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Abstract

Watermarking as a traceable authentication technology has
been widely applied in image copyright protection. How-
ever, most existing watermarking methods embed water-
marks by adding irremovable perturbations to the cover
image, causing permanent distortion. To address this is-
sue, we propose a novel watermarking approach termed
Cover-Recoverable WaterMark (CRMark). CRMark can
losslessly recover the cover image and watermark in loss-
less channels and enables robust watermark extraction in
lossy channels. CRMark leverages an integer Invertible
Watermarking Network (ilWN) to achieve a lossless invert-
ible mapping between the cover-image-watermark pair and
the stego image. During the training phase, CRMark em-
ploys an encoder-noise-layer-decoder architecture to en-
hance its robustness against distortions. In the inference
phase, CRMark first maps the cover-image-watermark pair
into an overflowed stego image and a latent variable. Sub-
sequently, the overflowed pixels and the latent variable are
losslessly compressed into an auxiliary bitstream, which
is then embedded into the clipped stego image using re-
versible data hiding. During extraction, in lossy channels,
the noised stego image can directly undergo inverse map-
ping via ilWN to extract the watermark. In lossless chan-
nels, the latent variable and overflowed stego image are first
recovered using reversible data hiding, followed by water-
mark extraction through iIWN. Extensive experimental re-
sults demonstrate that CRMark can be perfectly recovered
in lossless channels while remaining robust to common dis-
tortions. Code is available at

1. Introduction

With the rapid growth of digital content and internet tech-
nology, copyright protection issues have become increas-
ingly significant. Digital watermarking embeds identifying
information into media to verify authenticity and owner-
ship, supporting secure digital content transmission [28].

*Corresponding author.

Most robust image watermarking methods introduce
non-erasable perturbations to the cover image, resulting in
irreversible damage. To address this, robust reversible wa-
termarking (RRW) was born. Unlike watermark removal
methods [41], RRW can perfectly recover the cover im-
age in lossless channels and robustly watermark extraction
in lossy channels. This enables RRW to detect arbitrary
attacks, making it especially suitable for applications re-
quiring both data integrity and copyright verification [31].
Currently, most RRW methods predominantly adopt a two-
stage embedding strategy. For the first stage, the watermark
bits are embedded into a cover image using a traditional ro-
bust watermarking method. For the second stage, to ensure
reversibility, the auxiliary bitstream required for recovery
of the cover image is embedded into the stego image us-
ing reversible data hiding [26]. This ensures the functional
integration between robustness and reversibility. However,
existing two-stage RRW methods often demand complex
designs and significant computational time to balance ro-
bustness, reversibility, and capacity effectively.

In recent years, invertible neural networks (INNs) have
emerged as a pivotal approach in robust image watermark-
ing [11] and steganography [25], leveraging their unique
capacity for invertible mapping between the cover and
stego images, showing them highly effective for data hid-
ing tasks. However, most INN-based methods are based
on real-valued flows [9]. This leads to a problem: despite
the cover image being discrete data. the stego image from
INNSs is real-valued and requires quantization to match dis-
crete pixel values for storage. This quantization process in-
evitably causes information loss that hampers the perfect
recovery of the original cover image upon inverse mapping.
Thus, quantization-induced irreversibility limits the practi-
cal utility of INNSs in robust reversible watermarking.

To tackle this challenge, a key question arises: Can in-
vertible neural networks be applied to achieve reversible
watermarking? The answer is affirmative. To establish
an invertible mapping between the cover-image-watermark
pair and stego image, we propose a novel two-stage wa-
termarking method termed Cover-Recoverable WaterMark
(CRMark), as shown in Fig. We develop an integer
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Figure 1. Overview of the proposed CRMark. CRMark employs a two-stage embedding approach similar to traditional robust reversible
watermarking. In the first stage, a robust watermark is embedded using an integer invertible watermarking network. In the second stage,
auxiliary information bits are integrated into the clipped stego image via reversible data hiding.

Invertible Watermark Network (iIWN) to ensure lossless
mapping between the cover-image-watermark pair and the
stego image. This innovative design not only guarantees
reversibility but also effectively mitigates the irreversibility
issues commonly associated with quantization, offering a
reliable solution for applications requiring both robustness
and lossless recovery.

In the proposed CRMark framework, the first stage in-
volves mapping the cover image-watermark pair to an over-
flowed stego image and a latent variable using the iITWN.
However, this stage presents two challenges: 1) the poten-
tial under/overflow of pixel values in the overflowed stego
image; 2) the lossless storage of the latent variable. To
tackle these issues, we introduce an under/overflow penalty
loss during training to constrain the pixel values within the
range of [0, 255] as far as possible. In the second stage, we
utilize arithmetic coding [35] to encode the latent variable
and under/overflowed pixels into an auxiliary bitstream. Fi-
nally, this auxiliary bitstream is embedded into the clipped
overflowed stego image using reversible data hiding, ensur-
ing lossless recovery.

2. Related Works

Robust Reversible Watermarking: Reversible Data Hid-
ing (RDH) refers to watermarking schemes that can loss-
lessly recover the cover images and watermarks in a loss-
less channel. Early research primarily focused on embed-
ding watermarks in the spatial domain, with classic meth-
ods such as Difference Expansion (DE) [32] and Histogram
Shifting (HS) [26]. However, to address more complex
lossy channels, robust reversible watermarking (RRW) is
proposed. These approaches not only allow for the recovery
of the cover image and extraction of the watermark in loss-
less channels but also ensure robust watermark extraction
in lossy channels. Unlike traditional robust watermarking
methods, RRW must balance both reversibility and robust-
ness, presenting higher design challenges.

Mainstream RRW schemes primarily include histogram-
shifting (HS) methods and two-stage embedding strategies.
HS-based RRW schemes embed the watermark within ro-
bust features using histogram shifting [3, 7, 12, 16, 23, 27,

]. The two-stage embedding strategy firstly embeds the

watermark bits into the cover image using robust water-
marking, followed by embedding auxiliary information into
the stego image via RDH. This approach effectively resists
common attacks such as JPEG compression and geomet-
ric distortions while balancing robustness and reversibility
[6,17,21,30,31, 33, 34]. However, both HS and two-stage
embedding schemes involve relatively complex designs.

In addition, several RRW methods based on deep learn-
ing models have been introduced [18, 24]. These models
are typically trained within an encoder-noise layer-decoder
framework, where watermark bits are robustly embedded
using a CNN-based watermarking approach in the first
stage. Due to the irreversibility of CNN-based models, in
the second stage. The residual between the stego and cover
images is treated as auxiliary information and embedded
into the stego image to achieve reversibility. While CNN-
based models enhance robustness to various distortions, this
approach introduces a significant challenge related to the
limited capacity of RDH in the second stage.

Real-Valued Flow-Based Data Hiding: Normalizing
Flows offer a useful approach for density estimation and
generative modeling, as illustrated by methods such as Re-
alINVP [9], Glow [20], and NICE [8]. A primary advan-
tage of flow-based models is their use of coupling layers [8],
which enable invertible mappings between complex distri-
butions and more tractable ones. The dual-input structure of
these coupling layers makes flow-based models particularly
effective for watermark embedding and extraction tasks [ I,

, 25, 36]. Despite the theoretical invertibility and promis-
ing results of normalizing flows in watermarking, existing
flow-based watermarking approaches primarily depend on
real-valued operations. Consequently, while cover images
fed into the models are discrete, integer-valued data, the
outputs are real-valued. Converting these outputs to dis-
crete pixel values in digital image processing requires quan-
tization, which can lead to information loss and compro-
mise the recovery of the cover image. Recent studies have
minimized the difference between the cover image and the
stego image in real-valued flow-based steganography [22],
but fully avoiding quantization-induced loss and achieving
exact recovery remains challenging.
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Integer Discrete Flows: Integer Discrete Flows (IDFs)
[14] have been specifically designed to model discrete data
effectively. These models adopt integer operations to keep
data integer-valued in forward and reverse mappings and
fully prevent quantization-induced information loss. Un-
like real-valued flow models, IDFs ensure that inputs and
outputs remain in integer form by employing integer dis-
crete coupling layers throughout the process. This approach
preserves data discreteness by carefully quantizing the net-
work outputs to eliminate any quantization-induced infor-
mation loss. In recent years, IDFs have garnered substan-
tial attention in fields such as lossless data compression
[5, 13, 14, 39, 40], generative modeling [15], achieving re-
markable results in handling diverse discrete data types effi-
ciently. In reversible data hiding tasks, IDFs naturally meet
the requirements due to their lack of quantization error, in-
herent reversibility, and adaptability, showing great poten-
tial for practical applications.

3. Proposed Method

This section describes the proposed CRMark method in
three parts. The first part introduces the ilWN, composed
of integer coupling layers that enable invertible mappings
of discrete data distributions. The second part outlines the
CRMark training framework. As shown in Fig. 2, CRMark
adopts an encoder-noise layer-decoder training framework
similar to other deep learning-based robust watermarking
method [ 1 1] and achieves enhanced distortion resistance via
a differentiable noise layer. The third part details the CR-
Mark inference process, illustrated in Fig. 3, which follows
the common approach of traditional two-stage RRWs.

3.1. Integer Invertible Watermark Network

A flow-based invertible network can be regarded as an in-
vertible function composed of L coupling layers as shown
in Fig. 2, denoted as Fy = G} 0 GZ o --- o G, with its
inverse function F, ! sharing the same parameters 6. This
coupling layer has become a fundamental building block for
constructing such invertible functions and has been widely
applied in image generation, etc. Due to the dual-input of
coupling layers, they are particularly well-suited for water-
marking tasks and have been extensively utilized in image
steganography tasks.

In previous watermarking tasks [11], both the encoder
and decoder were carefully modeled as an invertible func-
tion Fy(-), with the embedding and extraction processes
corresponding to the forward and inverse mapping of this
function, respectively. Let Ly, € {0,1,...,255}H>WxC
represent the original cover image, and w € {0,1}M de-
note the watermark bits. The embedding process can be
expressed as [Lgego, 2] = Fo([Lorg, W]), while the extrac-
tion process can be accurately formulated as [, W] =

Fy Y([Tiee, 2]), where Ioc, W signify the reconstructed im-
age and extracted watermark bits, respectively.

It is noteworthy that in previous flow-based watermark-
ing methods [! 1], despite the input being integer discrete
data, the output of the function is real-valued, i.e., Lsego, 2 €
R. To achieve lossless inverse mapping, no information loss
is permissible. However, images often need to be quantized
during storage, leading to information loss and hampering
lossless inverse mapping. One possible solution is to encode
the real-valued parts of the outputs into a bitstream and em-
bed them in the stego image using RDH, but this poses sig-
nificant challenges for reversible data hiding capacity. Con-
sequently, invertible mapping data in the integer domain is
a possible feasible solution. To this end, we designed the
iIWN to handle discrete data distributions, thereby avoid-
ing information loss caused by quantization.

Integer Coupling Layer: As depicted in Fig. 2, ilWN
consisted of L integer coupling layers. For the ¢-th integer
discrete coupling layer, assuming the outputs of the previ-
ous layer are r; and r?, the forward mapping of the integer
discrete coupling layer can be represented as:

s; =r; + [Ui(r])],
s; =17 © [exp(0(Si(s))))] + [Qi(s)],

where ©® denotes element-wise multiplication, o(-) is the
sigmoid function, and | -] represents the rounding operation.
In contrast, the inverse mapping is given by:

rf = (s7 — [Qi(si)]) @ [exp(a(Si(s)))],
r =s; — [Ui(r])],

&)

2

where @ represents element-wise division, s} and s? are
the outputs of the i-th layer. It is important to highlight
that due to the dimensional discrepancy between I, and w,
Q;(-) typically serves as a down-sampling transformation,
whereas U; (-) generally acts as an up-sampling transforma-
tion and the network architecture described in Appendix
Additionally, the rounding operators in Eqns. (1) and (2) en-
sure that the model can invertibly map discrete data distribu-
tions. However, the rounding operator has a zero gradient in
R, hindering network parameter updates during backpropa-
gation. To overcome this challenge, we adopt the Straight-
Through Estimator [4]. Given y = [x], the gradient with
respect to x is approximated as Vx|x| ~ I, which can be
implemented as:

y = X+ stop_gradient(|x] — x). 3)

This effectively solves the gradient vanishing due to the
rounding operator, enabling the effective updating of pa-
rameters. Furthermore, we adopt the stochastic round for
training. As shown in Fig. 2, The quantized outputs are
added with a uniformly distributed noise as y = x +
stop_gradient(|x]|—x)+u, where u ~ U(—0.5,0.5).
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Figure 2. Overview of the training framework for the proposed CRMark. CRMark adopts the encoder-noise layer-decoder training
structure common to other deep learning-based watermarking methods. Unlike traditional robust reversible watermarking approaches,

CRMark enhances robustness against various distortions by learning.

3.2. Training

As shown in Fig. 2, CRMark employs the encoder-noise
layer-decoder training framework: in the forward mapping,
the cover image I, and watermark w are mapped through
Fp to obtain an overflowed stego image Ij.,, and a latent
variable z as [Igtego,z] = Fo([Lorg, W]). Then, I{.,, un-
dergoes distortion through a noise layer A/(-), resulting in
Loised = N (I;ego). In the reverse mapping, Iieq and a
latent variable z sampled from a Gaussian distribution are
used with the inverse mapping F, ! to extract the water-
mark bits as [Irec, W| = F 1([In0ised, z)|, where I, is the
recovered cover image.

Differentiable Noise Layer: The differentiable noise
layer includes six common distortions: JPEG compression,
Gaussian blur, Gaussian noise, salt-and-pepper noise, me-
dian filtering, and dropout. During training, one distortion
is randomly selected each time the noise layer is invoked.

Loss Functions: The CRMark loss function consists of
forward and reverse losses. The forward loss incorporates
image loss, expressed as:

L = MSE(I;,

stego?

Iorg)7 Ll = LPIPS(I:tegoa Iorg)a (4)

where LPIPS(-) denotes the Learned Perceptual Image
Patch Similarity [38]. Additionally, the regularization loss
for the latent variable z is given by:

L. = MSE(z,0). (5)

To address potential pixel overflow in I{.g,,

an under/overflow penalty loss, defined as:

we introduce

L, = MSE(I;'tegO, 0) + MSE(I;tegO, 0), (6)
where I{.,, = relu(Ige,, — 255) and Ij,, = relu(0 —
Igeeo)- Here, relu(:) finds pixel values outside the range

[0,255]. In reverse mapping, the primary objective is to

improve the extraction accuracy of the watermark. The wa-
termark loss function is defined as follows:

Ly = MSE(w, w), )

where W denotes the extracted watermark and w represents
the original watermark. Finally, the combined loss function
is as follows:

L=X- L+ N-Li+X- Lo+ Lp+ A Ly, (8)

where A, A\;, Az, Ay, and A, are the weighting coefficients
that control the contribution of each loss functions. These
coefficients ensure a balanced optimization process by ad-
justing the relative influence of each loss function.

3.3. Inference

The inference process of CRMark consists of two main
parts. The first part focuses on cover-recoverable embed-
ding for the watermark. The second part addresses the re-
covery of the cover image in a lossless channel and robust
extraction in a lossy channel. The details are as follows.
Cover-Recoverable Embedding: As shown in Fig.
, the embedding process follows a similar procedure to
the training stage, i.e., [Ijce,2] = F([lorg, w]). Then,
two key challenges must be addressed: 1) managing un-
der/overflowed pixels in the stego image and 2) losslessly
encoding the latent variable. To tackle these issues, the un-
der/overflow map is encoded into a bitstream and defined as
follows:

Lego(d, 4, €) — 255, if g, (1,4, ¢) > 255
O(i, j,c) = O_I(s)tego(iajv c), if Igtego(ivja ) <0
0, otherwise

€))
This under/overflow map O records only pixel values ex-
ceeding the [0, 255] range, with all other values set to zero.
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Figure 3. Overview of the inference framework for CRMark. CRMark employs a two-stage embedding strategy. In the first stage, the
cover image-watermark pair is forward-mapped into an overflowed stego image and latent variables through an integer invertible watermark
network. In the second stage, auxiliary bitstreams are embedded into the clipped stego image using reversible data hiding.

Subsequently, the under/overflowed stego image Ij,, is
clipped to fit within the valid range [0,255] as Ly, =
c1ip(Igegos 0, 255), and Iy, will be used to store auxiliary
information in the next stage. The resulting under/overflow
map O and latent variable z are compressed into a bitstream
using arithmetic coding [35], then embedded into I to ob-
tain the stego image Iego by RDH.

Cover Recovery and Robust Extraction: Cover recov-
ery and robust extraction are performed through different
channels. In lossy channels, the main goal is to perform
robust extraction. For a noised stego image I, iseq, the wa-
termark is extracted using inverse mapping, as expressed
by:

[IreCa VAV] = ]:971 ([Inoisedv i])a

where Z is a latent variable sampled from a Gaussian distri-
bution. In lossless channels, our primary goal is to recover
the cover image and the watermark perfectly. First, we ex-
tract the auxiliary information from the stego image Lgego
using RDH, and we can obtain the clipped stego image L;p.
Then, we decode auxiliary information by arithmetic code
to recover the overflow map O and latent variable z. Subse-
quently, the overflowed stego image Ij.,, is reconstructed
as:

I

where the masks I2°5 and I

= Laip + 100, ©O0 — I3 © O,

0
mas

1, ifO(i,4,¢) >0,
0, otherwise,

0
stego

.. are defined as:

P51, ¢) = {

1, ifO(i,5,¢) <0,
0, otherwise.

I&ask(i>j7 C) = {

Finally, the original cover image and watermark can
be recovered through inverse mapping, ie., [Lyg, W] =
F ! ([Iegor 2]). This process can reliably ensure the loss-
less recovery of both the original cover image and the em-

bedded watermark with complete fidelity.

4. Experiments

4.1. Experimental Setup

In our experiments, the training dataset is DIVK [10]. The
test datasets include the classical USC-SIPI [1] and Ko-
dak24 [2]. The experimental framework is implemented
in PyTorch and runs on an NVIDIA 4090 Ti GPU. The
model is optimized using the AdamW optimizer with a
batch size of 8, a learning rate of v = 1074, 5, = 0.5,
and B2 = 0.999. The number of coupling layers is set to
L = 5. To achieve lossless compression and auxiliary bit-
stream embedding, we employ arithmetic coding [35] and
classical PEE [29]. More training details in Appendix

To evaluate the proposed method, we compare it with
two categories of approaches. The first category in-
cludes state-of-the-art (SOTA) reversible robust watermark-
ing (RRW) methods, such as STDM [31] and PZM [30].
The second category consists of learning-based irreversible
robust image watermarking (IRW) methods, including
the real-valued flow-based robust watermarking method
FIN [11], the CNN-based robust image watermarking
method MBRS [19], and a variant of CRMark where the
quantization operator is removed, referred to as R-CRMark,
which degenerates into a real-valued flow-based CRMark,
noting that R-CRMark is irrecoverable. Moreover, CR-
Mark does not retain auxiliary information, in contrast to
CRMark-R, which does. It is important to note that FIN,
R-CRMark, and CRMark are trained on the six distortions
described in Section 3.2, using images of size 256 x 256
and watermark lengths of 64. In contrast, STDM and PZM,
which are grayscale image-based methods, use test images
of size 512 x 512 with watermark lengths of 256. The de-
tailed experimental analysis is presented below.

4.2. Comparison with Existing Methods

This subsection primarily compares CRMark with two cat-
egories of methods: the RRW methods STDM [31] and
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PZM [30], and IRW methods MBRS [19], FIN [11], and
R-CRMark. The experimental analysis is presented below.

Comparison with RRW methods: We compare CR-
Mark with existing robust reversible watermarking meth-
ods, including STDM [31] and PZM [30]. The evalua-
tion covers key aspects such as watermark imperceptibility,
robustness, computational time complexity, and the length
of auxiliary bitstream. The results for imperceptibility are
shown in Fig. 4, we can observe that STDM and PZM em-
bed watermarks using template-like perturbations, resulting
in more noticeable distortions and weaker coupling with
the cover image. In contrast, the stego image to CRMark
demonstrates higher imperceptibility, with stronger cou-
pling between the watermark and the cover image. Quan-
titative metrics presented in Tab. | reveal that CRMark at-
tains a PSNR/SSIM of 40.95/0.9995. It surpasses STDM
by 4.41/0.0392 and PZM by 2.78/0.0136. In summary,
whether evaluated subjectively through visual perception or
objectively through quantitative visual quality metrics, the
imperceptibility of CRMark stands out as superior to exist-
ing RRW methods.

Moreover, Tab. 2 compares the extraction accuracy of
CRMark with STDM [31] and PZM [30] across six com-
mon distortions. Specifically, under Gaussian blur (o
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Table 1. Comparison of SSIM and PSNR (mean #* standard
deviation) for proposed CRMark’, CRMark-Rf, R-CRMark",
STDM' [31], PZM' [30], FINT [11], and MBRS' [19]. Here,
indicates cover-recoverable watermark methods, while T denotes
non-recoverable ones.

Method SSIM PSNR
STDMT [31] 0.9603 + 0.0195 36.54 + 1.77
PZMT [30] 0.9859 + 0.0078 38.17+1.78
FINT [11] 0.9988 + 0.0015 39.74 £2.49
MBRST [19] 0.9996 = 0.0002 40.73 £ 1.67
R-CRMark" 0.9971 = 0.0046 33.92 +£5.01
CRMark' 0.9995 + 0.0005 40.95 + 1.24
CRMark-RT 0.9995 + 0.0005 4090+ 1.23

5.0), CRMark and CRMark-R achieve impressive accu-
racies of 98.70% and 98.77%, respectively, far surpass-
ing STDM’s 53.76% and PZM’s 61.92%. In Gaussian
noise (o = 0.25), the two methods record extraction ac-
curacies of 88.87% and 89.16%, again substantially out-
performing STDM and PZM. For salt-and-pepper (S&P)
noise (p = 0.7), CRMark and CRMark-R deliver 95.53%
and 95.88%, respectively, reflecting a peak improvement
of approximately 46% over STDM and PZM. In dropout
(p = 0.7) and median filtering (w = 15), both methods
consistently maintain accuracies ranging from 92% to 97%
or higher, markedly exceeding the performance of the other
two approaches. Under JPEG compression, although CR-
Mark and CRMark-R fall slightly below STDM and PZM’s
perfect 100.0% accuracy at Q¢ = 50, they still sustain ex-
traction accuracy above 99%. In conclusion, CRMark and
CRMark-R perform exceptionally well under most distor-
tions, with only a slight shortfall at high JPEG compres-
sion ratios. CRMark achieves maximum improvements of
46.40% in salt-and-pepper noise and 44.94% in Gaussian
blur. These results suggest that CRMark exhibits superior
robustness and performance over traditional RRW methods
in handling most digital distortions.

We compare the efficiency of CRMark with PZM [30]
and STDM [31] in embedding, extraction, and recovery
times as shown in Fig. 5. CRMark averages 4.51 s for em-
bedding, reducing PZM time of 248.65 s and STDM time of
184.26 s by 55.1x and 40.9 %, respectively. Extraction av-
erages 1.50 s for CRMark, outperforming PZM time of 8.54
s and STDM time of 8.93 s by 5.7x and 6.0 %, respectively.
Recovery takes 4.96 s for CRMark, beating PZM time of
17.71 s and STDM time of 15.89 s by 3.6 and 3.2, re-
spectively. CRMark significantly enhances efficiency over
PZM and STDM for time cost. Furthermore, we compare
the auxiliary information bitstream lengths of CRMark with
PZM [31] and STDM [31], as shown in Fig. 6. The av-
erage bitstream length of PZM is 61896.94 bits, ranging



Table 2. Extraction accuracy (%) of the proposed CRMark!, CRMark-R', R-CRMark!, STDM' [31], PZM' [30], FIN' [11], and

MBRS' [

] under various distortions. Here, T indicates cover-recoverable watermark methods, while T denotes non-recoverable ones.

Bold highlights optimal performance among cover-recoverable watermark methods, and underlining indicates the global best performance.

JPEG(Qy) Gaussian Blur(c) Gaussian Noise(o)
Methods 50 0 % 5.0 6.0 7.0 0.05 0.15 0.25
STDMT [31] 100.0 100.0 100.0 53.76 50.46 49.71 99.66 92.79 74.33
PZMT [30] 100.0 100.0 100.0 61.92 54.31 50.12 99.86 88.71 62.97
FINT [11] 98.64 99.14 99.40 47.98 47.58 47.73 98.88 92.28 83.42
MBRST [19] 97.68 99.95 100.0 87.05 74.65 62.95 99.99 97.58 90.18
R-CRMark ' 93.33 96.06 96.84 81.18 73.05 66.64 95.30 92.30 85.00
CRMark' 99.27 100.0 100.0 98.70 97.11 93.87 100.0 97.59 88.87
CRMark-R' 99.31 100.0 100.0 98.77 97.00 93.83 100.0 97.56 89.16
S&P(p) Dropout(p) Median Filter(w)
Methods 0.3 0.5 0.7 03 0.5 0.7 11 13 15
STDMT [31] 56.46 49.81 49.48 97.98 87.24 64.01 77.18 69.82 63.76
PZMT [30] 49.71 49.61 50.09 99.98 97.72 71.45 79.81 73.71 68.18
FINT [11] 72.01 62.73 57.41 98.04 94.99 88.38 53.93 50.35 49.50
MBRST [19] 99.77 96.62 82.58 99.99 99.42 96.61 97.08 85.74 69.00
R-CRMark' 95.02 87.63 74.42 93.98 84.03 69.81 94.36 90.73 85.08
CRMark' 99.86  99.06 9553 | 9998 9775 9235 | 9941  98.83  97.52
CRMark-R' 99.85 99.28 95.88 99.99 97.68 92.40 99.39 98.77 97.61
) : frequency texture distortion with noticeable white noise,
) ) o while MBRS presents a grid-like template that is visibly
= e % ° : o ) distinct. In contrast, CRMark and CRMark-R exhibit higher
nnnnn e . ; watermark imperceptibility with stronger coupling between

PZM STDM-PCET overflow map fotal

Figure 6. Comparison of auxiliary bitstream lengths for water-
marking methods CRMark, STDM [31], and PZM [30]. The right
plot shows the under/overflow map O bitstream length, z bit-
stream length, and total auxiliary bitstream length for the proposed
CRMark, while the left plot shows results for STDM and PZM.

from a minimum of 27248 bits and a maximum of 438784
bits. STDM averages 56968.52 bits, ranging from 20480
bits to 840432 bits. CRMark consists of the latent vari-
able z (mean 382.61 bits, min 384, max 8271) and the un-
der/overflow map (mean 1558.58 bits, min 384, max 8271),
achieving a total mean length of 1962.19 bits (min 384, max
8271). Compared to PZM, it reduces the length by 31.5x,
and compared to STDM, it reduces the length by 29.0x.
It is important to note that PZM and STDM are unable to
achieve fully reversible embedding for all test images, while
CRMark consistently succeeds in this task. These results
highlight that CRMark outperforms both PZM and STDM
in terms of achieving lossless recovery.

Comparison with IRW Methods: We compare CR-
Mark with existing IRW methods, including FIN [11],
MBRS [19], and R-CRMark, across watermark impercep-
tibility and robustness. The results for imperceptibility are
shown in Fig. 4, we can observe that FIN exhibits low-

the watermark and the cover image. Quantitative results
in Tab. | indicate that CRMark achieves a PSNR/SSIM of
40.95/0.9995, exceeding FIN by 1.21/0.0007, MBRS by
0.22/ — 0.0001, and R-CRMark by 7.03/0.0024 relative
to their respective values of 39.74/0.9988, 40.73/0.9996,
and 33.92/0.9971. CRMark-R closely follows with a
PSNR/SSIM of 40.90/0.9995. These results demonstrate
that CRMark also outperforms existing IRW methods in
watermark imperceptibility.

For robustness, Tab. 2 assesses the extraction accuracy of
CRMark, FIN [11], MBRS [19], and R-CRMark under six
digital distortions. Specifically, under JPEG compression
(Qy = 50), CRMark and CRMark-R both achieve extrac-
tion accuracies exceeding 99.00%, surpassing FIN, MBRS,
and R-CRMark. For Gaussian blur (¢ = 7), CRMark and
CRMark-R maintain accuracies above 90% and 90%, far
outperforming FIN at 47.73%, MBRS at 62.95%, and R-
CRMark at 66.64%. With Gaussian noise (¢ = 0.25),
they reach 88.87% and 89.16%, still close to 90%, ahead of
FIN and R-CRMark, though slightly below MBRS by just
1.31% and 1.02%. Under salt-and-pepper noise (p = 0.7),
CRMark and CRMark-R attain 95.53% and 95.88%, clearly
outperforming the other three methods. Similarly, in me-
dian filtering, they notably exceed the others. However, in
dropout distortion, CRMark lags MBRS by about 4%, yet
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Figure 7. Effect of \, on bitstream length for \, € {0,10%,10*,10°}. Length decreases by 14.18x at A, = 10° compared to )\, = 0.

still greatly surpasses the rest. Although CRMark is slightly
weaker than MBRS in dropout distortion, it significantly
improves over other methods for most distortions.

Overall, CRMark and CRMark-R outperform FIN,
MBRS, and R-CRMark in watermark imperceptibility and
robustness, consistently achieving high accuracy across
most distortions. Remarkably, CRMark uniquely ensures
the lossless recovery of original cover images and water-
marks in lossless channels, unlike IRW methods.

4.3. Ablation Experiments

In Section 3.2, we introduced a penalty loss for the pixel un-
der/overflow and a regularization loss for the latent variable
z. In this section, we conduct an ablation study to evaluate
the effectiveness of these losses.

Under/Overflow Penalty Loss: To evaluate the ef-
fectiveness of penalty loss, we conduct ablation experi-
ments by varying the penalty loss weight )\, across A\, €
{0,10%,10%,10°}. Here, A, = 0 serves as the baseline
with no overflow penalty. These experiments evaluated the
effect of A, on the encoded bit length of auxiliary infor-
mation, comprising the latent variable z and the overflow
map. The experimental results are shown in Fig. 7, we
can observe that at A, = 0, the auxiliary bitstream meets
longest, averaging 27828.87 bits. The overflow map com-
pressed into 27655.90 bits, while z stay at 151.97 bits. As
Ap increases, the total bitstream length exhibits a decreas-
ing trend. At A\, = 102, it decreases to 25807.48 bits, a
1.08x reduction from the baseline, with the overflow map
dropping to 25616.58 bits (1.08 x reduction) and z slightly
rising to 169.90 bits (1.12x increase). This trend intensifies
at A\, = 10%, where the total length falls to 11276.45 bits,
a 2.47x reduction, driven by the overflow map shrinking to
11002.81 bits (2.51x reduction), while z grows to 252.65
bits (1.66 x increase). The most pronounced effect occurs at
Ap = 106, reducing the total length to 1962.19 bits, a sub-
stantial 14.18 x decrease, with the overflow map at 1558.58
bits (17.74x reduction), z at 382.61 bits (2.52x increase),
and the bitstream length with minimal fluctuation. This in-
dicates that the overflow penalty loss term can effectively
suppress pixel overflow, thereby reducing the length of the
auxiliary bitstream.

Regularization Loss for Latent variable z: We evalu-
ated the impact of applying a regularization loss to the la-
tent variable compared to omitting it. We found that even

when using FLOATG64 precision, if the regularization loss
is not applied, numerical overflow issues still occur dur-
ing the iIWN inference process, resulting in approximately
9.67% of stego images failing to achieve lossless recov-
ery through inverse mapping. This regularization loss effi-
ciently solves this issue. Nevertheless, we still recommend
using FLOAT64 precision during inference to ensure full
lossless recovery of all test cover images.

In summary, these results demonstrate the effectiveness
of penalty and regularization losses in enhancing the perfor-
mance of CRMark. The penalty loss effectively reduces the
auxiliary bitstream length, decreasing the bitstream length
by 14.18x from A, = 0 to A, = 10°. Additionally, the
regularization loss eliminates numerical overflow issues in
ilWN inference, ensuring lossless recovery.

5. Conclusion

This paper introduces a novel watermarking approach
called Cover-Recoverable WaterMark (CRMark) that ad-
dresses the challenge of permanent distortion imposed
on cover images by traditional watermarking. CRMark
achieves perfect lossless recovery in lossless channels while
enabling robust watermark extraction in lossy channels, ad-
dressing a critical need for distortion-free and resilient wa-
termarking solutions. CRMark employs a two-stage em-
bedding process: the first stage utilizes a designed inte-
ger Invertible Watermark Network to map the cover-image-
watermark-pair into an underoverflowed stego image and
a latent variable z, followed by a second stage where re-
versible data hiding embeds the encoded underoverflow
map and latent variable bitstream into the clipped stego im-
age, enabling lossless recovery. To validate the effective-
ness of CRMark, we conducted experiments that demon-
strated superior robustness and imperceptibility compared
to existing cover-recoverable watermark methods, with an
embedding time reduction of up to 55.1x and an auxiliary
bitstream length compression of up to 31.5x. Furthermore,
we propose an innovative overflow penalty loss to decrease
auxiliary bitstream length, with experiments confirming its
remarkable effectiveness in significantly compressing this
length by up to 14.18x compared to the no-penalty base-
line. Most importantly, CRMark successfully endows all
cover images with lossless recovery, which existing RRW
methods cannot, thereby enhancing the efficiency of CR-
Mark and practical applicability.
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