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Abstract

Embedding links in brand logos is a promising technology,
which allows consumers to access the online information of
products by capturing physical logo images. Previous phys-
ical data hiding methods primarily embed data within cover
media in a global manner, making them ineffective for pro-
cessing brand logos in vector graphics format with a trans-
parent background. To address this issue, we propose in this
paper a novel physical deep hiding scheme for invisibly em-
bedding links in printed trademarks. Specifically, the encoder
embeds links only into the area of the brand logo under the
constraints of a mask, which is generated from the trans-
parency information of the logo image. A background vari-
ation distortion is introduced into the distortion layer that
approximate practical logo print-camera environments, such
that the decoder could be learnt to retrieve the link from the
camera-captured logo with various backgrounds. A feature
prompt subspace modulator is further proposed and employed
in the encoder to enhance the invisibility of the encoded logo
pattern and in the decoder to boost hyperlink extraction ac-
curacy. Various experiments have been conducted to demon-
strate the advantage of our proposed method for embedding
links in printed brand logos, which provides reliable extrac-
tion accuracy under both simulated and real scenarios.

Introduction

In interconnected world, businesses face the challenge of
effectively integrating their offline and online marketing
efforts to create a unified and impact brand experience.
The convergence of physical logos and digital platforms
has become a powerful strategy to bridge the gap between
the physical and digital realms, helping businesses enhance
brand awareness, attract consumers, and drive sales.

Image print-camera resilient (PCR) watermarking offers
promising way to bridge the gap between offline and online
channels and create a seamless and dynamic brand experi-
ence. It embeds hyperlinks into physical printed images and
allows consumers to extract the links from phone-captured
version (Tancik, Mildenhall, and Ng 2020; Jia et al. 2022).
As shown in the top row of Fig. 1, previous methods primar-
ily focused on embedding links into entire images, includ-
ing backgrounds. While these approaches enable link extrac-
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Figure 1: Examples of extracting links from photos of a logo
printed on a red packaging box under two different printing
ways. The top row involves printing with background, while
the bottom row pertains to printing without background.

tion from captured images, the presence of logos with back-
grounds printed on products will impact aesthetics in real
applications. To enhance visual appeal, transparent back-
ground vector logos are commonly utilized for printing in
real-world scenarios, as shown in the bottom row of Fig. 1.
However, previous approaches can not accurately extract the
links due to the absence of original backgrounds leading
to the loss of embedded messages. Additionally, the per-
formance of previous methods would further compromised
due to the diverse backgrounds, making it challenging to lo-
cate the region with embedded data and to accurately extract
the links. Moreover, due to the homogeneous nature of lo-
gos, these regions lack variations to hide links both robustly
and imperceptibly, rendering previous methods potentially
inadequate. To sum up, achieving invisible and background-
agnostic link embedding within printed logos, along with
accurately extracting links from captured images, presents
a more challenging task.

To address the above issues, we propose a novel phys-
ical deep hiding scheme for embedding links in printed
trademarks. Specifically, the scheme follows the classic
encoder-distortion-layer-decoder framework, where the en-
coder hides the link only within the area of the brand logo



under the guidance of the mask generated from the trans-
parency of the logo image. Furthermore, we introduce a
background variation distortion within the well-designed
distortion layer to simulate the transformations during the
practical logo print-camera (PC) scenario. Then, we jointly
train the encoder and decoder to adapt to the customized dis-
tortion layer. This allows the decoder to recover the links
hidden by the encoder in a background-agnostic manner
within a real PC environment. As the feature of logo im-
ages usually lie in a low-rank signal subspace, by properly
learning and generating the basis vectors, the encoded image
can keep most original features and suppress noise which is
irrelevant to the generated basis set. Based on this, we pro-
pose a feature prompt subspace modulator (FPSM) consist-
ing of two components enhance the effectiveness of our ap-
proach. One component is the Retrieve and Interaction Mod-
ule (RIM), responsible for generating a feature prompt based
on input characteristics and interacting with the input. The
other component is the Feature Subspace Modulator (FSM),
which modulates the reconstruction of encoded image fea-
tures based on the output subspace of RIM. In the encoder,
the FPSM assists the encoder in perceiving logo features
to embed messages and eliminating redundancies by mod-
ulating reconstructed features. In the decoder, RIM is used
to generate prompt decoded images by distinguishing fea-
tures in the embedded message area from those in the non-
embedded message area, thus facilitating precise message
extraction.
Our main contributions are summarized below:

* We propose a novel invisible information hiding scheme
for embedding brand links in printed trademarks, where
a logo mask is considered for local data encoding and
a background variation distortion is designed for stable
link extraction from camera-captured logo images with
different backgrounds.

* We propose a feature prompt subspace modulator to en-
hance the capabilities of both the encoder and decoder. It
facilitates the encoder to produce the encoded logo with
higher visual quality, while its component, RIM, aids the
decoder in automatically identifying the concealed data
region for precise link extraction.

* Comprehensive experiments demonstrate the effective-
ness of the proposed method for embedding links in
printed brand logos, which provides dependable robust-
ness in both simulated and real-world scenarios.

Related Works

Image print-camera resilient watermarking. Image PCR
watermarking has been extensively researched. Traditional
methods employed image processing techniques to embed
watermarks in either the spatial (Kim, Lee, and Seo 2006;
Pramila, Keskinarkaus, and Seppédnen 2012; Chou and Li
1995) or frequency domain (Gourrame et al. 2019; Liang
and Wang 2019; Fang et al. 2018). However,those schemes
cannot guarantee the robustness and visual quality of water-
marks in real PC environments due to the presence of more
complex and random noise. With the development of deep
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learning, many methods proposed to use convolution neu-
ral network to achieve watermark embedding and extrac-
tion. HiDDeN (Zhu et al. 2018) is a first end-to-end network
framework for robust image watermarking. It used a noise
layer for robustness but had limited real-world resilience. To
address this limitation, StegaStamp (Tancik, Mildenhall, and
Ng 2020) introduced an advanced distortion layer to mimic
diverse distortions encountered during printing and camera
capture processes. Following extensive training stages, it
demonstrated outstanding performance in both embedding
and decoding. Later, Liu et al. (Liu et al. 2023a) introduced
WRAP, which leveraged CycleGAN (Zhu et al. 2017) to
train a distortion layer, aiming to enhance resilience against
film-coating attacks. To improve visual quality of encoded
images, Jia et al. (Jia et al. 2022) introduced Learning Invis-
ible Markers (LIM), which hide messages within a square
subspace of the cover image.

Although those methods perform well, they encounter
challenges when hiding links within printed logos. The ab-
sence of a fixed embedding region for logo vector graph-
ics and the variations in real-world backgrounds present dif-
ficulties for previous methods. Additionally, the relatively
uniform color distribution in logo images complicates the
task of ensuring high visual quality for encoded images.
Therefore, we propose a solution to address this limitation.

Prompt Learning. In natural language processing,
prompting (Liu et al. 2023b) initially refer to inserting di-
rectives into input sentences. Recent works (Li and Liang
2021; Potlapalli et al. 2024) suggests leveraging prompting
techniques to handle various downstream tasks or domains
with a combination of transformers without the need to opti-
mize all parameters. In this paper, we introduce a set of fea-
ture prompts before encoding feature recovery to guide the
modulation of encoded image features and the localization
of decoding regions.

Method
Framework Overview

Fig. 2 shows the architecture of our proposed method, which
includes a message encoder FE, a distortion layer N integrat-
ing various simulated image transformations, and a message
decoder D. The inputs of encoder E include a cover bitmap
I. and a mask I, representing the logo region, generated
from the logo vector graphics, along with the bit messages
M of length L generated from the hyperlink. The output
of E is an encoded image I. with the same shape as I..
Then, I, undergoes a distortion layer to generate the dis-
torted image I,,. The noise layer includes simulations of di-
verse backgrounds, perspective transformation, various dis-
tortions arising from the PC processes and JPEG compres-
sion distortions. After that, the decoder utilizes the RIM to
generate the prompt-decoded image,identifying the region
with the embedded message and extracting the messages M l
from the distorted images to recover the hyperlink.

Modules and Training Strategy

Encoder. The encoder is trained to embed the message
into the image while minimizing perceptual differences be-
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Figure 2: The framework of our proposed method. The encoder embeds messages within logo regions constrained by masks.
The FPSM modulates the encoding features to eliminate redundancy and imperceptibly embeds messages into the encoded
image features. Then, the encoded image undergoes processing through our proposed distortion layer, which simulates real
PC environments, resulting in distorted images. Finally, the decoder employs the RIM to generate the prompt decoded image,
locating the region with the embedded message and extracting the messages from the distorted images.

tween the input /. and encoded images I.. Initially, the bit
message M undergoes processing through fully connected
layers and upsampling, resulting in a tensor with dimensions
matching I.. This tensor is then concatenated with /. and
fed into an enhanced U-Net (Ronneberger, Fischer, and Brox
2015) style encoder. The encoder directly generates the im-
age instead of a residual image, which aids in convergence.
This image is then masked by I,,, to produce /..

To retain the majority of the original features of /. and
suppress noise during the generation of ., we introduce
a specially designed Feature Prompt Subspace Modulator
(FPSM) into the encoder. It consists of two key components:
a Retrieve and Interaction Module (RIM) and a Feature Sub-
space Modulator (FSM).

RIM introduces a prompt base P,
comprising learnable parameters to extract deep-level fea-
ture F; € REXWXC insiohts and retrieve the feature
prompt Py € RE>*W>C 'which subsequently interacts with

deep-level features to produce the encoding prompt P, €
Rﬁ X W x C‘_

c RNXHXWXC

As shown in Fig. 3a, to dynamically generate feature
prompt P ¢, RIM applies global average pooling (GAP) on
the deep-level features F';. Subsequently, a linear layer and
softmax operation are applied to produce prompt weights
w € RY. These weights are used to adjust the prompt base
P;, before passing through a convolution layer. This process
can be formulated as:

N

Pf = Convgxg (Z win>

c=1

w; = Softmax(Linear(GAP(F4)))

ey
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Figure 3: The architecture of Feature Prompt Subspace
Modulator.

Subsequently, P is concatenated with F'; along the chan-
nel dimension. Following this, a transformer block (Zamir
et al. 2022) is employed to facilitate interactions within the
concatenated output. Then, convolutional upsampling oper-
ations are performed to produce the encoding prompt P.. As
the feature of logo images lie in a low-rank signal subspace,
by properly learning and generating the basis vectors, the
encoded image can keep most original features and suppress
noise which is irrelevant to the generated basis set.



FSM  modulates the shallow-level feature Fy €
RHXWXC according to the subspace of the encoding prompt
to suppress redundant noisy features, with the goal of en-
hancing smoothness in the final encoded image ..

As shown in Fig. 3b, a matrix V' = [v1,v2, ..., U] com-
posed of the subspace basis vectors is generated from P.:

V= fo(Pe), @)
where fy : REXWXC _ RIXK ig a function parameter-
ized by 6 achieved by a simple convolution network. Given
the matrix V € R7>*¥ whose columns are basis vectors of
a K-dimensional subspace v C R”, we project F5 onto v
by orthogonal linear projection. The orthogonal projection
matrix P can be calculated from V' as:

P=V{VTV) VT, 3)
where (VTV)f1 is a normalization term ensuring that the
basis vectors are orthogonal to each other. Using the gener-
ated projection matrix, F5 can be reconstructed in the sub-
space of P, by

Fro = PP, “
The resulting reconstruct feature F iy is concatenated with
F'5 as the subsequent upsampling feature.

To minimal differences between I. and I., we introduce
the pixel-level loss LEN 1, which computes the L2 loss be-
tween /. and I.. Additionally, we incorporate the LPIPS per-
ceptual loss (Zhang et al. 2018) as LEN2. Besides, we in-
troduce the adversarial loss £z v3, which aims at generating
indistinguishable I, by the additional discriminator DI.S.

ﬁENg = lOg(]. —DIS(IQ)) (5)

The discriminator is a simple binary classification convo-
lutional neural network designed to distinguish whether an
image contains messages or not. It minimizes the loss Lprs:
Lprs = log(DIS(Ie)) + log(1 — DIS(I.))  (6)

To enhance image smoothness, we employ Total Variation
loss (Mahendran and Vedaldi 2015). The smoothness loss
can be formulated as:

Lena=) ((Iei,jJrl - Ieij)2 + (Teivry — Ieij>2>

.7

[V

(N
Typically, as the 3 value increases, the image becomes
smoother. However, for images with intricate textures, this
may result in a loss of clarity. Nevertheless, for relatively
flat logo images, increasing the /3 value is advantageous for
optimizing the outcomes. In our work, we set 5 to 2.

Distortion Layer. The distortion layer plays a crucial role
in our method to enhance the resistance to PC environments
and different logo backgrounds. It includes background di-
versity distortion, perspective transformation distortion, PC
distortions, JPEG compression distortion. To draw attention
to the logo, businesses often position it against a simple
background. We randomly alter the background, transform-
ing it into a solid color background and introducing back-
ground distortion. To account for distortions caused by dif-
ferent shooting angles, we introduce perspective transforma-
tion distortion by manipulating the four corner vertices of
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the image. Environmental lighting during the capture and
printing process can lead to color distortions. Additionally,
camera motion or focus can introduce distortions. To simu-
late PC distortion, we sequentially apply effects such as blur,
random noise, brightness adjustment, contrast adjustment,
color transformation. JPEG distortions is used to simulate
distortions that may occur during saving photos.

Decoder. The decoder serves as a network to recover the
message from the encoded image. To enable lightweight lo-
calization of the embedded message regions, we integrate
the RIM module into the decoder to produce the prompt
encoded image as shown in Fig. 2. To enhance robust-
ness against slight viewpoint changes when generating the
prompt encoded image with localization information, we use
a spatial transformer network (Jaderberg et al. 2015). Fol-
lowing a series of convolutional and dense layers, along with
a sigmoid layer, the decoded message is obtained. The de-
coder network employs cross-entropy loss to supervise the

extraction of the message M /1 and M /2 from both the en-
coded image and the distorted image:

Lpp=MSE(M,M'y)+ MSE(M,M'5)  (8)

Training. During training, we employed a two-stage train-
ing strategy to improve the performance of the encoder and
decoder in a stable manner. In the first stage, we exclusively
trained the decoder by minimizing £p g while gradually in-
creasing the level of distortion. This approach ensured that
the decoder could accurately extract the embedded message
even under high distortion levels. Once the decoder became
proficient in extracting messages under high distortion, we
proceeded to the second stage, which involved joint training
of the encoder E, decoder D, and discriminator DIS. The
training loss is formulated as:

L=MNLEN1+ X LEN2+  3LENS

9
+ MLeNs+ A5LDE. ©)

Experiments
Experiment Settings

Datasets. We began by standardizing the bitmap images
from the Large Logo Dataset (Sage et al. 2017). This in-
volved fixing the longer side and extending the shorter side
to create square bitmaps, filling the extended areas with
white, and resizing them to 400x400 pixels. Simultane-
ously, a grayscale threshold of 200 was applied to adjust the
transparency of the white pixels to 0, generating the masks
accordingly. These masks are adopted to segment the logo
region, which is placed on the various background image to
generate the composite image. For experiments in the digi-
tal environment, 98,418 images generated from Large Logo
Dataset were used for training. To further assess the robust-
ness and generalization capabilities of the method, 417 im-
ages from the METU Trademark Dataset (Tursun and Sinan
2015) were dedicated to testing. Moreover, we randomly se-
lect 20 images from test set for real PCR tests.

Implementation Details. The entire framework is imple-
mented in PyTorch and executed on NVIDIA GeForce RTX
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Figure 4: Examples of encoded images generated by five methods, the residual image of our method, and the visualization of

the prompt encoded image.

2080 Ti. We employ the Adam optimizer for our model. Dur-
ing training, the size of input bitmap is 400 x 400 and the
message is randomly generated with a length of 100 bits.
The subspace dimensionality K is set to 16. The parameter
setting in distortion layer are as follows:

* Blur kernel size: [3, 7]

* Gaussian noise: o ~ U[0,0.2]

* Brightness adjustment: [—0.3,0.3]

* Contrast adjustment: [0.5, 1.5]

 JPEG compression quality factor: [50, 100]

For the loss function in the Eq. (9), we choose A\; = 2, Ay =
1.5, A3 = 0.5, A\, = 1.5, A5 = 2.5. The batch size in the
training is set to 16 and the model are trained for 30 epochs
with an initial learning rate = 0.0001.

Baselines. Our baselines for comparison are Fang (Fang
etal. 2018), StegaStamp (Tancik, Mildenhall, and Ng 2020),
WRAP (Liu et al. 2023a), and LIM (Jia et al. 2022). All
the methods except Fang are deep-learning-based. Despite
our attempts to experiment with LIM, we could not replicate
their reported best performance under conditions matching
our method. Hence, we directly compared using their pre-
trained models. In the experiments, Fang embeds messages
with a length of 30 bits, while LIM uses a 16x16 matrix QR
(quick response) code, and the other methods use 100 bits.
For a fairer comparison, after embedding the messages, the
non-logo region of encoded images were uniformly set to
white using a mask for further testing, as in real-world sce-
narios this portion would have a transparency of 0. In addi-
tion, all tests in real PC environment were consistently car-
ried out with marked locating and manually adjusted crop-
ping to attain the best results.

Evaluation Metrics. We assess the visual quality of the
encoded images using peak signal-to-noise ratio (PSNR)
(Almohammad and Ghinea 2010) and structural similarity
(SSIM) (Wang et al. 2004). The performance of decoder is
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Methods Fang StegaStamp WRAP LIM  Ours
PSNR(dB) 34.28 30.54 29.54 3536 31.59
SSIM 0.946 0.834 0.904  0.953 0.907
ACC(%)  66.79 92.88 88.88  78.18 99.83

Table 1: Visual comparison of encoded images and accuracy
comparison of message extraction between our method and
the comparison methods.

ACC(%) JPEG Contrast  Gaussian Blur

Parameters 50 75  +50 -50 1 2
Fang 63.07 66.07 57.74 66.11 62.35 61.72

StegaStamp 92.14 92.55 78.25 88.19 92.98 92.96
WRAP 8891 88.96 88.29 88.78 88.61 88.52
LIM 77.39 77.79 73.20 77.85 78.24 78.20
Ours 99.68 99.73 97.66 99.68 99.78 99.76

Table 2: Comparison of extraction accuracy under different
digital distortions.

evaluated by the average extraction accuracy (ACC), which
indicates the percentage of correctly extracted messages. It’s
worth noting that for the LIM, ACC represents the percent-
age of correctly extracted matrices of QR codes.

Experimental Results

Visual Quality and Performance of Decoder. Table 1 dis-
plays the average objective metrics of visual quality in en-
coding images and decoding performance of comparative
methods and ours. Our model performs similarly to other
models in terms of PSNR and SSIM, indicating that our
model can produce images of reasonably good quality. Al-
though our PSNR and SSIM is a little inferior to Fang
and LIM, our model has the highest ACC and and em-
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Figure 5: The captured photos and their corrected results

beds the watermark in the complete image instead of only
in the subimage like Fang and LIM. As shown in Fig. 4,
our method embeds messages into the edge regions of the
image, enhancing visual quality. Furthermore, the decoder
can automatically locate and extract the embedded message,
contributing to the top accuracy achievement.

Robustness Comparison in Digital Environment. To as-
sess robust performance in a digital setting, we initially in-
troduced various noise types directly into the encoded image
without print processing, as detailed in Table 2. When ex-
amining JPEG compression impact, we tested compression
quality factors set at 50 and 75. Fang displayed a 3% accu-
racy decrease at a quality factor of 50, while other methods
exhibited only minor reductions in extraction accuracy.

In contrast variation trials, we evaluated extraction accu-
racy across the five methods under 50% increased and de-
creased image contrast conditions. Except for the WRAP
method, all approaches showed significant ACC drops when
a 50% contrast boost, with our method demonstrating the
smallest decline. A comparison between our embedding pat-
tern and WRAP revealed that WRAP prioritizes robustness
over image quality by embedding messages mainly in the
image center, resulting in visible white patches.

Regarding resistance to Gaussian blur noise, we assessed
ACC for the five methods at 0 = 1 and ¢ = 2. Fang dis-
played the weakest robustness against Gaussian blur, while
the other methods maintained stable ACC levels.

In summary, our method demonstrates robustness against
digital noise.

Robustness Comparison in Real Print-Camera Environ-
ment. In this section, we compared the performance of the
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Devices Methods 15cm 25¢cm 40cm
Fang 65.08 70.16 52.38

StegaStamp 81.80 76.80 76.40

vivo X100 WRAP 66.79 86.68 86.60
Pro LIM 76.87 71.73 73.87
Ours 90.19 97.60 95.00

Fang 69.21 63.17 60.00

StegaStamp 78.80 79.40 78.99

iPhone WRAP 67.75 85.20 83.20
11 Pro LIM 73.53 74.98 73.84
Ours 90.99 94.60 96.20

Table 3: Comparison of extraction accuracy with different
shooting distances.

Devices Methods +15° +30° +45°
Fang 50.79 53.02 55.14

StegaStamp 78.60 80.79 82.2

vivo X100 WRAP 85.60 85.39 76.00
Pro LIM 74.30 80.96 74.66
Ours 93.39 93.19 90.39

Fang 50.79 59.37 59.68

StegaStamp 80.40 80.99 80.60

iPhone WRAP 79.60 76.59 72.59
11 Pro LIM 73.59 76.13 76.11
Ours 93.59 91.79 90.19

Table 4: Comparison of extraction accuracy with different
shooting angles.

five methods in a real PC environment. We utilized BCH
codes (Bose and Ray-Chaudhuri 1960) to perform error cor-
rection on the link transformed into 42 bits. With an esti-
mated accuracy of 88% achieved on 100-bit messages, the
link can be successfully restored. To obtain more convinc-
ing results, we evaluated the ACC metric using two different
brands of smartphones under various shooting angles, dis-
tances, and background conditions.

Different Shooting Distances. During the test of how
shooting distance impacts the accuracy of the methods, the
printed logo size was 13cm x 13cm. The camera was main-
tained at a fixed angle (0°) and height perpendicular to the
image plane, with the distance gradually increased from
15cm to 40cm. Three distance settings were tested. The cap-
tured results were manually located and adjusted to create
a square region as input for the each method, as shown in
Fig. 5a.

The experimental results detailed in Table 3 reveal that de-
spite a notable decrease in accuracy for our method at a test-
ing distance of 15cm, it remained above 90%. This drop can
be attributed to the inherent blurring effect of smartphones
during close-up shots. When capturing the image with the
vivo X100 Pro from a distance of 25cm, the accuracy surged
to as high as 97.6%. To sum up, our method showcases ro-
bustness across different shooting distance conditions.
Different Shooting Angles. During the test of how shooting
distance impacts the accuracy of the methods, the printed
logo size was 13cm x 13cm. We kept the camera at a con-



Figure 6: Example of the actual background texture for real
background testing.

sistent distance of 25cm from the image and systematically
varied the horizontal angle between the camera and the im-
age. Three angle settings were tested, ranging from 15° to
45°. As illustrated in Fig. 5b, the captured results were man-
ually located and adjusted.

The results in Table 4 demonstrate that as the shooting

angle increased, the extraction complexity also heightened,
leading to a decrease in the accuracy of our method. How-
ever, even at a 45° angle, our method sustained an extrac-
tion accuracy surpassing 90%. In contrast, Fang displayed
an increase in accuracy with the angle, possibly due to the
natural distribution of embedded messages on both sides of
the logo. Conversely, WRAP embedded messages centrally
within images, resulting in a reduction in accuracy as the an-
gle increased. In conclusion, our method exhibits significant
robustness across varying shooting angles.
Different Backgrounds. When evaluating the influence of
different backgrounds on method accuracy, the printed logo
size was 4cm x 4em. We varied the backgrounds to red,
green, and blue to assess method performance against plain-
colored backgrounds. To enhance realism, we designed the
logo as a crystal label affixed to a packaging box with a
complex textured background, as depicted in Fig. 6. Dur-
ing the tests, the camera was consistently positioned 15c¢m
away from the logos.

The results in Table 5 indicate that the accuracy of our
method fluctuates by no more than 5% tested against plain-
colored backgrounds. Even tested against real backgrounds,
our method maintains the highest accuracy level at around
90%. In conclusion, our method demonstrates robustness
across diverse backgrounds, thanks to the inclusion of di-
verse backgrounds noise layer during training, making it
well-suited for real-world applications. In summary, our
method exhibits robustness across various backgrounds, at-
tributed to the incorporation of noise layers during training,
rendering it highly suitable for real-world applications.

Ablation Study

Importance of the mask. Masks can be considered as an ad-
vanced crop attack, helping encoder embed messages repeat-
edly within the logo region. As the results shown in Table 6,
models trained with mask assistance can achieve higher ac-
curacy under identical conditions.

Importance of the random background noise layer. The
random background noise layer is designed to train the de-
coder to accurately extract messages from the logo with var-
ied backgrounds. The results in Table 6 demonstrate that
incorporating random noise during training improves the
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Devices Methods Red Green Blue Real
Fang 4921 51.59 5097 5143

StegaStamp  78.24  82.00 76.12 72.28

vivo X100 WRAP 82.00 86.92 84.50 57.00
LIM 66.71 69.50 67.10 75.71

Ours 94.66 97.37 9599 90.24

Fang 50.22 58.73 57.67 52.38

StegaStamp  81.57 83.79 76.52 73.83

iPhone WRAP 83.19 88.34 85.27 60.55
11 Pro LIM 69.97 72,57 65.19 75.80
Ours 9599 98.24 94.25 89.72

Table 5: Comparison of extraction accuracy with different
backgrounds.

Noise Layer

Mask g ound) FPSM | ACC PSNR  SSIM
X X X | 8460 3054 0834
v X X | 948 3049 0830
v v X 19807 2718 0.809
v v v | 9895 3159 0.907

Table 6: The ablation study of mask, noise layer and FPSM.

decoder’s ability to extract messages across various back-
grounds, albeit at the cost of a notable decline in the visual
quality of the encoded images.

Importance of the FPSM. The purpose of FPSM is to invis-
ibly embed messages into the logo while maintaining its ho-
mogeneous characteristics. Additionally, RIM in FPSM also
serves to enable the decoder to identify the embedded mes-
sage area, thereby enhancing extraction precision. As the re-
sults shown in Table 6, the visual quality of the encoded
images significantly improved with the addition of FPSM.
Furthermore, there was an enhancement in the robustness of
message extraction under different backgrounds.

Conclusion

In this paper, we first introduce the existing PCR water-
marking technologies and analyze the limitations they face
when embedding links in actual logo images. To address
these challenges, we propose an end-to-end network frame-
work that incorporates a unique noise layer specifically de-
signed to mitigate the impact of different noises present in
real PC environments, thereby enhancing the robustness of
our method. The well designed FPSM introduced in the en-
coder and decoder helps improve the visual quality of en-
coded images and extraction accuracy. Compared to existing
methods, our framework demonstrates good performance in
simulated and real-world scenarios, showcasing better prac-
tical applicability. We will continue to enhance this work in
the future by introduce more efficient background segmen-
tation techniques and simulate diverse noises to ensure our
method maintains robustness across various conditions.
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