
Flexible Partial Screen-shooting Watermarking with
Provable Robustness

Mingyue Chen, Xin Liao, Han Fang, Jinlin Guo, Yanxiang Chen, Xiaoshuai Wu

Abstract—Screen-shooting watermarking is an effective means
of protecting screen content from unauthorized capture and
illegal dissemination. However, existing methods are primarily
designed for full-image capture, making them ineffective for
partial screen-shooting prevalent in real-world scenarios. To
address this limitation, we propose FPSMark, a flexible water-
marking method tailored for partial screen-shooting that embeds
consistent watermarks in multiple uniformly distributed cover
blocks. Specifically, considering that robustness requirements
vary according to the layout of each image, we model the math-
ematical relationship between the watermark block count and
robustness, proving the flexibility of FPSMark in ensuring partial
screen-shooting robustness. Moreover, partial screen-shooting dis-
rupts watermark synchronization, posing challenges for precise
watermark localization. To overcome this, we design an intrinsic
signal localization network optimized with a hybrid loss. The
localization network exploits the inherent distinctions between the
watermark and non-watermark features, while the hybrid loss
constrains the network at three dimensions: pixel-level, region-
level, and sample-level. Experimental results demonstrate the
superiority of FPSMark, showing robust performance across
partial capture percentages. Its extraction accuracy exceeds 98%
even with only half of the image captured, and it achieves 82%
accuracy at a 40% capture ratio, whereas existing methods
achieve only around 50% under the same conditions.

Index Terms—Robust watermarking, partial screen-shooting,
flexibility.

I. INTRODUCTION

D IGITAL watermarking is an important method for copy-
right protection, leak tracing and robust signal processing

[1]–[3]. By embedding invisible identifiers within protected
content, it effectively prevents theft. Malicious users may
utilize digital channels to steal images. Traditional image
watermarking algorithms can achieve traceability in this sce-
nario because they are more concerned about digital channel
distortions (e.g., JPEG compression, Gaussian noise) [4], [5].
However, sophisticated thieves may use portable devices like
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Fig. 1. Process comparison with three modes: entire image encoding (blue
branch), sub-image encoding (green branch), and multi-blocks encoding
(purple branch). The red box in watermarked image highlights the watermark
region, and the camera’s field of view indicates the shooting area. Embedding
the watermark into the entire cover image cannot resist partial screen-shooting
due to the incomplete watermark. Embedding the watermark in sub-image
relies on four reference vertices for localization but fails if any vertex is
missing in the partially captured image. FPSMark divides the cover image
into multiple uniformly distributed blocks and embeds the watermark in each
block, making it inherently resistant to partial capture of varying percentages.

smartphones to capture displayed multimedia content. These
distortions are more complex, involving digital-to-analog and
analog-to-digital conversions, thus challenging the effective-
ness of traditional robust watermarking techniques.

Consequently, many researchers have studied screen-
shooting watermarking [6]–[9]. Screen-shooting distortions
can be categorized into three types: (1) environmental factors,
e.g., brightness and contrast; (2) camera factors, e.g., defocus
blur and compression; and (3) photographer factors, e.g.,
motion blur and geometric distortion. Most existing studies
employ an encoder-noise layer-decoder architecture [8], [10],
[11] to resist these distortions. The encoder and decoder
are responsible for embedding and extracting information,
respectively, while the noise layer aims to simulate the screen-
shooting distortions. Wengrowski et al. [8] introduced a large-
scale dataset of camera-display paired images and designed
a transfer network to learn these distortions. On the other
hand, Fang et al. [11] provided a new insight, suggesting that
focusing on the most influential distortions during training
was effective and more conducive to model convergence.
However, as shown by the blue branch in Fig. 1, these methods
generally rely on capturing entire images, with their robustness
significantly decreasing and approaching random guessing
when only partial images are available (see Table III).

Another solution mode involves embedding the watermark
in a sub-image rather than the entire image and introducing a
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locator to identify the watermarked region before decoding
[12]–[14], as shown by the green branch in Fig. 1. For
instance, He et al. [13] proposed an adaptive amplitude
template-based method to assist in instance-level watermark
synchronization, while Jia et al. [12] used HRNet to locate wa-
termarked sub-image, reducing the time of manually correcting
geometric distortions. However, all these methods require four
reference vertices to locate the watermark region. In practice,
partial capture conditions are uncontrolled and diverse. If key-
points are not captured, it would result in localization errors,
which subsequently lead to decoding failures. Therefore, these
methods are unable to resist partial screen-shooting attacks.

In practical scenarios, partial image capture frequently oc-
curs due to variables such as shooting angles and distances.
Meanwhile, attackers may capture only the portion of the
image they are interested in to evade tracking. Additionally,
copyright protection requirements differ by image layout and
usage context, resulting in different standards for determining
infringement in partial captures. For instance, reproducing
even 50% of an artistic image, such as a painting or illus-
tration, may still constitute copyright infringement, as the
unique value of these works often lies in intricate details. In
contrast, for works depicting public scenes, such as landscape
or architectural photography, the content is relatively common,
and the styles are often similar, requiring a higher reproduction
ratio (e.g., 80% or more) to trigger copyright enforcement.
Therefore, there is an urgent need to develop partial screen-
shooting watermarking methods that adapt to different robust-
ness requirements.

In this paper, we propose a flexible watermarking method
for partial screen-shooting, named FPSMark, as shown in
Fig. 1. By using block-wise processing to embed consistent
watermarks in multiple cover blocks, it is inherently resis-
tant to partial capture. We consider the practical scenarios
where copyright protection requirements vary across different
images. By analyzing the relationship between the number
of watermark blocks and robustness to varying partial cap-
ture percentages, we provide a rigorous mathematical proof
demonstrating the provability of robustness. Dynamically ad-
justing the count of watermark blocks according to specific
requirements provides a flexible protection strategy. It also
effectively mitigates visual degradation from excessive em-
bedding. FPSMark has two training stages. In the first stage,
we apply a block-wise approach to divide the cover image
into multiple blocks and use them to train an encoder-decoder
network, ensuring robustness against distortions caused by
screen-shooting. In the second stage, we utilize the intrinsic
differences between watermark and non-watermark regions,
which are imperceptible to human eyes but detectable by the
network, to train an intrinsic signal localization network. To
obtain watermark region boundaries with high confidence, we
propose a hybrid loss that enhances partial screen-shooting
robustness by optimizing the localization network at multiple
levels. Our contributions are as follows:

1) We propose FPSMark, a flexible screen-shooting wa-
termarking method designed to address the challenge of
partial screen-shooting. It is provably robust to partial
capture with varying percentages.

2) We develop a mathematical model that quantifies the re-
lationship between the number of watermark blocks and
partial screen-shooting robustness, innovatively proving
the flexibility of FPSMark in addressing diverse robust-
ness requirements.

3) We introduce an intrinsic signal localization network
that leverages distinctions between watermark and non-
watermark features. Additionally, we design a hybrid
loss to enhance partial screen-shooting localization ac-
curacy at pixel, region, and sample levels.

4) Extensive experiments demonstrate that our method
exhibits strong robustness against partial capture with
varying shooting distances and angles, while effectively
adapts to various robustness requirements.

The remainder of this paper is organized as follows. Section
II discusses related work. Section III conducts a theoretical
analysis of the relationship between watermark block count
and robustness, formulates their mathematical modeling, and
demonstrates that FPSMark is provably robust. Section IV
describes the proposed network architecture. In Section V, we
present several experimental analyses and training strategies.
Finally, Section VI provides the conclusion of this paper.

II. RELATED WORK

In recent years, robust watermarking techniques have been
extensively studied to resist various types of distortion. In this
section, we first introduce the research on robust watermarking
against common digital distortions and then discuss the robust
watermarking based on screen-shooting distortion.

A. Digital distortion resistant robust watermarking

Digital distortion resistant robust watermarking effectively
mitigates common noise, such as JPEG compression and
blurring. It can be broadly categorized into traditional and
deep learning-based digital watermarking. Traditional digital
watermarking includes spatial and frequency domain tech-
niques. Spatial domain watermarking manipulates image pix-
els by altering their values or distributions [15], with common
algorithms including histogram-based embedding [16] and
template-based embedding [17], [18]. On the other hand, fre-
quency domain watermarking transforms the cover image from
the spatial to the frequency spectrum. It modifies transform co-
efficients to encode watermark information using transforma-
tions such as the Discrete Cosine Transform (DCT) [19], [20],
Discrete Fourier Transform (DFT) [21], and Discrete Wavelet
Transform (DWT) [22]. In addition to classical frequency-
based techniques, a variety of transform domain and hybrid-
domain watermarking methods have been proposed to enhance
robustness. For example, Onn et al. [23] introduced a two-layer
authentication framework based on Integer Wavelet Transform
(IWT) and Singular Value Decomposition (SVD), integrating
robust and fragile watermarking for tamper detection and
copyright protection. Fikri et al. [24] exploited the stability
of IWT-SVD and incorporated human visual characteristics
(HVC) to guide embedding, achieving a balance between
robustness and imperceptibility. Gen et al. [25] embedded
dual watermarks in both DWT and spatial domains to support
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simultaneous copyright authentication and tamper detection.
Ridwan et al. [26] proposed a Schur decomposition-based dual
watermarking scheme with a threshold control mechanism
to balance robustness and visual quality. These traditional
methods perform well against common digital distortions such
as compression and noise. However, they rely on manually
designed features for embedding and extraction, providing
robustness only against specific distortions and lacking gener-
alizability.

With the advancement of deep learning, new perspectives
for watermarking technology have emerged. A series of ex-
emplary deep learning-based digital watermarking techniques
has been developed. For instance, Zhu et al. [27] introduced
Hidden, the first end-to-end training framework, comprising
an encoder, noise layer, and decoder. The encoder embeds
the watermark into the cover image, the noise layer simulates
digital distortions in a differentiable manner, and the decoder
extracts the watermark from the distorted image. To enhance
robustness against JPEG compression, Jia et al. [5] randomly
selected real JPEG and simulated differentiable JPEG for each
mini-batch during training. Ma et al. [28] combined reversible
and non-reversible mechanisms with a non-reversible attention
module to address asymmetric extraction under noise attacks.
Liu et al. [29] proposed TSDL, a two-stage learning architec-
ture, initially training the encoder and decoder without noise,
then fine-tuning the decoder to adapt to black-box distortions.
Wang et al. [30] introduced an adapter to select appropriate
strength factors for each image, thereby improving watermark
invisibility. These methods are primarily designed for digital
transmission scenarios and struggle to handle distortions intro-
duced by screen-shooting, as the distortion types differ signif-
icantly, with screen-shooting distortions being more complex
and challenging to address.

B. Screen-shooting distortion resistant robust watermarking

Screen-shooting distortion is complex, and some researchers
have employed traditional methods to design embedding al-
gorithms that improve watermark invisibility and robustness.
Fang et al. [6] proposed a novel screen shooting resilient
watermarking approach that utilizes an intensity-based scale-
invariant feature transform (SIFT) algorithm to identify suit-
able regions for embedding well-designed watermark tem-
plates. To enhance real-world applicability, Wengrowski et al.
[8] constructed a 1.9 TB camera-display dataset for training
distortion network. However, this method relies on exten-
sive datasets from multiple devices, which limits its ability
to generalize across different devices. Consequently, many
researchers have adopted simulation methods. Tancik et al.
[7] introduced StegaStamp, which decomposes the physical
capturing process into a series of image operations. Following
this, Jia et al. [10] incorporated a 3D rendering module to
more accurately simulate camera imaging distortion. Fu et
al. [31] introduced a recovery network to gradually remove
noise during decoding phase to improve accuracy. Fang et
al. [11] simplified the noise layer by retaining only critical
noises such as perspective distortion, illumination distortion,
moiré distortion, and Gaussian noise. They proposed PIMoG,

which achieves competitive performance. To address grayscale
deviation under different viewpoints, Li et al. [32] modeled
the relative positions of the viewing point and screen plane to
simulate such distortion. However, most of existing methods
require manual localization of the watermark region before
decoding, increasing the complexity of watermark extraction.

To automatically locate the watermark region, Jia et al. [12]
proposed embedding watermark in sub-image and incorporated
a localization network within an end-to-end framework, en-
suring both visual quality and robustness while simplifying
the extraction process. Similarly, Zhu et al. [14] utilized Lite-
HRNet as a localization network to improve training efficiency.
He et al. [13] proposed a template encoding module that
embeds watermarks into image instances, resisting instance-
level screen-shooting attacks. However, the above methods
rely on capturing entire watermarked images, making them
ineffective in partial screen-shooting scenarios and limiting
their applicability.

III. MATHEMATICAL MODELING OF WATERMARK BLOCK
COUNT AND ROBUSTNESS

In practical applications, the robustness requirements of
partial screen-shooting are different. Excessive watermark
blocks can lead to over-embedding and degrade visual quality,
while too few blocks reduce robustness. Therefore, selecting
an appropriate watermark block count is essential to guarantee
specific robustness. In this study, we define the “capture
percentage triggering copyright tracking” as the infringement
threshold. Exceeding this threshold triggers copyright tracking
to identify potential infringement. We develop a mathematical
model to quantify the relationship between watermark block
count and robustness, where robustness is represented by
the infringement threshold, demonstrating that FPSMark is
provably robust.

Entire watermark blocks are crucial for copyright tracking.
In practice, partial screen-shooting robustness is not only re-
lated to the integrity of the watermark block, but also affected
by various distortions, such as noise and JPEG compression.
However, these distortions are difficult to precisely quantify
and analyze mathematically. In addition, the incompleteness
of watermark block has a greater impact on robustness than
other distortions, as the entire watermark block provides
the necessary information for watermark recovery, while an
incomplete watermark block reduces accuracy. Therefore, even
in the presence of other distortions, the integrity of the
watermark block remains the most fundamental condition for
ensuring robustness. Therefore, in this study, we simplify
the assumption by ignoring distortion factors, as long as the
existence of the entire watermark block is guaranteed, it can
be regarded as the FPSMark has robustness.

Therefore, we need to make sure that at least one entire
watermark block is included within the infringement threshold.
To achieve this, we employ reverse thinking to calculate the
maximum capture percentage, which does not include any
entire watermark block. We define the size of the cover image
as n× n and divide it into k × k blocks, with a uniform gap
of g between adjacent blocks and between boundary blocks
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and the image edges. The size of a block is m×m. The gap-
to-block size ratio is t. The following equation expresses the
relationship:

n = km+ (k + 1)tm (1)

As shown in Fig. 2, one edge of the cover image contains k
watermark blocks and k + 1 gaps, where g = tm. From this,
the block size m can be derived as:

m =
n

k(t+ 1) + t
(2)

We assume that the side lengths of the rectangular capture
area are x and y. When both x < m and y < m, the area
is smaller than watermark block size m2, ensuring that no
entire watermark block is captured. To find the maximum area
excluding any entire watermark block, we gradually increase
the capture area’s side lengths. First, x increases to n while
y < m, ensuring no entire watermark block is captured.
When increasing y such that it spans two watermark blocks
without aligning with the block boundaries (i.e., y < 2m+g),
no entire watermark block is captured. Further increases in
y will inevitably cover a entire watermark block. Therefore,
the maximum capture percentage Puncom without any entire
watermark block occurs when one side of the captured area
coincides with the watermarked image edge, while the other
side spans exactly two watermark blocks. It is defined as:

Puncom =
n(2m+ g)

n2
=

(2 + t)m

n
=

2 + t

k(t+ 1) + t
(3)

When the actual capture percentage P ≥ Puncom, it ensures
that at least one entire watermark block will be included,
which proves the robustness of partial screen-shooting. There-
fore, the mathematical model defining the relationship between
the watermark block count and the infringement threshold Pin

is as follows:

Pin ≥
2 + t

k(t+ 1) + t
(4)

Here, t is a hyperparameter. Since m and g are constrained to
integers in different block-wise strategies, t cannot be strictly
fixed. Inspired by [33], we set t to be about 30%, and the
specific value adjusts with the block-wise strategy.

Subsequently, we illustrate the block-wise strategy with an
example. For a 400 × 400 cover image, suppose the user
requires a robustness of 60%, meaning copyright tracking
will be activated when 60% or more of the image is illicitly
captured. According to Eq. 4, the k satisfies k ≥ 2.72, where
k ∈ Z+. We analyze the monotonicity of Pin to k:

∂Pin

∂k
= − (2 + t)(t+ 1)

(k(t+ 1) + t)2
(5)

Since both t and k are greater than 0 (k, t > 0), it follows that
∂Pin

∂k < 0. This indicates that as k increases, the infringement
threshold Pin decreases, leading to higher robustness. How-
ever, increasing k (i.e., embedding watermarks in more cover
blocks) degrades visual quality. Therefore, in this scenario,
k = 3 represents the optimal choice, balancing robustness and

visual quality. Based on this analysis, we proceed to compute
the values of m and g:

400 = 3m+ 4tm

t = g
m ≈ 0.3

m ∈ Z+,m ≡ 0 (mod 2), g ∈ Z+

(6)

Since neural network models typically require the input image
dimensions to be even (e.g., due to the sensitivity of convolu-
tional operations to input sizes), we constrain the parameter m
to satisfy m ≡ 0 (mod 2), ensuring compatibility. Further, we
derive the values of m and g as 96 and 28, respectively. From
Eq. 4, Pin ≥ 55% in this scenario, meaning the watermarking
method is robust against partial screen-shooting when the
capture percentage exceeds 55%.

Through the quantitative analysis of the watermark block
count and infringement threshold, we can determine the wa-
termark block permutation (including the number of blocks,
block size, and gap size) based on the partial screen-shooting
robustness requirements. This demonstrates the flexibility of
our method. Furthermore, based on the number of watermark
blocks, we can calculate the infringement threshold, proving
that FPSMark has provable robustness.

IV. PROPOSED FRAMEWORK

The framework of the proposed FPSMark (illustrated
in Fig. 2) follows the classic encoder-noise layer-decoder
pipeline, which consists of five main parts: encoder Enc, noise
layer N , decoder Dec, discriminator Dis, and localization
network LOC. The training strategy consists of two stages,
following a logical progression where robust watermark em-
bedding is established first to provide reliable features for
subsequent localization. In Stage-1, the watermark encoder
Enc and decoder Dec are trained using block-wise procedure
to ensure robustness against image processing distortions
caused by partial screen-shooting. In Stage-2, the intrinsic
signal localization network LOC is trained to achieve refined
localization. Finally, during inference stage, the models trained
in two stages are integrated, enabling FPSMark to handle
various partial screen-shooting scenarios flexibly.

A. Encoder

Our method aims to embed watermark messages into mul-
tiple blocks of the cover image Io while achieving better
robustness and visual quality. To effectively handle partial
screen-shooting, we select a set of uniformly distributed, non-
overlapping blocks xo from the cover image to embed a
consistent watermark. Meanwhile, a binary template T (with
watermark regions set to 1 and others set to 0) is preserved as a
reference for localization. This encoding is inherently robust to
partial capture, as even if only a part of the image is captured,
it may still have several entire encoded blocks sufficient for
watermark decoding.

The encoding process is performed by the encoder Enc,
which embeds the binary watermark W of length L into
multiple cover blocks. The cover image is an n × n RGB
image, divided into non-overlapping subregions of size m×m.
Our encoder is based on the network architecture from [5],
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Fig. 2. The framework of the proposed FPSMark. It consists of two training stages. In Stage-1, the cover image Io is uniformly split into multiple blocks
of size m×m with a gap of g between the blocks, denoted as xo. The encoder Enc embeds a consistent watermark W into these blocks. The noise layer
simulates partial screen-shooting noise attacks, and the decoder Dec extracts the watermark W

′
from the noisy blocks xn. At the same time, a discriminator

Dis is introduced to improve the visual quality. In Stage-2, the intrinsic signal localization network is trained. A pre-localization module LOCpre identifies
coarse watermark region template Tpre from noisy image In, followed by a refinement module LOCref for precise watermark localization.

[33], with the Squeeze-and-Excitation (SE) module [34] serv-
ing as the basic block. Firstly, the watermark is repeated
and reshaped to m × m, followed by a 3 × 3 convolution,
batch normalization, and ReLU activation (denoted as Con-
vBNReLU) to generate the watermark tensor. Meanwhile,
the image block is processed by ConvBNReLU and the SE
module to obtain the image tensor. Secondly, the watermark
and image tensor are concatenated, followed by a series of
SE modules, upsampling, and downsampling to generate the
watermarked block xw. Throughout this process, intermediate
features from the watermark and image block are repeatedly
concatenated to achieve a trade-off between robustness and
invisibility. Finally, the corresponding image blocks in the
cover image are replaced with watermarked image blocks to
obtain watermarked image Iw.

To ensure that the watermarked image block is similar to
the cover image block, we train the encoder with MSE loss
and LPIPS [35] loss.

Lmse =
∥∥γ(xw)− γ(xo)∥∥2 (7)

Lenc = λ1Lmse + λ2Llpips(xw, xo) (8)

where γ(.) is a differentiable non-parametric mapping function
from RGB to the YUV space, and Llpips denotes the LPIPS
loss widely used for evaluating image quality. The values of
λ1 and λ2 are both set to 2.

B. Noise Layer

Since the screen-shooting process involves complex distor-
tions, we decompose these and design a differentiable noise
layer between the encoder and decoder to simulate the overall

procedure. Handheld camera capture may cause image blur,
which we simulate using Gaussian blur with a kernel size
randomly selected from {3, 5, 7}. When the user captures
an image at an angle that is not parallel to the screen,
the resulting image may exhibit geometric distortions. To
simulate this, we introduce perspective distortion by randomly
perturbing the four corners of the image within 10% of the
original image size. The homography is then computed to
map the original corner positions to their perturbed locations.
In addition, environmental factors such as lighting can also
introduce distortions. We simulate these using the algorithm
from [11]. Given the diversity of camera and screen brands,
variations in color domains are inevitable. Therefore, we
consider brightness, contrast, and saturation distortions, with
their degrees constrained within the range [0.5, 1.5]. Camera
system noise is simulated using Gaussian noise with a mean of
0 and variance ranging from [3, 10]. Spatial frequency aliasing
between the camera sensor pixel array and the screen pixel
array can result in moiré patterns, which we simulate using the
moiré distortion from [11]. When images are stored, they often
undergo JPEG compression, which can introduce artifacts. To
simulate this process, we employ a mixed noise approach
that combines real JPEG compression, simulated JPEG com-
pression, and an identity transformation, as proposed by [5].
Losses during image transmission are modeled with dropout,
where a random proportion of pixels, ranging from [0, 0.3],
from the watermarked image is replaced by the corresponding
pixels from the cover image. Different cameras store images
in various sizes, so before decoding, all images are resized to
a uniform dimension. To account for this, we introduce resize
distortion by randomly scaling the watermarked image by a
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factor in the range [0.5, 2].
Unlike full capture, we also consider cases where the

user captures only part of the image, simulated using crop
distortion. A region with dimensions c1H× c2W is randomly
cropped from the watermarked image. During the training
of the localization network in Stage-2, c1 and c2 are set to
[0.7, 1] to simulate a crop that captures approximately 50%
of the image. Since the distorted image input to the decoder
is cropped from the captured large image after localization,
images with excessive distortion are considered invalid. There-
fore, in Stage-1, c1 and c2 are set to smaller values, within the
range [0.9, 1]. This is the only difference in the noise layers
between the two stages.

By integrating these distortions into the training pipeline, we
ensure that our approach closely aligns with real-world screen
capture scenarios, enhancing its robustness and adaptability to
practical environments.

C. Decoder

The decoder receives the noised image In generated by
the noise layer, aiming to recover the watermark information
W

′
. Inspired by [33], we design our decoder to align with

the encoder, using SE as the core module. The noised image
is processed through ConvBNReLU, three SE modules, and
downsampling operations to extract watermark feature. Fi-
nally, a linear layer ensures that the output dimension matches
the length of the original watermark information. The decoder
is trained using MSE as the loss function.

Ldec =
∥∥W ′ −W

∥∥2 (9)

D. Discriminator

To improve the visual quality of watermarked images,
we introduce adversarial learning during training. Given the
outstanding performance of PatchGAN [36] to generate more
realistic and detailed images, we adopt it as the discriminator
Dis to maximize the probability of accurately distinguishing
between real and generated images. It is optimized by mini-
mizing the following loss:

Ldis = log(1−Dis(Iw)) + log(Dis(Io)) (10)

Meanwhile, the encoder serves as an adversary to the
discriminator, generating images similar to the cover image.
This is achieved by minimizing the following:

Lgen = log(Dis(Iw)) (11)

E. Localization Network

The localization network aims to precisely identify the
position of watermark in captured images and output a binary
template image. Existing methods, such as [12], [14], use
the HRNet [37] keypoints detection network as a locator,
achieving notable performance in localizing watermark sub-
image. However, these methods rely on four reference vertices
and heatmaps, requiring the input image to contain the entire
target region. In partial screen-shooting, where only partial

images are captured, and one or more reference vertices may
be missing, the performance of HRNet degrades significantly.

To tackle this issue and improve localization accuracy, we
explore the intrinsic signal of images for localization. Specif-
ically, by exploiting feature differences between watermarked
and non-watermarked regions, which are imperceptible to
human eyes but detectable by localization network, we design
a localization framework based on U2-Net† [38], termed the
intrinsic signal localization network LOC. Unlike existing
methods, LOC operates independently of four reference ver-
tices, providing a more robust and flexible solution.

As shown in Stage-2, the LOC consists of two cascaded
sub-networks: pre-localization module LOCpre and refine-
ment module LOCref . The LOCpre is based on U2-Net†, a
lightweight variant of U2-Net, designed to capture both global
and local features through multi-level feature extraction and
contextual information fusion. While U2-Net† performs well
in general image segmentation tasks [38], directly applying
it to watermark localization poses two key challenges. First,
geometric noise, such as perspective distortion introduced
by screen-shooting, imposes higher requirements on network
robustness. Second, the high density of watermark blocks
requires more precise boundary localization, exceeding the
demands of general semantic segmentation tasks.

To address these, we introduce the refinement module
LOCref following LOCpre. LOCref refines the predicted
results by learning the residual between the pre-localized
template Tpre and the ground truth (GT), which is generated
by applying the same noise processing to the binary template
T as done on the watermarked image. This residual learn-
ing enables the network to capture features from irregular
boundaries caused by geometric distortions. LOCref employs
a lightweight U-Net architecture [39], incorporating multi-
level feature extraction to enhance both local and global
contextual understanding. The U-Net encoder consists of four
ConvBNReLU modules and pooling layers to extract high-
level features. The bridge layer consists of a 3×3 convolutional
layer, while the decoder restores spatial resolution through
bilinear interpolation and four ConvBNReLU modules, achiev-
ing sharper boundary localization. This design ensures precise
localization of watermark block boundaries.

The implementation details are as follows: the n × n
watermarked image Iw, obtained from the Stage-1, undergoes
noise layer attacks to produce a noisy image In. Concurrently,
the clean template T undergoes similar processing to yield
the noisy template Tn. The noisy image In is then fed
into the localization network LOC. First, the initial sub-
network generates a n × n binary pre-localization template
Tpre. Subsequently, the second sub-network produces a n×n
refinement residual, which is added to Tpre, resulting in the
final refined localization template Tref .

To achieve precise localization, we propose a hybrid loss
function composed of Binary Cross Entropy (BCE) [40], IoU
[41] and Focal loss [42], which provides supervision at pixel,
region, and sample levels, respectively. BCE minimizes pixel-
wise differences between the predicted and GT templates,
while IoU measures their overlap to optimize the overall
region. Focal Loss addresses sample imbalance by assigning
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ProposedSSDS [32] StegaStamp [7] PIMoG [11] RIHOOP [10]Cover image

Fig. 3. The visual quality and details of watermarked images embedded with different methods. A detailed zoom-in of the white rectangular region is provided
in the upper-right corner. Our method demonstrates superior performance, with no visible artifacts or color changes.

Difference × 5:

ProposedSSDS [32] StegaStamp [7] PIMoG [11] RIHOOP [10]Cover image

Fig. 4. Visual examples of watermarked images and watermark residuals.
The first row shows the watermarked images, and the second row displays
the difference, multiplied by 5.

higher weights to hard samples, particularly the boundaries
between watermark and non-watermark regions, encouraging
the model to focus on these areas. The hybrid loss function is
defined as follows:

Lhy = Lbce(Tref , Tn) + Liou(Tref , Tn) + Lfoc(Tref , Tn)
(12)

where Lbce, Liou, Lfoc denote BCE loss, IoU loss and Focal
loss, respectively.

To mitigate overfitting, we refer to HED [43] and apply
direct supervision from the GT template to the final layer in
each decoder stage of U2-Net†. In summary, the loss function

of the localization network is defined as follows:

Lloc =
∑K

k=1αkL
(k)
hy (13)

where L(k)
hy is the Lhy of the k-th side output, K denotes the

total number of the outputs and αk is the weight of each loss.
In our localization network, K = 8, comprising seven outputs
from Lpre and one output from Lref . The loss weight for the
final outputs of LOCpre and LOCref is 1, while that for the
intermediate outputs of LOCpre is 0.25.

Given the complexity of screen-shooting noise, the localized
watermark blocks may not be regular rectangles, necessitating
correction. We apply erosion, a classic morphological opera-
tion, to remove boundary noise and then employ the “findCon-
tours” algorithm from OpenCV to extract the contours of the
watermark blocks. To prevent smaller blocks from degrading
decoding performance, we set a minimum area threshold β
relative to the largest watermark block, retaining only blocks
meeting this condition. Finally, perspective transformation is
performed using the four corner points of each contour.

F. Training Strategy

The model consists of several components, each with dis-
tinct training objectives, which makes joint training difficult to
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TABLE I
THE PSNR AND SSIM VALUES OF EACH METHOD

Methods SSDS [32] StegaStamp [7] PIMoG [11] RIHOOP [10] Proposed

PSNR (db) 33.63 27.60 34.67 31.80 35.54
SSIM 0.963 0.862 0.972 0.925 0.972

TABLE II
THE EXTRACTION ACCURACY FOR PARTIAL IMAGES AT VARIOUS

SHOOTING DISTANCES

Distances (cm) 18 17 16 15 14 13

Percentages 100% 90% 80% 70% 60% 50%

SSDS [32] 99.20% 88.45% 61.14% 60.35% 54.95% 48.30%
StegaStamp [7] 99.35% 97.44% 97.99% 86.84% 63.62% 52.74%

PIMoG [11] 95.86% 98.11% 76.00% 50.67% 48.00% 49.22%
RIHOOP [10] 98.64% 86.26% 58.44% 45.83% 53.85% 54.24%

Proposed 99.91% 99.70% 98.21% 99.05% 96.58% 98.31%

converge. To address this challenge, we draw inspiration from
[29], where fixing certain parameters allows each component
to achieve a local optimal solution. Thus, a two-stage training
strategy is employed: in Stage-1, the encoder and decoder
are trained to achieve a trade-off between visual quality and
robustness; in Stage-2, the encoder is fixed, and the localiza-
tion network is optimized to improve watermark localization
accuracy. This staged training strategy helps the model train
more effectively and tune better.

1) Stage-1: Block-wise Encoder-Decoder Training: In this
stage, we focus on the joint optimization of the encoder,
decoder, and discriminator to ensure that the watermarked
image achieves high visual quality and sufficient robustness.
The total loss function for this stage is defined as follows:

LStage−1 = λencLenc + λdecLdec + λgenLgen (14)

where λenc, λdec and λgen are set to 1, 10 and 0.5, respec-
tively. The optimization objective for the discriminator is to
minimize Ldis.

2) Stage-2: Intrinsic Signal Localization Network Training:
In Stage-2, the pre-trained encoder from Stage-1 is used
to generate watermarked images. As the captured images
contain multiple watermark blocks, the localization network
is employed to accurately identify the watermark regions,
facilitating precise and efficient decoding. At this stage, only
the localization network is trained, with the loss function
defined as follows:

LStage−2 = Lloc (15)

G. Inference Stage

1) Message Fusion: Due to the image embedding mul-
tiple identical watermarks, the captured image may contain
multiple or incomplete watermark blocks, and the complex
noise introduced during screen-shooting can cause variations
between these blocks. Therefore, message fusion is essential
for extracting the final watermark information. We adopt
the message fusion strategy based on information similarity
proposed in [33] to determine the final watermark. Differently,

TABLE III
THE EXTRACTION ACCURACY FOR PARTIAL IMAGES AT VARIOUS

SHOOTING POSITIONS

Positions (cm) Left 10 Left 5 0 Right 5 Right 10

Percentages 40% 70% 100% 70% 40%

SSDS [32] 46.70% 51.90% 99.20% 51.48% 47.63%
StegaStamp [7] 52.43% 53.48% 99.35% 54.01% 51.90%

PIMoG [11] 49.67% 43.67% 95.86% 44.34% 51.04%
RIHOOP [10] 50.97% 50.85% 98.64% 51.11% 49.72%

Proposed 82.55% 99.54% 99.91% 99.23% 83.40%

we prioritize using watermark blocks that are not located at the
boundaries for fusion, as boundary blocks may be incomplete.
If no blocks away from the boundaries are available, fusion is
performed on all blocks.

2) Flexible Application: In practical applications, to ac-
commodate varying requirements for partial screen-shooting
robustness, users first employ the mathematical model to
determine the block strategy, which divides the cover image
Io into multiple image blocks xo. Specifically, the number
of watermark blocks is calculated by Eq. 4, and the size of
each image block is determined by Eq. 6. These are prior
knowledge that remains fixed during inference and can be
easily maintained through metadata. A pre-trained encoder
is then employed to embed the watermark W , producing a
watermarked image Iw. This image may be illicitly captured
during screen display and subsequently transmitted over the
internet. Upon detection, users can authenticate copyright
ownership based on the captured image. The same water-
mark block configuration used during encoding is applied
during decoding, where the suspicious image is manually
cropped into a rectangle to remove irrelevant content and then
processed through our network for localization, correction,
decoding, and message fusion, ultimately extracting the final
watermark information to verify copyright ownership. This
user-customizable block partitioning strategy highlights the
flexibility of our method.

V. EXPERIMENTAL RESULTS

This section first presents the implementation details of the
proposed method. We then conduct a series of experiments to
evaluate the performance of FPSMark in terms of visual qual-
ity and robustness, under both partial and full screen-shooting.
Next, we verify the flexible robustness of the proposed method.
To assess its generalization in digital transmission scenarios,
we evaluate its performance under various digital distortions.
Finally, an ablation study is performed to validate our design.

A. Implementation Details

To train our network, we randomly select 10000 images
from the COCO dataset [44] as our training dataset. For
comparison with previous methods, we use the Mirflickr
database [45], which was utilized in StegaStamp [7], as our
test set. All images are resized to 400×400. The size of each
block is 96 × 96, and the watermark messages are randomly
generated bit strings, each of length 100. This configuration
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TABLE IV
THE EXTRACTION ACCURACY FOR PARTIAL IMAGES AT VARIOUS

SHOOTING ANGLES

Angles (◦) Left 30 Left 20 Left 10 Right 10 Right 20 Right 30

Percentages 40% 60% 80% 80% 60% 40%

SSDS [32] 46.97% 48.83% 61.82% 60.75% 48.35% 46.80%
StegaStamp [7] 50.97% 53.82% 54.55% 53.78% 52.80% 51.22%

PIMoG [11] 45.58% 44.65% 46.25% 45.74% 43.98% 45.19%
RIHOOP [10] 51.70% 51.04% 50.52% 49.42% 49.87% 50.38%

Proposed 74.40% 99.25% 99.88% 99.37% 98.56% 72.58%

TABLE V
THE EXTRACTION ACCURACY AT DIFFERENT SHOOTING DISTANCES

Distance (cm) 20 30 40 50 60

SSDS [32] 99.25% 99.39% 99.65% 99.35% 99.05%
StegaStamp [7] 99.48% 99.70% 99.48% 99.22% 98.19%

PIMoG [11] 98.59% 98.56% 97.40% 97.06% 96.67%
RIHOOP [10] 99.75% 99.80% 99.73% 99.62% 98.29%

Proposed 99.97% 100.00% 99.83% 99.66% 98.23%
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Fig. 5. Captured images and localization performance for partial images at
various shooting positions.

ensures consistency with prior works for fair comparison. The
entire framework is implemented using the PyTorch library
and executed on an NVIDIA RTX 4090 GPU. We use the
AdamW optimizer [46] to minimize the loss function, with
a learning rate of 1e-4. For localization, the minimum area
threshold β is 0.95. In the training Stage-1, we set the batch
size to 32, and in the Stage-2, it is reduced to 8 due to the
larger size of the images to be processed. Each stage is trained
for 300 epochs.

For experiments involving manual shooting, we randomly
select 100 images from the test set. We use three monitors
to display the watermarked image: Lenovo XiaoXin Pro 14,
ENVISION G249G, and AOC 27E12HM. In order to cap-
ture the watermarked image, we select three mobile devices
equipped with cameras: an iPhone 12, a Realme GT7 Pro, and
a SAMSUNG S20FE. To ensure fairness in the experiment,
each mobile device is mounted on a tripod and remotely
operated via Bluetooth to avoid errors due to manual handling.
In this study, we compare our proposed method with four
representative screen-shooting watermarking methods: SSDS
[32], StegaStamp [7], PIMoG [11], and RIHOOP [10]. All
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Fig. 6. Captured images and localization performance for partial images at
various shooting angles.

methods are evaluated for robustness against practical screen-
shooting attacks. The default shooting device is iPhone 12,
and the default display is Lenovo XiaoXin Pro 14. In the
comparative experiments, watermarked images for all methods
are captured under the same conditions.

To evaluate the visual quality of the watermarked images
compared to the cover images, we use standard metrics, Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity Index
Measure (SSIM), as performance indicators. For robustness,
we measure it by bit accuracy, which is the ratio of identical
bits to total bits between input watermark W and output
watermark W

′
. In addition, to evaluate the performance of

the localization network, we use the Intersection over Union
(IoU) as the metric.

B. Visual Quality
In this section, we compare the visual quality of water-

marked image with different methods. As shown in Table I, the
proposed method achieves the highest PSNR of 35.54 dB and
the SSIM of 0.972, demonstrating its competitive performance
compared to other methods.

Additionally, we give qualitative comparison results in Fig.
3, with a detailed zoomed-in view shown in the upper-right
corner. The locally enlarged image reveals that SSDS [32]
and StegaStamp [7] produce noticeable artifacts, whereas our
method preserves superior visual quality. Furthermore, as
illustrated in Fig. 4, our watermark effectively covers the entire
embedding region in the cover image, providing a reference
for subsequent watermark localization.

C. Partial Screen-shooting Robustness
To evaluate the robustness of the proposed method against

partial screen-shooting, we consider three typical scenarios:
First, as the shooting distance decreases, capturing partial
images becomes more likely. Second, when the shooting
position moves parallel to the screen towards the boundary,
only the edge portion of the image is captured. Third, the
deviation in shooting angle may lead to capturing a distorted
partial image.
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TABLE VI
THE EXTRACTION ACCURACY AT DIFFERENT SHOOTING ANGLES

Angles (◦) Left 40 Left 30 Left 20 Left 10 Right 10 Right 20 Right 30 Right 40

SSDS [32] 99.13% 99.15% 99.14% 99.42% 99.35% 99.00% 99.05% 98.50%
StegaStamp [7] 97.88% 98.77% 99.31% 99.45% 99.43% 99.21% 98.70% 97.01%

PIMoG [11] 94.21% 96.35% 97.22% 97.16% 96.81% 96.65% 95.62% 93.89%
RIHOOP [10] 99.10% 99.27% 99.34% 99.31% 99.24% 99.28% 98.54% 98.24%

Proposed 98.02% 99.15% 99.41% 99.50% 99.39% 99.45% 98.43% 97.86%

1) Partial Shooting Test at Various Distances: Due to the
complexity of the partial capture process, it is challenging to
control the capture percentage precisely, but it can still be
approximated. In this scenario, we set the capture region to
1:1 to obtain square images. The entire image is captured
at a shooting distance of 18 cm, which corresponds to a
specific Field of View (FOV) defined by the camera’s optical
parameters. Since the captured image size is proportional to
the shooting distance, we change the distance to capture partial
images at different percentages. For instance, at a shooting
distance of 16 cm, the capture area is approximately 80%
of the full image. The decoding results at different shooting
distances are shown in Table II.

As shown in Table II, our method achieves over 96% accu-
racy with partial shooting percentages exceeding 50%, demon-
strating superior robustness to partial capture. This highlights
the advantages of our block embedding strategy, as well as the
resilience of the localization network and decoder to screen-
shooting noise. In contrast, most comparative methods can
accurately extract the watermark when the partial shooting
percentage exceeds 80%, primarily due to the redundancy
inherent in the embedded watermark. However, when the
capture percentage is reduced to 80%, only StegaStamp [7] and
PIMoG [11] remain effective in extracting watermark infor-
mation. This is because both methods incorporate perspective
transformations in their noise layers, granting them some
degree of resistance to scaling and cropping. Notably, PIMoG
shows weaker robustness to local capture than StegaStamp, as
the perspective transformation in PIMoG is smaller (8 pixels)
than the 40 pixels in StegaStamp. Furthermore, when the
capture distance is reduced to 13 cm, corresponding to a partial
shooting percentage of approximately 50%, all comparative
methods fail to extract the watermark, while our method
achieves an extraction accuracy of 98.31%, demonstrating sig-
nificant robustness to local capture. This further validates the
robustness of our approach, demonstrating its strong potential
for practical implementation in real-world scenarios.

2) Partial Shooting Test at Various Positions: In this sce-
nario, we fix the shooting distance at 18 cm and move the
phone parallel to the screen to capture partial images at
different scales. Since the captured images are rectangular,
the difference in aspect ratio introduces a greater challenge to
the localization network. The decoding results and localization
performance at different shooting positions are shown in Table
III and Fig. 5.

Table III illustrates that our method significantly outper-
forms the comparison methods, with all results exceeding
82%, while the comparison methods are around 50%, nearing
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Fig. 7. Captured images and localization performance at different shooting
distances. The second row shows the locating template images from localiza-
tion network, and the third row displays the visualized localization results.

random guess. This indicates that existing methods are ineffec-
tive under partial shooting. Specifically, when the movement
distance is 10 cm, the local capture percentage is only 40%,
with the captured watermarked image region exhibiting an
aspect ratio of nearly 5:2. Despite this extreme aspect ratio
imbalance, our localization network accurately identifies the
watermark region (see Fig. 5), demonstrating the robustness of
our method against scaling. In summary, our method exhibits
superior accuracy and robustness in handling partial shooting
and extreme aspect ratio imbalances, markedly outperforming
existing comparison methods.

3) Partial Shooting Test at Various Angles: We fix the
shooting distance at 18 cm, positioning the camera at the
center, and adjust the phone’s angle to capture partial images
with perspective distortion. In this scenario, the large image
scaling and geometric transformations introduce a greater
challenge to the robustness of the localization network. The
decoding results and localization performance at different
shooting angles are shown in Table IV and Fig. 6.

As shown in Table IV, our method demonstrates robust
performance across various angular offsets. Compared to other
methods, our method exhibits a significant accuracy advantage,
consistently exceeding 72%. It is evident that as the angular
offset increases, accuracy declines. This decrease is primarily
due to the greater disparity in the aspect ratio of captured
watermarked images at larger angles, which amplifies scaling
differences during network processing and introduces perspec-
tive transformations, thereby presenting significant challenges
to both the localization network and the decoder. As illustrated
in Fig. 6, at a 30◦ offset, localization performance weakens
compared to smaller angles. Nevertheless, our method still
achieves an accuracy of 72.58%, indicating that the intrinsic
signal localization network and hybrid loss function effectively
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Cover image 4×4 Block3×3 Block2×2 Block

Fig. 8. Visual comparison of different application cases. The first column is the cover image, followed by the watermarked image and its corresponding
watermark residual image for each case, where the residual is magnified by a factor of 5.

TABLE VII
THE EXTRACTION ACCURACY WITH DIFFERENT DEVICES

Devices iPhone 12 Realme GT7 Pro SAMSUNG S20FE

Lenovo XiaoXin Pro 14 99.83% 98.20% 99.96%
ENVISION G249G 97.21% 94.34% 100%

AOC 27E12HM 100% 100% 100%

contribute to high precision decoding.

D. Full Screen-shooting Robustness

In this section, we conduct the robustness experiments under
the full-shot perspective, which include variations in distance,
angle, and devices.

1) Distance Test: To evaluate the robustness of full screen-
shooting distortions at various distances, we fix the orientation
of the monitor and adjust the shooting distances to 20 cm,
30 cm, 40 cm, 50 cm, and 60 cm. At these distances, the
entire watermarked image is captured. The captured images are
simply cropped to a rectangle to remove irrelevant information
at the border. Due to the varying resolutions of the captured
images, we resize these images to n×n before inputting them
to the localization network. This process is illustrated in Fig.
7, and the decoding results are presented in Table V.

Quantitative results show that the bit extraction accuracy of
the proposed method consistently exceeds 98%, demonstrating
its robustness under various shooting distances. At a shorter
distance of 20 cm, accuracy is lower than at 30 cm due
to visible moiré patterns in the captured images (as shown
in the third row of Fig. 7), yet the accuracy still reaches
99.97%. All methods perform well, and their differences are
not significant. At the longer distance of 60 cm, RIHOOP [10]
slightly outperforms our method by only 0.06%, a negligible
difference. But in all other distances, our method achieves the
highest bit extraction accuracy.

Fig. 7 shows the captured images and the binary location
template images generated by the localization network. It is
evident that the localization performance at different distances
closely matches the ground truth. To facilitate visualization,
we use the OpenCV polylines library to outline watermark
block borders, clearly presenting the localization results. As

TABLE VIII
THE PSNR AND SSIM VALUES OF DIFFERENT APPLICATION CASES

Cases 2× 2 Block 3× 3 Block 4× 4 Block

PSNR (db) 36.94 35.54 34.02
SSIM 0.970 0.972 0.968

shown, at a shooting distance of 20 cm, moiré patterns are
visible. At different distances, the image color and brightness
obviously change due to multiple complex factors such as
lighting. Despite these distortions, our method demonstrates
remarkable robustness.

2) Angle Test: Capturing images from various angles is
common in practice, often leading to perspective distortion.
To evaluate the robustness of our method in such complex
scenarios, we display the watermarked images on the screen
and use a mobile phone to capture them at different angles
while the shooting distance is fixed at 40 cm. The shooting
angle ranges from left 40◦ to right 40◦, with the interval of
10◦. The extraction results are presented in Table VI.

As shown in Table VI, our method achieves an extraction
accuracy greater than 97% at all shooting angles. These results
demonstrate that FPSMark is suitable for real-world screen-
shooting scenarios, as shooting at more than 40◦ is too narrow
to effectively capture the screen content. As the shooting angle
increases, the degree of perspective distortion becomes more
pronounced, resulting in a reduction in accuracy. Compared
to other methods, our method performs better within the
range of 0◦ to 20◦. However, at larger angles, our method
exhibits slightly lower performance compared to SSDS [32]
and RIHOOP [10], likely due to SSDS’s grayscale deviation
simulation and RIHOOP’s 3D rendering operations, which
contribute to their improved decoding accuracy. Notably, un-
like the compared methods, our extraction process avoids
manually locating the accurate vertices of the encoded image
and has a certain level of automatic localization capability.

3) Device Test: Various display screens have distinct res-
olutions, optoelectronic conversion components, and display
technologies, while different capturing cameras employ di-
verse sensor types, resolutions, and image processing algo-
rithms. These differences can introduce various distortions,
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(a) Random Crop (b) JPEG Compression (c) Resize

(a) Perspective Transformation (b) Gaussian Blur (c) Gaussian Noise

Fig. 9. Bit Accuracy of watermark decoding under various digital distortions, including crop, JPEG compression, resize, perspective transformation, Gaussian
blur, and Gaussian noise. Our method consistently achieves higher accuracy, particularly under random crop.

TABLE IX
THE EXTRACTION ACCURACY FOR PARTIAL IMAGES OF THREE CASES

Distance (cm) 24 20 16 12

Percentages 100% 88% 67% 44%

2× 2 Block 99.69% 97.90% 60.39% 87.32%
3× 3 Block 99.89% 99.36% 98.15% 91.49%
4× 4 Block 99.76% 98.58% 94.10% 98.85%

artifacts, and perceptual discrepancies during image capture,
potentially affecting the robustness of the method. To evaluate
the generalization capability of our method across different
display and capturing devices, we use three screens (Lenovo
XiaoXin Pro 14, ENVISION G249G, and AOC 27E12HM) to
present watermarked images, and three mobile phones (iPhone
12, Realme GT7 Pro, and SAMSUNG S20FE) to capture the
images. The capture distance is fixed at 40 cm, and consistent
lighting conditions are maintained to minimize environmental
influences on the results.

As shown in Table VII, our method achieves high extraction
accuracy (over 94%) for all device pairs. This result not only
demonstrates the excellent adaptability and generalizability of
our method across different devices but also highlights its
superiority in handling distortions and artifacts caused by de-
vice differences. Particularly, even with significant differences
in device configurations, the method maintains robust perfor-
mance, significantly improving watermark extraction accuracy,
and exhibits broad potential for application.

TABLE X
THE ABLATION RESULTS OF THE LOCALIZATION NETWORK

LOCpre LOCref
2× 2 Block 3× 3 Block 4× 4 Block

IoU bit acc IoU bit acc IoU bit acc
√

× 0.9144 99.56% 0.9272 99.90% 0.8926 99.58%
×

√
0.8533 74.55% 0.9081 97.76% 0.7927 86.76%√ √
0.9263 99.69% 0.9373 99.98% 0.9097 99.76%

E. Flexibility Evaluation

To validate the flexibility of FPSMark in meeting specific
robustness requirements, we detailed three application cases.
As discussed in Section III, for a 400 × 400 image to be
protected, Case 1 utilizes a uniform 2 × 2 block embedding
strategy, the block size is 128, the gap is 48, ensuring that when
the capture percentage exceeds 76%, an entire watermark
block is inevitably captured for copyright tracking. Case 2
employs a uniform 3×3 watermark block embedding strategy,
with the mathematical model determining the infringement
threshold to be 55%. Case 3 adopts a uniform 4 × 4 block
strategy, enabling effective copyright authentication when the
local capture percentage surpasses 41%. In this case, the
block size is 70, and the gap is 24. Notably, our model is
trained exclusively on 3 × 3 block. Inspired by the resolu-
tion scaling algorithm in [47], we generate residual artifacts
through bilinear interpolation and overlay them onto the cover
image block with different resolutions. During decoding, the
watermarked image block is resized to 96 × 96 and fed into
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TABLE XI
THE ABLATION RESULTS OF THE HYBRID LOSS

BCE Loss IoU Loss Focal Loss 2× 2 Block 3× 3 Block 4× 4 Block

IoU bit acc IoU bit acc IoU bit acc
√

× × 0.8964 98.96% 0.8989 99.84% 0.8463 98.25%
×

√
× 0.8949 98.87% 0.8971 99.83% 0.8429 97.97%

× ×
√

0.8970 99.03% 0.8996 99.87% 0.8477 98.36%√ √
× 0.8976 99.17% 0.8999 99.87% 0.8585 98.82%√

×
√

0.9137 99.43% 0.9286 99.95% 0.8898 99.31%
×

√ √
0.8990 99.36% 0.9265 99.94% 0.8785 99.18%√ √ √
0.9263 99.69% 0.9373 99.98% 0.9097 99.76%

the decoder to extract the watermark. This approach not only
validates the flexibility of our method but also demonstrates
its generalization to images with different resolutions.

1) Visual Quality of Different Application Cases: In Table
VIII, we present the PSNR and SSIM values for three different
watermarking cases. Overall, as the number of watermark
blocks increases, the watermark signal density rises, resulting
in a corresponding decrease in PSNR values. Additionally,
Fig. 8 provides a visual example of the watermarked image
along with its corresponding residual, amplified by a factor of
five. It is clearly observable that Case 3, with 16 watermark
blocks, produces residual signals that are more pronounced
than those of the other two cases, resulting in a slight reduction
in visual quality. However, the visual quality of all three
cases remains satisfactory. Therefore, when addressing specific
partial screen-shooting robustness requirements, it is feasible
to select an appropriate watermark embedding scheme by
considering both robustness and visual quality. This approach
ensures robustness while preventing excessive embedding that
could compromise visual quality.

2) Partial Screen-shooting Robustness of Different Appli-
cation Cases: To evaluate the robustness of three application
cases against partial screen-shooting, we adjust the camera
aspect ratio to 16:9. At a distance of 24 cm from the screen,
the image is fully captured, with its width exactly filling
the screen. By reducing the distance to obtain partial images
with different capture percentages, Table IX illustrates the
extraction accuracy of the three cases. In full-capture, all
three cases achieve accuracy rates exceeding 99%, with no
significant differences observed. When the distance is reduced
to 20 cm, the partial capture percentage is approximately 88%.
At this distance, all cases successfully captured the entire
watermark block with high bit accuracy, demonstrating strong
robustness to partial capture.

Further reducing the distance to 16 cm results in a capture
percentage of about 67%. According to our proposed mathe-
matical model of watermark block count and robustness, Case
1 may fail under this condition, as the captured image may not
contain an entire watermark block. In Case 1, no entire water-
mark block is captured, and scaling distortion occurs during
decoding, resulting in an accuracy of only 60.39%, indicating
poor robustness. In contrast, entire watermark blocks are cap-
tured in Case 2 and Case 3, with slight accuracy degradation
due to moiré patterns, but they maintain high robustness. When
the distance is further reduced to 12 cm, the partial capture

percentage drops to 44%, below the infringement threshold of
55% for Case 2, indicating that Case 2 may fail under this
condition. To verify this, we shift the camera approximately
2 cm to the left, causing no entire watermark block to be
captured in Case 2. Table IX illustrates that the accuracy of
Case 2 decreased to 91.49%, representing only a minor decline
compared to other distances. This minimal reduction can be
attributed to two main factors: firstly, the watermark block lost
very few pixels, and the decoder has a certain tolerance to
cropping; secondly, the decoder is trained on 96× 96 images,
which minimizes scaling distortion of the watermark block.
Additionally, in Case 1, our method captures nearly the entire
watermark block, despite significant aspect ratio differences,
with an accuracy of 87.32%, demonstrating some robustness.
In contrast, Case 3 maintained an accuracy exceeding 98%,
exhibiting superior overall robustness compared to Case 1 and
Case 2.

In conclusion, when the partial capture percentage falls
below the infringement threshold, robustness is not necessarily
lost, and the actual capture position must be considered. Our
proposed mathematical model, based on the worst-case capture
scenario, ensures robustness under any capture position. In
practical applications, the embedding scheme can be selected
based on robustness and visual quality.

F. Digital Distortion Robustness

An excellent watermark framework resistant to screen-
shooting should maintain robustness against digital distortions.
To assess this, we comprehensively evaluate it under common
digital distortions. These include random cropping, JPEG
compression, resizing, perspective transformation, Gaussian
blur, and Gaussian noise, each applied with varying intensity
levels.

As shown in Fig. 9, our method consistently achieves high
decoding accuracy under all distortion types, with results
remaining above 99% in most cases. In particular, under the
challenging random crop scenario where up to 50% of the
image is cropped, our method still maintains an accuracy
above 95%. In contrast, the benchmark methods drop to
around 50%, which is close to random guessing, indicating
a loss of robustness. Furthermore, in the case of perspective
transformation with a 50-pixel offset, our method achieves
the highest accuracy among all compared methods. This clear
advantage demonstrates that our method possesses unique
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robustness under digital distortion scenarios, which lays a solid
foundation for its effectiveness in the screen-shooting scenario.

G. Ablation Study

In this section, we evaluate the fundamental design of
the proposed method through ablation studies, particularly
focusing on the intrinsic signal localization network LOC and
the hybrid loss function.

1) The Effect of the LOC: We validate the effect of the
proposed LOC. Table X quantitatively presents the localiza-
tion performance and decoding accuracy. The results indicate
that the combination of LOCpre and LOCref performed
best. The refinement module LOCref effectively optimizes
the residuals of the localization template, refining boundaries
within densely packed watermark blocks, thereby enhancing
robustness, particularly in the case of 4× 4 block.

2) The Effect of the hybrid loss: To validate the effec-
tiveness of the proposed hybrid loss, we conduct a series of
experiments using different loss functions. We examine various
combinations of BCE, IoU, and Focal loss, as shown in Table
XI. The results indicate that Focal Loss plays a significant
role when a single loss is employed. Furthermore, combining
of two losses outperforms individual loss functions, while
integrating of all three losses achieves the highest performance.
Overall, the performance differences are most pronounced in
the case of 4×4 block. This suggests that imposing constraints
at the pixel, region, and sample levels effectively enables
the localization network to distinguish between watermark
and non-watermark features within densely packed watermark
blocks, thereby enhancing robustness.

VI. CONCLUSION AND FUTURE WORK

In this paper, considering the prevalence of partial screen-
shooting in real-world scenarios and the various robustness
requirements, we propose FPSMark, which could enhance
resistance to partial screen-shooting by embedding watermarks
in multiple non-overlapping blocks within the image. By mod-
eling the relationship between the number of watermark blocks
and partial screen-shooting robustness, we provide the flexibil-
ity of our method. To achieve precise localization, we propose
an intrinsic signal localization network that distinguishes be-
tween watermark and non-watermark features. Additionally,
we design a hybrid loss function that constrains the localiza-
tion network at the pixel, region, and sample levels, increasing
the precision of watermark boundary localization and robust-
ness of decoding. We also present various application cases
tailored to different robustness requirements, demonstrating
the flexibility of our method. Extensive experiments indicate
that FPSMark provides excellent robustness and flexibility in
partial screen-shooting, with promising applications in digital
copyright protection and multimedia forensics.

Although FPSMark achieves strong robustness and flexi-
bility, it has several limitations. First, the method is object-
agnostic, focusing on uniform spatial block distribution with-
out considering semantic saliency. As a result, partial captures
of small, prominent objects may not contain complete wa-
termark blocks, leading to degraded decoding performance.

Second, the model is designed for fixed-size images. Although
resizing enables broader applicability, applying the model
to high-resolution images may result in significant loss of
watermark details due to aggressive downscaling. Future work
will aim to address these limitations to enhance adaptability
and robustness in more diverse and practical scenarios.
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