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Abstract

The proliferation of digital images on the Internet has pro-
vided unprecedented convenience, but also poses significant
risks of malicious theft and misuse. Digital watermarking
has long been researched as an effective tool for copyright
protection. However, it often falls short when addressing
partial image theft, a common yet little-researched issue in
practical applications. Most existing schemes typically re-
quire the entire image as input to extract watermarks. How-
ever, in practice, malicious users often steal only a portion
of the image to create new content. The stolen portion can
have arbitrary shape or content, being fused with a new
background and may have undergone geometric transfor-
mations, making it challenging for current methods to ex-
tract correctly. To address the issues above, we propose
WOFA (Watermarking One for All), a robust watermark-
ing scheme against partial image theft. First of all, we de-
fine the entire process of partial image theft and construct
a dataset accordingly. To gain robustness against par-
tial image theft, we then design a comprehensive distortion
layer that incorporates the process of partial image theft
and several common distortions in channel. For easier net-
work convergence, we employ a multi-level network struc-
ture on the basis of the commonly used embedder-distortion
layer-extractor architecture and adopt a progressive train-
ing strategy. Abundant experiments demonstrate that our
superior performance in the scenario of partial image theft,
offering a more reliable solution for protecting digital im-
ages against unauthorized use in practical use.

1. Introduction
In the digital era, the widespread availability and sharing
of digital images on the Internet have revolutionized how
we access and disseminate information. This ease of ac-
cess, however, comes with significant risks, particularly the
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Figure 1. A brief description to the scenario of partial image theft.
Malicious users may take arbitrary portion of the image to create
new content.

theft and unauthorized misuse of digital content. Digital
watermarking technology has been researched for long and
proven to be an effective tool for copyright protection by
embedding ownership information within images. How-
ever, despite its extensive research and development, exist-
ing watermarking schemes often fall short when confronted
with the scenario of partial image theft.
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Partial image theft, which is a common yet little-
researched issue in practical applications, occurs when ma-
licious users steal only a portion of an original image to
form new content. As shown in the Fig.1, the malicious user
takes an irregularly shaped area from the original image and
combines it with a new background to form a new image.
From the example above, we can address that the stolen por-
tion can be of arbitrary shape, content, composited with an
unknown background and may have undergone various ge-
ometric transformations. This may bring difficulties to the
existing methods in extracting the watermark. Most exist-
ing watermarking methods generally require the entire im-
age to extract embedded watermarks, rendering them inef-
fective when only an irregular portion of the original im-
age is stolen, let alone a geometric transformation might be
conducted. Consequently, there is an urgent need for a wa-
termarking solution that can robustly protect against partial
image theft.

To address this gap, in this paper, we propose WOFA
(Watermarking One for All), a novel and robust watermark-
ing scheme designed to combat partial image theft. As
the name suggests, our method only requires embedding
the watermark once into the entire original image. Subse-
quently, the watermark can be extracted from images that
contains a portion of the original image, regardless of the
new image’s content or the shape of the stolen portion, as
shown in Fig.1. To achieve this functionality, we first define
the entire process of partial image theft and create a dataset
accordingly. We employ a multi-level network structure
built upon the commonly used embedder-distortion layer-
extractor architecture to facilitate easier network conver-
gence. To equip the model with robustness against par-
tial image theft, we meticulously design a progressive dis-
tortion layer that applies various types and intensities of
distortions as training progresses, enabling the network to
converge effectively and develop resilience to partial im-
age theft. Comprehensive experiments demonstrate that our
proposed scheme outperforms existing methods in scenar-
ios of partial image theft, maintaining good visual quality
and achieves high extraction accuracy across various image
portions and backgrounds. Our results indicate that WOFA
offers a solution for protecting digital images against unau-
thorized use in practical applications.

The main contributions of this paper are summarized as
follows:
• We propose WOFA (Watermarking One for All), a robust

watermarking scheme against partial image theft. It only
needs embedding the watermark once into the image, and
the watermark can be extracted from images that contains
a portion of the original image. To the best of our knowl-
edge, we are the first to introduce and conduct research
on the scenario of partial image theft.

• We define the entire process of partial image theft and

build a dataset accordingly. We design a progressive dis-
tortion layer which applies various types and intensities of
distortions as training progresses, aiding the convergence
of the network.

• Abundant experiments demonstrate that our proposed
scheme outperforms existing methods in scenarios of
partial image theft, providing a more reliable solution
for protecting digital images against unauthorized use in
practical use.

2. Related Works
Image Watermarking. Image watermarking has long been
studied as an essential tool for copyright protection. Tra-
ditional watermarking schemes utilize well-crafted heuris-
tic algorithms to embed watermarks in the spatial[1, 14]
and frequency domains [2, 4, 9, 22], achieving robustness
against common distortions such as JPEG compression[10],
filtering[24], and geometric deformations[11]. With
the advent of deep learning, numerous watermarking
schemes leveraging neural networks have been devel-
oped. HiDDeN[30] was among the first to introduce an
autoencoder-like architecture, jointly training an embedder,
a distortion layer, and an extractor, which achieves both
high robustness and good visual quality. Building on this
architecture, methods such as LFM[25], PIMoG[6], and
DeNoL[7] designed various distortion layers and training
strategies to enhance robustness against screen-capturing,
while StegaStamp[21], LIM[12], and WRAP[15] focused
on improving robustness in the print-capture scenario. Ad-
ditionally, MBRS[13] proposed a hybrid distortion layer to
more effectively combat JPEG compression, DWSF[8] in-
troduced a block-embedding scheme to ensure generaliz-
ability across different input resolutions and MuST[23] fo-
cuses on the challenge of image compositing and propose
a method based on connected components to tackle it. Be-
yond the conventional embedder-distortion layer-extractor
structure, UDH[27] pioneered a cover-independent water-
marking approach inspired by the concept of universal ad-
versarial examples, [28] enabled non-differentiable distor-
tion layers by modifying the gradient propagation path, and
CIN[19] integrated both invertible and non-invertible mech-
anisms within a watermarking framework.

3. Preliminaries
3.1. Definition of Partial Image Theft
In this section, we will define the entire process of partial
image theft. In practical use, partial image theft occurs
when malicious users steal only a portion of the original
image, fuse it with a new background to form a new image.
Therefore, we define the process of partial image theft as
following steps and present it in Fig.2:
• Partial Masking. Partial masking refers to obtaining the
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Figure 2. The entire process of partial image theft include 3 steps:
partial masking, geometric transformation and background fusing.

stolen part Is ∈ R3×H×W from the original image Io ∈
R3×H×W based on a binary mask m ∈ {0, 1}1×H×W . In
practical use, the mask is determined by the thief himself,
depending on which part of the content the thief wants to
steal.

• Geometric Transformation. In this step, the thief may
perform geometric transformations on the stolen part to
better fit the new background. In the scenario of partial
image theft, translation is the most commonly used, fol-
lowed by rotation and scaling.

• Background Fusing. Finally, the thief covers the stolen
part on a new background Ib ∈ R3×H×W to create a new
image If ∈ R3×H×W . Without loss of generality, we
assume in this paper that the size of the new background
is the same as the original image.

3.2. Analysis to Partial Image Theft
In this section, we analyze the challenges that partial im-
age theft poses to watermark extraction, aiming to design a
more targeted solution. We summarize the impact of partial
image theft into three points:
• Content Loss. The watermark information originally

embedded in the entire image may become incomplete
when only a portion is extracted.

• Unknown Backgrounds. The stolen part is fused with
a background of unknown content that does not contain
watermark, potentially interfering with the extraction.

• Geometric Transformation. Geometric transformation
may change the position of the watermark information
relative to the original image, which will also seriously
interfere with the extraction.
Compared with the first two factors, geometric transfor-

mation has a greater impact on extraction. We design a
simple experiment to reflect this effect. First, we obtain
the original image, mask, and background image from the
OPA[16] dataset, divide them into 5 groups according to
the area ratio of the mask, and then perform the partial im-
age theft process without any geometric transformation. As
shown in Table.1, as the area of the mask (the stolen part)
decreases, the extraction accuracy also decreases. This re-

sult shows the impact of content loss and unknown back-
ground on extraction. Then, we add a slight geometric
transformation, only a 10% side length translation to the
masks, and perform the partial image theft again. As shown
in the table, for all area ratios, the extraction accuracy after
translation has dropped significantly.

Table 1. Bit accuracy rate(BAR,%) of different mask area propor-
tion. The ratio refers to the proportion of the mask’s area relative
to the original image.

Methods
Partial Masking(%) Partial Masking(%) + 10% Translation

0-20 20-40 40-60 60-80 80-95 0-20 20-40 40-60 60-80 80-95

HiDDeN 52.89 62.90 71.35 78.53 84.84 52.81 61.05 67.06 71.01 73.05
MBRS 90.88 100 100 100 100 52.78 57.45 60.58 62.07 63.55

StegaStamp 60.73 79.07 89.92 96.17 98.85 52.01 55.85 59.25 62.06 64.41

We believe that the reason for this phenomenon may be
that position information has a greater impact than content
information. We further conduct another experiment to try
to prove it. For each 128 × 128 image, we divide it into
16 × 16 blocks. First, we randomly set some of the blocks
to all 0. Then, we change to not erasing any blocks, but
shuffling some of the blocks, as shown in Fig.3. For the
former, the position information is preserved but the con-
tent information is partially lost, while the latter is just the
opposite. According to the proportion of blocks that did
not change during the operation, we set 5 groups and test
the extraction accuracy. As shown in Table.2 , for content
loss, its performance decreases slowly as the loss amount
increases, while for position information changes, its per-
formance drops rapidly and significantly. This indicates that
in the model design, an effective distortion layer must be de-
signed to deal with the geometric transformation in partial
image theft.

Table 2. Bit accuracy rate(BAR,%) under content information loss
and position information loss. The ratio refers to the proportion of
the number of the unchanged blocks in the process.

Methods
Block Erasing(%) Block Shuffling(%)

0-20 20-40 40-60 60-80 80-95 0-20 20-40 40-60 60-80 80-95

HiDDeN 54.41 66.27 78.49 84.82 88.17 75.78 79.60 83.02 86.03 87.93
MBRS 94.04 100.00 100.00 100.00 100.00 70.53 94.83 99.90 100.00 100.00
PIMoG 64.69 80.49 90.32 96.57 99.39 55.95 68.27 80.81 91.88 98.08

Though factors above cause difficulties for extraction,
there are still some methods can handle at least one of the
above challenges. MBRS[13] introduced a diffusion block
that disperses the watermark across the entire image, effec-
tively addressing the issue of content loss. MuST[23] tried
to tackle the challenge of image compositing and performs
well against interference from unknown backgrounds. Ma
et al.[18] adopts a transformer based model to combat ge-
ometric transformation. However, after careful study, we
found none existing methods can address all three of the
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Figure 3. Supplementary explanation for Section 3.2: After di-
viding the image into blocks, erasing and shuffling are applied to
simulate content and position information loss, respectively.

above problems. Therefore, we try to propose a novel
scheme for partial image theft.

4. Proposed Method

4.1. Overview
In order to provide a reliable solution for partial image
theft, in this paper, we propose WOFA (Watermarking
One for All). The structure of our model is illustrated in
Fig.4. As depicted, our approach enhances the common-
used embedder-distortion layer-extractor framework by in-
troducing a multi-level architecture. During the embedding
process, the watermark information is first mapped into a
noise pattern by encoder, which is then embedded into
the original image via the embedder. For extraction, the
fused image created by malicious users is first processed
by the extractor to retrieve the noise pattern, which is sub-
sequently decoded into the watermark information by de-
coder. We will demonstrate in our experiments that this
design facilitates easier convergence. For the model’s core,
the distortion layer, we employ a progressive strategy, ap-
plying various types and intensities of distortions at differ-
ent stages of training to achieve optimal convergence.

As for the training strategy, in general, as depicted in
Fig.4, we employ a two-stage training strategy. During the
Stage I, we only focus on training the encoder and decoder.
In the Stage II, we transit to joint training of the embed-
der and extractor within the full process, while keeping the
weights of the encoder and decoder frozen. Each detail of
training will be discussed in the following subsections.

4.2. Stage I: Training the Encoder & Decoder
As illustrated in Fig.4, in Stage I, we only focus on training
the encoder and decoder. Encoder Enc maps the water-
marking information w ∈ {0, 1}1×l to a grey-scale noise
pattern we

n ∈ R1×H×W of the same size as the original im-
age, which can be formulated as:

we
n = Enc(w). (1)

In the complete process, we
n will be then fed to the em-

bedder to be embedded into the original image. However,
during Stage I, we use a distortion layer to process we

n and

then send it to the decoder Dec to output the predicted wa-
termark wpred ∈ {0, 1}1×l, which can be formulated as:

w′
n = N1(w

e
n), (2)

wpred = Dec(w′
n). (3)

Here, N1 refers to the distortion layer used exclusively in
Stage I, which includes distortions such as partial masking
and geometric transformations. The details of N1 will be
illustrated in following subsections.

The main purpose of Stage I is to build a mapping be-
tween the watermark information and the noise pattern as
well as gaining the ability to resist content loss and geo-
metric transformations. Considering that this mapping is
relatively simple, we suppose that a simpler network archi-
tecture might offer better robustness and a reduced risk of
overfitting. Therefore, we employ a light-weight design,
utilizing two fully-connected (FC) layers for the encoder,
and a decoder network consisting of four convolutional lay-
ers followed by two FC layers.

4.3. Stage II: Training the Embedder & Extractor
As shown in Fig.4, in Stage II, the complete process is
utilized. The encoder first maps the watermark informa-
tion w ∈ {0, 1}1×l to a grey-scale noise pattern we

n ∈
R1×H×W . Both the noise pattern we

n and the original im-
age Io ∈ R3×H×W serve as the input of the embedder Emb
to output the watermarked image Iw ∈ R3×H×W , which is
formulated as:

Iw = Emb(we
n, Io). (4)

The watermarked image Iw is then processed by a distortion
layer N2 which incorporates not only the complete process
of partial image theft but also geometric transformations
and common perturbations such as JPEG compression:

If = N2(Iw, Ib), (5)

where Ib ∈ R3×H×W refers to the background image and
If ∈ R3×H×W refers to the fused image constructed by
covering a portion of Iw onto Ib. N2 aims to enhance the
model’s robustness against unknown backgrounds and geo-
metric transformations and its detail will be illustrated in the
following subsection. Then, the extractor Ext will take the
fused image If as input and output the predicted noise pat-
tern wp

n. Subsequently, the decoder will use wp
n to predict

the final watermark output wpred, which can be formulated
as:

wp
n = Ext(If ), (6)

wpred = Dec(wp
n). (7)

As illustrated in Fig.4, in the entire process of Stage
II, the weight of encoder and decoder which are trained in
Stage I is frozen, only embedder and extractor are being op-
timized. Considering that both the embedder and extractor
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Figure 4. The flowchart of our proposed WOFA. WOFA adopts a multi-level structure, where a mapping between watermarking and noise
pattern will be built. A two-stage training strategy is also utilized to aid convergence.

have the characteristic of having the same input and output
shapes, we implement both using a U-Net structured[20]
network with a depth of 5.

4.4. Distortion Layer

The distortion layer is usually crucial for achieving the
model’s robustness. In our approach, the distortion layer
is primarily designed to address the three major challenges
posed by partial image theft: content loss, unknown back-
grounds, and the most important, geometric transforma-
tions. We apply different distortion layers N1 and N2 dur-
ing Stage I and Stage II respectively and both of them are
detailed in the following.

Distortion Layer I. Distortion layer N1 is applied in
Stage I and its main purpose is to gain robustness against
content loss and geometric transformations. Therefore, N1

consists of three different distortions as follows:
• Partial Masking. Partial masking is the first step of par-

tial image theft, as shown in Fig.4. In the training of
Stage I, we use partial masking to process the noise pat-
tern we

n, which is equivalent to causing a content loss.
To reduce the model’s learning difficulty, we employ a
gradual strategy. In the first 1% of training, we randomly
mask squares covering at least 50% of the original pat-
tern. During the next 10%, we transit to masking rectan-
gles covering at least 25%. For the remaining training, we
use masks from the dataset, with random, irregular shapes
covering 1% to 95% of the image.

• Geometric Transformations. We have identified three

key transformations in the scenario of partial image theft:
translation, rotation and scaling, and incorporate them
into our designed distortion layer. To ensure the effective
area remains within the image boundaries after the trans-
formation, we constrain the translation range to ±50%
of the image’s length or width and the scaling range to
±25%. Additionally, to prevent excessive rotation from
altering the semantics of the stolen portion, we limit the
rotation range to ±45◦. We also employ a progressive
strategy for geometric transformations. The ranges for
translation, rotation, and scaling gradually increase from
0 to their maximum values, reaching these limits at 50%
of the training process.

• Gaussian Noise. In the complete process, the noise pat-
tern to be decoded comes from the extractor rather than
directly from the encoder in Stage I. Therefore, we intro-
duce Gaussian noise to simulate any other possible dis-
tortions. The noise intensity (standard deviation) σ pro-
gressively increases from 0 to a maximum of 0.1 within
the first 20% of training.

Distortion Layer II. Distortion layer N2 is applied in Stage
II to gain robustness against unknown backgrounds and
geometric transformations. Additionally, this layer con-
tributes to the robustness against other common distortions
in digital channel. Consequently, N2 consists of two differ-
ent distortions as detailed below:

• Partial Image Theft. We define the complete process of
partial image theft in Section 3.1 and incorporate its en-
tire process as a distortion here. This process consists of
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Figure 5. Visualization of watermarked images embedded by different methods. Our WOFA achieves satisfying visual performance overall.

three sub-processes: partial masking, geometric transfor-
mations, and background fusing. It is worth noting that
unlike N1, both partial masking and geometric transfor-
mations here do not apply gradual strategy but adopt a
fixed intensity, that is the max intensity as illustrated in
N1.

• Other Distortions in Digital Channel. Although our
scheme mainly focuses on the robustness against partial
image theft, considering that the fused image may be
transmitted through digital channels, we also incorporate
JPEG compression (Quality Factor, QF = 95) which is a
common channel distortion and resizing (80% − 125%)
into this stage.

4.5. Training Strategy
For the training of our model, we adopt a two-stage strategy
for better convergence. For Stage I, we only optimize the
encoder and the decoder. We use only one Cross-Entropy
loss function as constraint to minimize the distance between
w and wpred:

L1 = BCE(w,wpred) (8)

where L1 refers to the loss function in Stage I.
In Stage II, the parameters of both the encoder and the

decoder are frozen. Only the embedder and the extractor
need to be optimized. The optimization focuses on three
goals: minimizing the difference between the original im-
age Io and watermarked images Iw, the noise pattern af-
ter geometric transformation w′

n and the predicted pattern
wp

n, and the original watermark w and predicted watermark
wpred. We utilize MSE as the loss function for the first
two, while the third goal follows the loss function in Stage
I, which can be formulated as:

Limage = MSE(Io, Iw), (9)

Lpattern = MSE(w′
n, w

p
n), (10)

L2 = Limage + Lpattern + L1, (11)

where L2 refers to the loss function in Stage II.

5. Experiments

5.1. Experimental Setting

5.1.1. Datasets

For the experiments, we select several different datasets.
First, we sample 61,990 images from OPA[16], which is a
dataset about object placement and fusing. We crop blocks
with size 200 × 200 and then split them into a training set
and a test set with a 4:1 ratio. All the baseline models and
our model are trained on this training set and most of the
experiments in this paper are conducted on this test set ex-
cept for the generalizability test. Secondly, we also test
our model on SOIM[23] and matteImageNet to demonstrate
the generalization of our method. MatteImageNet is the
dataset we constructed based on the process of partial im-
age theft. We use MatteAnything[26] to obtain 977 images
and their corresponding masks from 19 selected classes in
ImageNet[5].

5.1.2. Implementation Details.

Our method is implemented by PyTorch [3] and trained on
a single NVIDIA RTX 3090ti. We use the Adam[17] op-
timizer with a learning rate of 5e-5. The length l of wa-
termark w is set as 30. All the methods we used for com-
parison [6, 8, 13, 21, 23, 30] in experiments are re-trained
using their open-source code and the configurations in their
papers.
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Table 3. Visual quantification in different methods

Methods Image size Capacity Bits per pixel PSNR↑ SSIM↑ LPIPS↓

HiDDeN 128× 128 30 bits 1.83× 10−3 30.37 0.9247 0.0493
DWSF 128× 128 30 bits 1.83× 10−3 38.89 0.9879 0.0102
MBRS 128× 128 30 bits 1.83× 10−3 32.82 0.8827 0.0876
PIMoG 128× 128 30 bits 1.83× 10−3 33.66 0.9625 0.0189

StegaStamp 400× 400 100 bits 6.25× 10−4 27.69 0.9088 0.1123
MuST 256× 256 30 bits 4.58× 10−4 43.31 0.9796 0.0704
WOFA 200× 200 30 bits 7.50× 10−4 39.76 0.9945 0.0188

5.2. Visual Performance
To evaluate the visual quality of our method, we compare
the visual quality of watermarked images obtained through
various methods. As shown in Table.3, we compare our
method with several SOTA watermarking schemes on three
metrics, namely Peak Signal-to-Noise Ratio (PSNR), Struc-
ture Similarity Index Measure (SSIM) and Learned Percep-
tual Image Patch Similarity (LPIPS) [29]. As shown in Ta-
ble.3, our method achieves commendable PSNR (nearly 40
dB) and SSIM, and has an advantage in LPIPS which bet-
ter reflects the visual perception quality. We also present a
more intuitive result in Fig.5 which displays watermarked
images generated by different methods. The visual com-
parison further confirms that our model’s image quality is
highly satisfactory.

5.3. Robustness Performance in the Scenario of Par-
tial Image Theft

In this section, we evaluate the performance of our method
against partial image theft by comparing it with several
state-of-the-art (SOTA) pre-trained models. First of all, we
test the extraction performance of the models under partial
masking with different area proportion ratios to observe the
resistance to content loss and unknown background. As
shown in Table.4, our model achieve a good performance
which demonstrates that WOFA is able to resist both con-
tent loss and unknown backgrounds.

We then evaluate the performance against all three main
challenges. Table 5 presents the bit accuracy results under
different settings. First, we present the performance under
the “partial” setting, which involves only partial masking
of area proportion ranged from 1% to 95% and without ge-
ometric transformations. We then combine partial mask-
ing with various geometric transformations, including com-
binations of transformations to better simulate real-world
scenarios. As shown in the table, our WOFA method con-
sistently outperforms other models, achieving over 90% bit
accuracy across most settings. This demonstrates WOFA’s
superior robustness against geometric transformations and
effectiveness in handling partial image theft.

Additionally, we evaluate the robustness of our model
against common distortions encountered in digital channels,
and the results are presented in Appendix since the space is

0 10 20 30 40 50 60 70 80 90 100Training Progress(%)50
60
70
80
90

100

Accura
cy(%)

Static Strategy
Progressive Strategy

Figure 6. The training process under two different strategies. The
progressive distortion layer achieves faster and better convergence.

limited. Although these distortions are not the primary fo-
cus of our model, WOFA still performs well across a range
of different distortions, maintaining a high level of extrac-
tion accuracy. Overall, our model proves to be highly effec-
tive in scenarios involving partial image theft and offers a
more reliable solution for digital watermarking in practical
applications.

5.4. Generalizability to Different Datasets
The previous experiments were all conducted on the OPA
dataset. Considering that our model is also trained on the
training set constructed by OPA, in order to verify the gen-
eralization ability of our model, in this section, we evaluate
the model’s generalization performance on various datasets.
In addition to the OPA dataset, we conduct experiments on
the SOIM dataset and our self-constructed matteImageNet
dataset. SOIM is a dataset for image compositing and most
of its images contain only a single object and a simple back-
ground. MatteImageNet is the dataset we built on the ba-
sis of ImageNet, which offers more diverse foreground and
background. The results are shown in Table 6. The results
demonstrate that our model maintains strong performance
across these diverse datasets, highlighting its ability to gen-
eralize effectively to different types of data. This robust-
ness across multiple datasets emphasizes the versatility and
adaptability of our approach, making it a reliable choice for
various real-world applications.

5.5. Ablation Study
Progressive Distortion Layer. During the training process,
we employ a progressive distortion layer that gradually in-
creases the intensity of distortions as training advances. To
demonstrate the benefits of this strategy on convergence, we
performed an ablation study, with the results presented in
Fig.6. As shown in the figure, the progressive strategy en-
ables the network to converge more quickly and ultimately
reach an optimal point with improved performance, which
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Table 4. Bit accuracy rate(BAR,%) under partial masking of different area proportion.

Methods Clean
Partial Masking(%)

0-10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 90-100

HiDDeN 90.51 51.75 55.79 60.54 64.89 69.27 73.45 77.19 78.96 82.73 86.41
DWSF 99.99 49.97 49.85 50.17 51.09 53.61 56.01 61.94 69.60 75.17 77.02
MBRS 100 85.96 99.80 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
PIMoG 99.92 55.54 66.11 73.94 81.19 88.52 92.08 95.78 98.43 99.46 99.86

StegaStamp 98.93 55.18 66.28 75.74 82.40 88.12 91.72 95.23 97.11 98.54 99.16
MuST 99.59 50.03 50.01 49.78 50.62 51.00 50.24 50.80 50.67 50.97 51.65
WOFA 98.39 89.33 94.90 96.42 97.61 98.23 98.55 98.61 98.66 98.62 98.67

Table 5. Bit accuracy rate(BAR,%) under different distortions in Partial Image Theft. (TS refers to translation for 50% side length, RT
refers to rotation for 45◦, SC refers to scaling for ±25%. Mixed 3 refers to the mixed transformations of this three.

Methods Clean Partial
Partial + Translation(%) Partial + Rotation(◦) Partial + Scaling(%) Partial + Mixed 2 Partial +

Mixed 310 25 50 15 30 45 ±10 ±20 ±25 TS + RT TS + SC RT + SC

HiDDeN 90.51 62.47 59.67 58.93 56.99 59.14 56.89 54.20 59.73 59.29 58.91 53.07 55.98 53.97 52.59
DWSF 99.99 55.84 52.97 49.87 49.92 50.21 49.74 49.60 53.30 51.78 51.08 49.84 49.66 49.71 49.91
MBRS 100 94.74 56.19 59.13 52.15 50.43 50.17 49.56 50.27 50.14 49.91 50.73 49.88 49.58 49.24
PIMoG 99.92 74.91 57.72 47.59 51.30 49.31 49.83 50.02 62.58 50.16 49.52 49.47 50.43 50.03 49.96

StegaStamp 98.93 74.48 55.85 49.47 49.83 56.92 50.68 50.04 70.19 61.54 58.36 49.86 49.78 50.07 49.97
MuST 99.59 52.77 50.00 49.98 49.74 49.79 49.73 49.82 49.98 49.99 50.00 49.93 50.15 50.04 50.13
WOFA 98.39 95.92 91.97 93.25 87.93 95.26 94.24 90.63 95.72 95.50 95.02 87.20 91.34 90.74 87.06

Table 6. Bit accuracy rate(BAR,%) of WOFA against Partial Im-
age Theft tested on different datasets

Dataset Clean Partial Partial +
Translation

Partial +
Rotation

Partial +
Scaling

Partial +
Mixed 3

OPA 98.39 95.92 87.93 90.63 95.02 87.06
matteImageNet 94.44 89.78 83.98 83.01 92.91 85.05

SOIM 96.94 90.56 89.99 86.37 94.08 86.52

demonstrates the effectiveness of our design.
Multi-stage Training. In our training process, we em-

ploy a two-stage training strategy rather than an end-to-end
approach. We perform an ablation study to demonstrate
why this multi-stage training strategy is better. Since in
our experiments, the end-to-end training scheme failed to
converge, making it impossible to directly compare conver-
gence speed and final performance. Instead, we present in-
termediate results from the training process in Fig.7. As
shown, the end-to-end approach will collapse early in train-
ing (around 10% of the total training time), leading to
nearly blank outputs and extraction accuracy that stagnates
around 50%. In contrast, our multi-stage strategy steadily
approaches the ground truth and ultimately achieves better
convergence.

6. Conclusion
In this paper, we introduce WOFA (Watermarking One for
All), a robust watermarking scheme designed to combat
partial image theft, a scenario where only a portion of an

End-to-end
8.5%

Ours
8.5%

Ground-truth
8.5%

End-to-end
10.1%

Ours
10.1%

Ground-truth
10.1%

Figure 7. The prediction of noise pattern from different schemes.
The end-to-end scheme usually collapse and fail to convergence at
very early of the training, leading to a nearly blank output.

image is stolen or misused. To address the three main
challenges brought by the scenario: content loss, unknown
backgrounds and geometric transformations, we design a
multi-level structured network and meticulously design a
progressive distortion layer applying various types and in-
tensities of distortions as training progresses, enabling the
network to converge effectively and develop resilience to
partial image theft. Extensive experiments demonstrate that
WOFA outperforms existing watermarking schemes by ef-
fectively addressing the practical challenges posed by par-
tial image theft, offering a reliable solution for digital image
protection in today’s Internet-driven world.
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