustness to noise at various intensity factors of
the noise parameter

Noise Parameter PSNR(dB)↑ SSIM(%)↑ ACC(%)↑

GausNoise σ = 0.2 52.72 99.19 99.99
GausBlur k = 7 50.50 98.22 99.99
SaltPepper p = 10% 45.83 96.79 99.99
Dropout p = 30% 47.51 97.89 99.99
Cropout p = 30% 43.76 95.64 99.99
Saturation f = 2 45.19 96.38 99.99
Hue f = 0.1 47.41 97.15 99.99
Brightness f = 1.5 44.55 96.60 99.88
Contrast f = 1.5 45.20 95.64 99.99
Resize p = 70% 49.90 98.88 99.99
Rotation d = 15 42.97 94.87 99.99
Affine s = 10 45.34 96.03 99.13

Average - 46.74 96.94 99.91

Table 5: Performance in various kinds of attacks

Individual-Noise Performance In order to further test the
performance of IWRN in the face of single noise, We further
train the base model used in previous experiments against in-
dividual types of noise to obtain 12 Individual-Noise mod-
els. As shown in Table 5, the average PSNR, SSIM and ACC
of Individual-Noise models make a significant improvement
reaching 46.74dB, 96.94% and 99.91% respectively, which
proves that IWRN can achieve superior imperceptibility and
robustness against individual noise attack.

Ablation Study In our ablation study, we trained multi-
ple models using the noise pool NAll with different archi-
tectures, evaluating their performance by measuring PSNR
and average ACC. Four modules in the framework are dis-
cussed: DA-INN, LWN, DOM and JCL. In the ablation
experiments, when the DA-INN is not utilized, a conven-
tional dense block replaces the DA-dense block. In the ab-
sence of LWN, standard convolution operations are em-
ployed for upsampling and downsampling to maintain ten-
sor consistency. When the DOM is omitted, the watermark
decoding is conducted using a fully connected layer to de-
code message from IRS . Through the ablation experiments

Module PSNR(DB)↑ ACC(%)↑
DAI LWN DOM JCL

✓ ✓ ✓ 37.19 96.02
✓ ✓ ✓ 38.39 98.59
✓ ✓ ✓ 35.85 95.10
✓ ✓ ✓ 40.16 98.92
✓ ✓ ✓ ✓ 41.55 99.57

Table 6: Ablation study results

Stage #Params (M) #VRAM (GB) Time

H/100 Epoch M/1 Epoch

Train 127.1 32.56 9.11 –
Test 127.1 1.59 – 3.40

Table 7: Computational Costs

shown in Table 6, four modules prove their effects in the
framework. DA-INN, LWN, DOM and JCL makes 11.72%,
8.23%, 15.89%, 3.46% increasing in PSNR and 3.69%,
0.99%, 4.70%, 0.65% increasing in ACC, respectively.

Computational Costs As a highly practical technology,
the computing resources and decoding speed required by
digital watermarking technology are also important indi-
cators. As shown in Table 7, IWRN, as an INN-based ar-
chitecture, has 127.1M parameters, which is comparable to
the classic VGG-16 model. The training process requires
32.56GB of GPU memory, so it is recommended to use an
RTX A6000 or reduce the batch size below 16. The amount
of GPU memory used during the testing phase is 1.59GB,
which can be run on most GPU for testing and practical use.
When the batch size is set to 16, training 15,500 images over
100 epochs takes 9.11 hours, and testing 10,500 images re-
quires 3.40 minutes. Therefore, IWRN can be trained and
tested in most laboratories, and it has excellent encoding and
decoding speeds.

Conclusion
In this paper, we propose a blind watermarking method for
artwork image copyright protection, IWRN, which can en-
sure both the imperceptibility of the watermark and its ro-
bustness against 12 kinds of noise attacks. We first design
LWN, where the watermark is less easily perceived by the
human eye, thereby improving the imperceptibility of the
watermark. Then, we establish DA-INN with a DOM, which
offers the advantage of computational reversion, and com-
bines the deform-attention mechanism and decoding opti-
mization to enhance the model’s robustness against noises.
Additionally, we design JCL mechanism for encoder and
decoder to improve imperceptibility and robustness simul-
taneously. Experiments show that our IWRN performs well
in terms of reversibility and robustness, and compared with
other state-of-the-art methods, it improves the PSNR, SSIM
and accuracy by an average of 16.79%, 5.76% and 7.67%
respectively and gets the best MOS score. In future work,
we will consider extending our ideas to the task of copyright
protection of artwork videos.
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