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Abstract

Ceramic artworks with elegant patterns present enormous
collectible value and profits. To claim the copyright, the
builder usually pastes their conspicuous stamp on the bot-
tom or side of the ceramic artworks, which inevitably affects
the external image of the artwork. In addition, the stamp is
weak in resisting forgery attacks due to its visible nature. To
address the above issues, we propose in this paper a novel
framework for embedding invisible watermarking into pat-
terns of the ceramic artworks. In the framework, a template-
based watermarking embedding scheme is designed to map
the watermark to an invisible template, which is added to the
ceramic pattern to create its watermarked version. A distor-
tion layer is further proposed to model the distortion of ce-
ramic patterns in the ceramic manufacturing process, where a
color-halftoning and an adaptive brightness adjustment strat-
egy are developed to counter the print and firing operations
that introduce the most significant distortions. Finally, a deep
decoder is learned to extract the watermarking from the dis-
torted pattern. Various experiments have been conducted to
demonstrate the advantage of our proposed method for pro-
tecting the copyright of the ceramic artworks, which provides
reliable watermark extraction accuracy without the need for a
conspicuous stamp.

Introduction
Ceramic artworks are made through a complex process using
ceramic materials, including clay, inks, coatings, etc. Due
to its elegant appearance, ceramic artwork is liked by many
people around the world and is used to decorate their homes
and cultivate their sentiments. Crafted ceramic artwork with
exquisite patterns is extremely valuable and often becomes
more precious over time. For instance, at a Christie’s auction
in London in 2005, a Chinese Yuan Dynasty blue-and-white
vase decorated with the ”Guigu’s Descent from the Moun-
tain” motif sold for £15.688 million. Tempted by the enor-
mous profits, many pirates forge ceramic artworks that look
like real ones. Between 2020 and 2023, over 1,500 registered
cases of ceramic art forgery were reported in Jingdezhen,
Jiangxi Province, China.

To claim the copyright, the builder usually pastes their
conspicuous stamp on the bottom or side of the ceramic art-
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Figure 1: The traditional (a) and proposed (b) ways to pro-
tect the copyright of ceramic artworks.

work, as shown in Fig. 1(a). However, the stamp may affect
the external appearance of the artworks and the artistic con-
ception expressed by their pattern. On the other hand, the
stamps are also prone to be forged due to their visible na-
ture. As a result, pirated ceramic artworks with fake stamps
are rampant in the market.

Robust watermarking technology (Wang et al. 2024) pro-
vides a potential way to address the above limitations. It was
used to protect the copyright of digital media by embed-
ding watermarks within them. Inspired by this, we consider
to embed the copyright data within the ceramic artwork’s
pattern in an imperceptible and robust way. ‘imperceptible’
refer to that the watermarked pattern looks similar with its
clean version. ‘robust’ represent that the hidden data could
be reliably extracted from the distorted pattern (i.e., the wa-
termarked pattern suffers serious distortion during the ce-
ramic manufacturing process). In this way, the created ce-
ramic artworks with watermarked patterns not only retain
their elegant image but also allow for the retrieval of hidden
copyright data from their patterns when necessary, as shown
in Fig. 1(b).

Unfortunately, existing image watermarking methods
(Zhu et al. 2018; Tancik, Mildenhall, and Ng 2020) are de-
signed either for digital or physical printed/screened and
camera-captured images, which may be inadequate to pro-
vide reliable watermark retrieval accuracy in the ceramic
artwork protection scenario. Specifically, digital image wa-
termarking involves minor alteration to the original image
and focuses on resisting distortions caused by digital im-
age processing, such as Gaussian noise, Gaussian blur, JPEG
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Figure 2: Illustration of the proposed framework.

compression, etc. It is vulnerable to severe physical distor-
tion. Recent advanced physical image watermarking meth-
ods (Fang et al. 2018; Jia et al. 2022) that utilize deep neural
networks (DNNs) demonstrate resistance to print-shooting
or screen-shooting physical distortions. Most of them follow
the encoder-distortion-layer-decoder architecture. Through
deliberately designing the differentiable distortion layers to
approach the space of distortions resulting from physical
scenario, they jointly train the deep encoder and decoder to
overfit the target physical distortion. As such, the embed-
ded data by the encoder survives (i.e., be extracted by the
decoder) in physical environments. However, the specificity
of the distortion layer and the overfitting of the encoder-
decoder weaken their generalizability. They usually fail to
resist unknown distortions, e.g, the distortions in the ceramic
manufacturing process.

Given that, we propose in this paper a novel framework to
embed watermarking into patterns of the ceramic artworks,
as shown in Fig.2. Unlike previous physical image water-
marking framework that trains the deep encoder for data em-
bedding, we design a template-based embedding module to
map the watermark to an invisible template, which is added
to the ceramic pattern to create its watermarked version. The
strength of the template is adjustable to balance the visual
quality of the watermarked pattern and the recovery accu-
racy of the hidden data. To accurate model the distortion
in ceramic manufacturing environment, we deconstruct its
process and analysis each steps. Based on the analysis, we
develop a color-halftoning and an adaptive brightness ad-
justment strategy to counter the print and firing operations
that introduce the most significant distortion. To make the
watermark be extracted in camera-captured scenario, we fur-
ther incorporate the transformations in real photography into
our distortion layer. Finally, we train a deep decoder to ex-
tract the watermarking from the distorted ceramic patterns.
Comprehensive experiments indicate the advantage of our
method for protecting the copyright of ceramic artworks. It
provides exceptional robustness, with approximately a 10%
improvement in bit accuracy compared to the state-of-the-art
(SOTA) physical image watermarking methods.

The main contributions are summarized below.

• We investigate the possibility that protecting the copy-
right of valuable ceramic artworks by embedding invisi-
ble watermarking into their patterns.

• We propose a novel robust watermarking framework in
ceramic pattern decal-shooting scenario, which consists
of a handcrafted template-based watermark embedding
module, a tailored simulated distortion layer, and a learn-
able deep watermark extraction network.

• We design the distortion layer to approximate the space
of distortions resulting from ceramic manufacturing en-
vironment.

Related Works
Digital Image Watermarking
Digital image watermarking aims to protect the copyright of
digital image and are capable of resisting distortions caused
by digital image processing, such as Gaussian noise, Gaus-
sian blur, JPEG compression, etc. It typically embed wa-
termarks in the spatial or frequency domain of the image.
Akhaee et al. (Akhaee, Sahraeian, and Jin 2011) use the low-
frequency components of image blocks for data hiding to ob-
tain high robustness against attacks. Zareian et al. (Zareian
and Tohidypour 2014) propose a novel quantization-based
information hiding approach that is invariant to gain attacks.
Later, with the rise of deep learning in computer vision, Hid-
den (Zhu et al. 2018) proposes the first end-to-end trainable
framework, introducing a novel architecture that jointly opti-
mizes the hiding and extraction components, enabling robust
and intelligent information hiding. However, the aforemen-
tioned methods make minor modifications to digital images
and are susceptible to significant physical distortions.

Physical Image Watermarking
Physical image watermarking is more robust than digital im-
age watermarking, and the embedded data by them could
survive in screen-shooting or print-shooting environment.
Earlier studies designs hand-crafted algorithm to hide robust
watermark within images. For instance, the works (Zheng,
Zhao, and El Saddik 2003; Lin et al. 2001) embed water-
marks into the Fourier-Mellin transform domain of images
to resist the rotation, scaling, and translation distortions.
Fang et al. (Fang et al. 2018) propose an intensity-based
scale-invariant feature transform algorithm to resist screen-
shooting distortion. Recent advanced physical image water-
marking methods take advantage of DNNs for data embed-
ding and extraction in an end-to-end manner, which achieve

792



superior performance than hand-crafted ones. They typically
follow the encoder-distortion-layer-decoder architecture.

StegaStamp (Tancik, Mildenhall, and Ng 2020) devel-
ops a distortion layer that learns a robust encoding and de-
coding algorithm, which aims to enhance the robustness
against print-shooting perturbations. Different from StegaS-
tamp, LFM (Wengrowski and Dana 2019) trains a neural
network to learn the distortion of camera-display transfer
as the distortion layer. PIMoG (Fang et al. 2022) summa-
rizes the most influenced distortions of the screen-shooting
process, which performs effective results in different screen-
shooting conditions. DeNoL (Fang et al. 2023) further sim-
ulates a decoupling distortion layer for cross-channel simu-
lation which only needs few-shot samples. LIM (Jia et al.
2022) learns invisible markers and developed a localiza-
tion module, which considerably reduces the time of cor-
recting geometric distortions without breaking the visual in-
visibility. To adapt the film-coating scenario, WRAP (Liu
et al. 2023) introduces the film-coating simulation network
as a crucial component of the distortion layer, improving
the watermarking embedding and extraction network robust
against film-coating applied to printed photographs. The de-
sign of the (differentiable) distortion layer is crucial to the
aforementioned method. Generally, the closer the simulated
distortion layer is to the distortion space caused by real sce-
nario, the more robust the trained encoder and decoder will
be. However, despite being highly robust to the simulated
distortions used in training, their performance often falls
short when dealing with unknown physical distortions.

In this paper, we explore the feasibility that embedding
watermarking into ceramic artworks’ patterns to protect
their copyright. To achieve this, we design a novel frame-
work for the ceramic pattern decal-shooting scenario which
has not been considered. Drawing on the successful expe-
riences of the advanced physical image watermarking, we
carefully design a specialized distortion layer to approach
the distortions resulting from the ceramic manufacturing
process.

Preliminary
Ceramic Manufacturing Process
The ceramic manufacturing process can be broadly divided
into two categories: hand-painting and decal. The former
refers to painting patterns on the fired ceramic with artists’
hands, while the later is to pasting the printed pattern onto
ceramics and then firing it. In this paper, we focus on the
latter and detail its steps below. The illustration is shown in
Fig. 3.

• Printing. The printing stage refers to printing a digital im-
age onto glaze transfer paper using a printer that contains
glaze ink.

• Spraying Cover-oil. It indicates spraying cove-roil onto
the surface of the printed paper to fuse colors onto the
glaze, so the ceramic decoration becomes durable.

• Pasting. The glaze transfer paper is soaked in water to
separate the cover-oil with ink from the paper, which is
then pasted to the surface of the ceramic.

Digital Image Printed Image Sprayed Image

Pasted ImageEnameled ImageCaptured Image

I.Printing
II.Spraying 
Cover-oil

III.Pasting on Ceramic

IV.Kiln 
Firing

V.Camera 
Shooting

Digital Image

Printed Image

IV.Kiln FiringIII.Pasting on Ceramic

I.Printing II.Spraying Cover-oilDigital Image

Production

Figure 3: Illustration of ceramic manufacturing process.

• Firing. This stage aims to fire the ceramic body pasted
with glaze paper at a higher temperature, which fuses the
vivid pattern onto the ceramic surface.

The ceramic manufacturing process introduces numerous
perturbations to the image, affecting the robustness of the
watermarking schemes, where the most important effects
are printing and firing. In this paper, we develop a color-
halftoning and an adaptive brightness adjustment to simulate
the distortion of the ceramic manufacturing process, respec-
tively.

Camera-capture Process
The camera-capture process is briefly summarized in three
steps, including light striking the image sensor, converting
the light signals into electrical signals and then into digi-
tal data, image encoding and storage. This process causes
different distortions, including geometric and pixelwise dis-
tortions. The former introduces perspective transformation
and varies the spatial positions of objects within the image,
while the latter changes the pixel intensity or color values
within the image.

Proposed Method
The framework of the proposed method is shown in Fig. 4,
which contains three components: a template-based water-
mark embedding module, a ceramic pattern-tailored distor-
tion layer, and a learning-based watermark extraction mod-
ule. Next, we detail each component below. For the conve-
nience of description, we refer to ‘pattern’ as ‘image’ in this
section.

Template-based Watermark Embedding
The module consists of watermark coding and template em-
bedding, where the former maps the watermark to an invisi-
ble template, while the latter adaptively adds the template to
the cover image to create the watermarked image.

Watermark coding. Given a watermark message M =
{0, 1} with length L = 28 and the cover image Io ∈
RC×H×W , we aim to generate a watermarked image that
contains watermark information while maintaining the vi-
sual quality of it as much as possible. Specifically, we first
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Figure 4: Framework of the proposed method, which consists of three parts: a template-based watermark embedding module
to embed watermark into cover images to generate watermarked images, a ceramic pattern-tailored distortion layer that ap-
proximates the space resulting from the distortion in ceramic pattern decal-shooting scenario, and a learning-based watermark
extraction module to train a deep decoder to extract the hidden data from the distorted watermarked images.

split the watermark message into groups of seven and en-
code it by Bose Chaudhuri Hocquenghem (BCH) (Bose and
Ray-Chaudhuri 1960) code to generate a watermark bit vec-
tor B with the error correction and check capability.

B =

BCH groups︷ ︸︸ ︷
B1

0B
2
0 · · ·B15

0 · · ·B1
nB

2
n · · ·B15

n (1)

where the value of n represents the number of groups, and
15 indicates the message length of groups after encoding by
BCH code.

In addition, extracted watermark information may be af-
fected by bubble distortions during the firing ceramic pro-
cess. To alleviate this effect, we embedded the message 4
times to ensure extraction accuracy, generating a robust mes-
sage bit vector B

′
. Then, the message vector B

′
is reshaped

to the matrix B
′′

sizes of 15×16. Next, we prepare two
shuffled identity matrices P sizes of 15 × 15 and Q sizes
of 16 × 16 determined by the key K = {k0, k1, · · · , k15},
where P and Q are linearly independent. Finally, a template
watermark message matrix is generated by

M
′
= concatenate(K,PB

′′
Q) (2)

Template embedding. Considering the issue of bubble
noise, we chose a Gaussian circle as the bit template to en-
sure visual quality and generate a special watermark tem-
plate T ∈ RC×H×W based on the bit ′0/1′ to embed the
message matrix into the cover image, where (H,W ) is the
resolution of the cover image, C is the number of channels.
The illustration is shown in Fig. 5. We also set the hyper-
parameters α and β to make the trade-off between visual
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Figure 5: Illustration of the template embedding.

quality and extraction accuracy. The watermarked image can
be obtained by

Iw = T ∗ β ∗ α+ Io ∗ (1− α) (3)
where α and β control the strength of the template.

Ceramic Pattern-tailored Distortion Layer
The distortion layers are crucial for robust watermark ex-
traction. To enhance the robustness of decoder against dis-
tortions encountered during the ceramic manufacturing pro-
cess, we design a ceramic pattern-tailored distortion layer,
including the ceramic manufacturing and camera-capture
distortion.

Ceramic manufacturing distortion. The main distortion
in the ceramic manufacturing process is printing and kiln
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firing. The printing process introduces a series of complex
physical transformations and noise, where halftone varia-
tion is an important factor. Halftone technology (Mese and
Vaidyanathan 2002) is a method that simulates continuous
tone images using dots of varying sizes and densities, which
is widely used in the printing process. We introduce a color-
halftoning processing method that combines Gray Compo-
nent Replacement (GCR) and Bayer matrix ordered dither-
ing to generate the corresponding halftone images. The pur-
pose of Gray Component Replacement is to transfer the gray
component from the CMY channels to the K channel in an
image, thereby simulating reducing the use of CMY glaze
color in the printing process. For each CMYK channel, we
first rotate the channel by θk degrees. After rotating the im-
age, we apply Bayer matrix dithering to each CMYK chan-
nel to avoid moiré patterns. Then, rotate the dithered image
back and crop to obtain the final processed image. Finally,
merge the processed CMYK channels into a single image.
To generate the corresponding halftone image, we reduce it
to the size of the corresponding input image, as the image
size becomes four times larger during the halftone transfor-
mation.

Additionally, we observe that during the firing process,
low brightness areas become darker, while high brightness
areas may lose color as the glaze can thin out and flake off.
Therefore, we incorporate a method into the color adjust-
ment distortion layer that adaptively adjusts brightness dif-
ferently for various regions based on a brightness threshold
to simulate this distortion. First, add a random color offset
to each RGB channel sampled uniformly from [−0.1, 0.1].
Then use the linear transformation mx + b, where b ∼
U [−0.3, 0.3] and m ∼ U [0.5, 1.5] to adjust contrast and
brightness. After this, perform a random proportion linear
blend between the RGB image and its grayscale equivalent
to adjust saturation. Create a mask to identify pixels with
low brightness:

M(x, y) =

{
1 if V (x, y) < t

0 if V (x, y) ≥ t
(4)

where t is threshold, we set it as 0.55. Adjust the brightness
V component as follows:

V ′(x, y) = V (x, y)− V (x, y)M(x, y)b

+ V (x, y)(1−M(x, y))w
(5)

where b ∼ [0.2, 0.3] and w ∼ [0.1, 0.15] are the adjustment
ratios for the dark and bright regions, respectively.

Camera-capture distortion. Camera-capture distortion
mainly includes spatial and pixelwise, where spatial distor-
tion is caused by the angle of the capture and pixel-wise
distortion derived from both camera motion and inaccurate
autofocus. For spatial distortion, we perturb the four corner
locations of the marker uniformly within a fixed range(up
to ±20 pixels) and then perspective transform it to generate
a perturbed image. For pixelwise distortion, we randomly
sample an angle and generate a straight line blur kernel with
a width between 3 and 7 pixels to simulate motion blur, use
a Gaussian blur kernel with randomly sampled between 1
and 3 pixels to simulate misfocus. Furthermore, we employ

a Gaussian noise model (sampling the standard deviation
σ ∼ U [0, 0.2]) and JPEG compression (Shin and Song
2017) with quality sampled uniformly within [50, 100] to
account for noise introduced by camera systems imaging.

Learning-based Watermarking Extraction
Decoder training. The watermarked images are fed into
ceramic pattern-tailored distortion layer to generate dis-
torted images Id. After obtaining the distorted images, we
break down it into a sequence of flattened patches Ipd ∈
RC×N×Lp×Lp , where (Lp, Lp) is the size of bit template,
and N = HW/L2

p is the number of patches. The patches
Ipd are fed through the decoder to obtain the predicted water-
mark matrix M̂

′
d. The loss function of the decoder network

can be formulated as:

L =
∑

||M
′
− M̂ ′

w||2 + η
∑

||M
′
− M̂

′
d||

2 (6)

where η is set to 2, M̂ ′
w denotes the predicted watermark ma-

trix from watermarked image Iw, while M̂
′
d is the predicted

watermark matrix from distorted image Id.
Watermark extraction. The predicted key and coded wa-

termark can be obtained by partitioning the predicted water-
mark matrix M̂

′
d. Specifically, we split the first row as the

predicted Key K̂ to obtain shuffled identity matrices P and
Q and generate the ordered watermark matrix B̂′′ using the
remaining rows.

B̂′′ = P−1M̂
′
d[1 : 16, 0 : 16]Q−1 (7)

Subsequently, we divide the ordered watermark matrix
into 4 groups and then perform voting to obtain the predicted
coded watermark B̂.

B̂ = vote(B̂′′ [:, i], B̂′′ [:, i+n], B̂′′ [:, i+2n], B̂′′ [:, i+3n])
(8)

where i = 0, 1, ..., n − 1 and n represents the number of
groups as defined in Equation (2). The final decoded wa-
termark sequence M̂ can be obtained by performing BCH
decoding on B̂.

Experiments
Experimental Settings
The decoder for watermarking extraction takes the
ResNet18 architecture (He et al. 2016). To train it, we ran-
domly select 40,000 cover images from the COCO dataset
(Lin et al. 2014). Before embedding watermark, we resize
them to the resolution of 400 × 400. The length of water-
mark message is set to 28; each bit in the message is inde-
pendently sampled from a Bernoulli distribution with prob-
ability 1

2 . The size of bit template Lp is set to 25 and the
hyperparameter η is set to 2. Unless stated otherwise, α and
β are set to 0.25 and 0.4, respectively. In decoder training,
color-halftoning (Mese and Vaidyanathan 2002) is a time-
consuming operation when processing watermarked images.
In real implementation, we use 2000 images to train a U-net
(Ronneberger, Fischer, and Brox 2015) to simulate and re-
place this transformation.
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Figure 6: Visual examples of the decal-shooting images by our proposed and comparison methods.

As the first step in exploring the feasibility of embedding
watermarks into ceramic artworks’ patterns, we evaluate the
effectiveness of our method in a simple setting. Specifically,
natural images derive from the mirflickr25k (Huiskes and
Lew 2008) are adopted as the patterns, and all of them are
decaled onto flat tiles. Under this setting, we compare our
method with the traditional physical watermarking method
(Fang et al. 2018) and the DNN-based ones (Tancik, Milden-
hall, and Ng 2020; Jia et al. 2022). Due to the complex and
lengthy ceramic manufacturing process, we made every ef-
fort to create 10 real porcelain samples for each method.
There are two metrics utilized to measure the visual quality
of the decal-shooting watermarked image, including Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity In-
dex (SSIM). The bit accuracy (termed as Bit ACC for short)
is adopted to be the indicator to evaluate the robustness
of our and the comparison methods. The larger value of
PSNR/SSIM and Bit ACC indicate higher visual quality and
robustness, respectively.

Comparison against SOTA Methods
To accurately measure the degradation of the decal-shooting
image caused by different methods, we calculate the two
metrics between the decal-shooting watermarked image and
the decal-shooting cover image (i.e., the decaled image on
the ceramic artworks without hidden data), and show the re-
sults in Table 1. As can be seen, our method achieves favor-
able visual quality, which is slightly lower than that of the
comparison methods (i.e., less than 4 dB lower in PSNR than
the best result). In terms of the extraction accuracy of the
hidden data, however, the proposed method outperforms all
other methods. Specifically, we achieve a 10.01% improve-
ment in Bit ACC over the second-best result. The higher ro-
bustness (i.e., 97.51% in Bit ACC) indicates that our method
is adequate for use in the majority of real-world ceramic art-
works’ copyright protection applications. Fig. 6 presents vi-
sual examples of the decal-shooting images produced by dif-
ferent methods, with the first and second columns showing
the digital cover image and the decal-cover image for clearer

Metrics Methods
Fang StegaStamp LIM Ours

PSNR (dB) 26.67 22.81 26.77 22.79
SSIM 0.519 0.460 0.503 0.451

Bit ACC (%) 52.38 80.23 87.50 97.51

Table 1: The visual quality of watermarked images and the
extraction accuracy of hidden data for different methods,
with the best values in bold.

Distance (cm) Methods
Fang LIM StegaStamp Ours

15 52.38 87.50 80.23 97.51
20 49.80 84.46 80.39 94.27
25 51.06 80.12 78.56 92.79
30 47.61 73.69 78.55 91.65

Table 2: Bit ACC (%) with different shooting distances.

comparison. We can observe that there is a significant vi-
sual difference between the two different types of cover im-
ages, which indicates that the ceramic firing and shooting
environment introduces considerable distortions. Compared
with other methods, our decal-shooting watermarked images
show higher color saturation and reveal almost the same im-
age content and details.

Visual Quality under Different Shooting Settings
In this part, we test the robustness of the proposed method
under different camera-capture settings. Specifically, we de-
cal the watermarked images on flat tiles and use mobile
phones to capture them in different conditions. For water-
mark message extraction, we first perspective correct each
captured watermarked image and then fit it into the decoder.
The variables in the setting include camera shooting dis-
tance, shooting angle, and shooting equipment.

For the shooting distances, we slightly change the image
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Angle (◦) Fang LIM StegaStamp Ours

Left/Right 15 51.19 79.03 76.60 86.56
Left/Right 25 49.31 83.53 77.59 84.06
Left/Right 35 49.25 82.42 75.61 84.37
Left/Right 45 48.17 77.86 73.80 82.50

Table 3: Bit ACC (%) with different shooting devices angles.

Type Fang StegaStamp LIM Ours

Vivo 52.38 80.23 87.50 97.51
iPhone 53.65 80.97 84.42 95.39

Table 4: Bit ACC (%) with different shooting devices.

shooting distances of [15,30] cm in the test stage, as shown
in Table 2. At all distances, the bit accuracy of our model
exceeds 90%, and our model has noticeable advantages over
several other models. As the shooting distance increases, the
extraction accuracy of the method decreases accordingly.

For the shooting angles, we conducted experiments at dif-
ferent shooting angles to account for potential tilt issues dur-
ing the shooting process. We first corrected the captured im-
ages and then extracted them. The experimental results are
presented in Table 3. We found that the tilt angle signifi-
cantly affects the accuracy of watermark extraction for each
method. To further verify the robustness of our method, we
conduct experiments with different types of mobile phones
and invariable distance fixed at 15 cm. From Table 4, it can
be observed that while there are slight variations in bit ex-
traction accuracy using different mobile phones, our mes-
sage extraction accuracy remains consistent. This indicates
that our model has generalization capability across different
devices and demonstrates the effectiveness of our strategy.

Ablation Study
The influence of intensity parameters. To choose the most
suitable embedding intensity parameters α and β, supple-
mentary experiments were conducted on the same test data,
where α represents the embedding intensity of the template,
and β indicates the strength of the template, as shown in
Table 5. It can be seen that α significantly affects the extrac-
tion accuracy and the visual quality of watermarked images.
With the increase of α, the PSNR value decreased, but the
extraction accuracy increased.

In addition, we visualized the images captured after de-
caling with different parameters and magnified the bottom
right corner of each image to illustrate the differences in the
images, as shown in Fig. 7. Based on the results, consid-
ering both the visual effect and the accuracy of information
extraction, we ultimately fixed parameters α to 0.25 and β
to 0.4 in the experiments.

The effectiveness of the proposed ceramic pattern-
tailored distortion layer. To further show the advantages
of the proposed distortion layer, we train the decoder with-
/without the color-halftoning and adaptive brightness adjust-
ment strategy, the results are exhibited in Table 6. As we
can see from Table 6, the bit accuracy with color-halftoning

0.15α =
0.5β =

0.15α =
0.6β =

0.25α =
0.4β =

0.25α =
0.5β =

0.25α =
0.6β =

Figure 7: Visual examples of the watermarked images gen-
erated by our method with different α and β.

Parameters Bit ACC (%) Message Acc (%) PSNR
α β

0.15 0.5 86.25 40 23.54
0.15 0.6 91.25 80 22.79
0.25 0.4 97.51 100 22.51
0.25 0.5 96.50 100 21.13
0.25 0.6 95.93 100 19.97

Table 5: Experimental results with different intensity param-
eters α and β.

Color-halftoning Brightness adjustment Bit ACC (%)
× × 92.65
✓ × 94.06
× ✓ 93.90
✓ ✓ 97.51

Table 6: Effectiveness of color-halftoning and adaptive
brightness adjustment strategy.

or adaptive brightness adjustment strategy increases by ap-
proximately 1-2%, while with color-halftoning and adaptive
brightness adjustment strategy increases by around 5%. This
indicates the proposed ceramic pattern-tailored distortion
layer effectively simulates decal process, making it more ro-
bust for watermark extraction.

Conclusion
In this paper, we explore the feasibility for embedding ro-
bust watermarking into patterns to protect the copyright of
ceramic artifacts. To achieve this, we develop a novel robust
watermarking framework in ceramic pattern decal-shooting
scenario, including a handcrafted template-based watermark
embedding module, a ceramic pattern-tailored distortion
layer and a watermark extraction module. Specifically, we
first design a template to embed the copyright information,
generating watermarked images. In addition, to guarantee
the robustness for decal distortion, we design a ceramic
pattern-tailored distortion layer, including color-halftoning,
adaptive brightness adjustment and common camera-capture
distortion, which can simulate the decal-shooting distortion.
Finally, we propose an extraction module to retrieve the em-
bedded message to verify the copyright ownership. Com-
pared to existing methods, our framework exhibits robust
performance under real-world decal ceramics scenarios.
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