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Abstract

Recent advances in generative AI have enabled the cre-
ation of highly realistic digital content, raising concerns
around authenticity, ownership, and misuse. While wa-
termarking has become an increasingly important mecha-
nism to trace and protect digital media, most existing im-
age watermarking schemes operate as black boxes, produc-
ing global detection scores without offering any insight into
how or where the watermark is present. This lack of trans-
parency impacts user trust and makes it difficult to interpret
the impact of tampering. In this paper, we present a post-
hoc image watermarking method that combines localised
embedding with region-level interpretability. Our approach
embeds watermark signals in the discrete wavelet transform
domain using a statistical block-wise strategy. This allows
us to generate detection maps that reveal which regions of
an image are likely watermarked or altered. We show that
our method achieves strong robustness against common im-
age transformations while remaining sensitive to semantic
manipulations. At the same time, the watermark remains
highly imperceptible. Compared to prior post-hoc meth-
ods, our approach offers more interpretable detection while
retaining competitive robustness. For example, our water-
marks are robust to cropping up to half the image.

1. Introduction
Artificial intelligence can generate realistic and high-quality
digital content, making it increasingly challenging to distin-
guish between human-created and machine-generated con-
tent. Modern diffusion models like Midjourney, Stable Dif-
fusion, and DALL-E have revolutionised content creation
with their ability to create an almost limitless range of novel
images, producing everything from photo-realistic imagery
to artwork of any style and aesthetic [27]. The spread of
AI-generated content poses significant risks, including the
potential for misinformation, intellectual property theft, and
the blurring of lines between authentic and fabricated me-
dia [37]. For example, the European Union’s AI Act im-
poses a transparency obligation for generative AI: providers

must ensure that AI-generated text, images, video or audio
are marked in a machine-readable way and identifiable as
artificially generated [35].

Numerous security mechanisms have been developed to
provide a means to assert ownership, verify authenticity,
and protect intellectual property rights [30, 33]. However,
most users share personal photos on social media without
protection, unaware of the risks this poses. Unprotected im-
ages can be easily downloaded and manipulated, allowing
malicious actors to create misleading or defamatory con-
tent and deepfakes. To address these issues, the research
community has been exploring various solutions, with wa-
termarking emerging as a prominent technique.

Watermarking involves embedding a unique signal into
the original source, which, while subtle enough to remain
invisible in normal use, can be extracted to validate mul-
timedia content [30]. The process consists of two main
phases: embedding and detection. In the embedding phase
the watermark information is incorporated into the host data
using techniques like modifying pixel values [2], frequency
coefficients [8], or other signal properties [12]. Detection
involves analysing the potentially watermarked content to
verify the presence of the watermark and extract any hidden
information, which can be done through statistical analy-
sis [17], correlation [8], or pattern-matching methods [5].

Most image watermarking schemes are treated as black-
box systems that output either a binary decision (whether an
image is watermarked or not) or a score for the entire input
without any explanation [31]. This lack of interpretability
can be problematic for users who may wish to understand
why a particular input is classified as non-watermarked. For
instance, an image that was originally generated with a wa-
termark may no longer be classified as such after certain re-
gions are edited. However, existing schemes do not indicate
whether the absence of a watermark is due to localised mod-
ifications of a watermarked image or due to the whole image
not being watermarked in the first place. Yet, many modern
watermarking schemes [34, 39, 42, 43] rely on deep neural
networks (DNNs), which behave like black boxes and offer
no clear reasoning for their decisions. Although explain-
ability is widely seen as essential for trustworthy AI [9],
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current DNN-based detectors lack reliable methods to pro-
vide human-understandable explanations primarily because
deep neural networks themselves are not inherently inter-
pretable [32].

This context highlights the need for watermarking
schemes that offer region-level interpretability, not only
detecting whether tampering has occurred, but also
where. Targeting this gap, we propose MELB Multidi-
mensional Embedding via Localised Blocking—a water-
marking method that combines localised embedding, in-
terpretability, and robustness to common image manipula-
tions. Our main contributions are as follows:
• We introduce a block-wise image watermarking method

that embeds watermark signals into the discrete wavelet
transform (DWT) domain using a statistical partition-
ing approach. This design enables robustness against
common manipulations such as compression, noise, and
blur, while remaining sensitive to semantically meaning-
ful changes in the image structure (e.g., warping or shape
modification).

• In contrast to traditional schemes that produce only a
global score, our block-wise design allows for the gener-
ation of a detection map that highlights the distribution of
watermark presence across the image. This enables users
to identify which parts of an image have likely been al-
tered and which remain authentic, providing transparency
and localised tamper assessment.

• Our watermarks are highly imperceptible, with consis-
tently strong results across standard similarity metrics,
mostly exceeding prior approaches. Additionally, our em-
bedding process supports explicit control over the trade-
off between invisibility and robustness.

• Our method demonstrates robustness to common image
modifications comparable to state-of-the-art post-hoc wa-
termarking methods and shows notably stronger perfor-
mance under cropping attacks. Even when up to 50% of
the image is removed, detection remains reliable, with ob-
served true positive rates of up to 91%.

2. Related Work
Digital Image Watermarking. Traditional watermarking
methods [8, 42] embed watermarks post-hoc, working with
existing images after their creation. With the development
of diffusion models [14], research has expanded to include
in-processing watermarking methods [11, 39] that embed
the watermark during the generation process. These in-
tegrative approaches show promise in embedding signals
deep within the image’s semantic structure. However, their
model-specific nature limits generalisability and applicabil-
ity to existing images. Our post-hoc approach offers greater
flexibility, accommodating AI-generated images from any
model as well as natural images.

Post-hoc watermarking techniques [10, 19, 34, 42, 43]

can be further distinguished between spatial domain and
transform domain methods [3, 13]. Additionally, deep
learning-based methods extend beyond these domains by
leveraging latent feature spaces for watermark embed-
ding [11, 20]. Spatial domain methods [41] operate di-
rectly on pixel values, offering low computational complex-
ity but generally lower robustness to image processing op-
erations [3, 30]. The spatial domain refers to the represen-
tation of an image as an array of pixels [41]. By contrast,
transform domain methods, such as those using the Discrete
Wavelet Transform (DWT) [40], typically exhibit higher ro-
bustness to image alterations and compression.

Recent advances in deep neural networks (DNNs) have
led to learning-based watermarks that push the boundaries
of robustness and imperceptibility. StegaStamp [34] em-
beds invisible messages into photographs by training with
differentiable image perturbations for noise robustness and
using a spatial transformer to account for geometric distor-
tions from printing and re-capturing. RivaGAN [42] is a
video watermarking method that uses an attention-guided
dual-stream architecture to learn optimal watermark place-
ment. The method’s robustness is enhanced via adversarial
training, where a critic ensures visual quality and a removal
network continuously challenges the watermark’s integrity.
Other recent work [23, 29] explores interpretable and ro-
bust watermarking for ownership verification. While these
DNN-based approaches offer strong robustness, they lack
the ability to provide localised detection, which is a key fea-
ture of our proposed method.

Localised Watermarking. Despite the potential for en-
hanced interpretability and forensic utility, localised image
watermarking—where a watermark’s presence can be ver-
ified for specific image regions—has seen limited research
to date. An early example is the hierarchical block-based
approach of Utku Celik et al. [36], which introduced fragile
watermarks with block-level tamper localisation using least
significant bit embedding. More recently, EditGuard [44]
introduced a dual watermarking strategy that embeds both
localisation and copyright watermarks. While effective for
tamper detection, this method is not robust to geometric
augmentations such as cropping. Building on this, in con-
current work Sander et al. [25] proposed WAM, a localised
watermarking method achieving strong robustness. How-
ever, WAM is designed to preserve the watermark even af-
ter severe alterations that significantly degrade the image,
a feature that can be undesirable for image forensics. Our
watermark, in contrast, is intentionally fragile and designed
to break under such strong editing, providing a clearer sig-
nal that the image has been heavily manipulated. Further-
more, while pre-trained models for WAM are available, its
detector is a transformer model with approximately 100
million parameters. Our method is training-free, using a
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lightweight detector based on projections in DWT space. In
contrast to both EditGuard and WAM, our work thus offers
a computationally efficient approach to localised detection
that is robust to common manipulations but fragile to se-
vere, perceptually obvious ones. The concept of localised
detection has seen limited exploration in other domains as
well. For instance, AudioSeal [24] tackles localised water-
marking for AI-generated speech, providing sample-level
resolution in longer recordings.

Statistical Detection of Randomised Partitions.
Kirchenbauer et al. [17] introduced a simple but inno-
vative technique that embeds a watermark into the output
of large language models by subtly modifying token
probabilities during generation. This is achieved by
partitioning the vocabulary at each step evenly into two
distinct groups (“Green List” and “Red List”), where the
likelihood of Red List tokens appearing in the generated
text is reduced, while Green List tokens are boosted. A
similar watermark was proposed for tabular data [46] where
the watermark is embedded by perturbing specific cells
(“key cells”), selecting the perturbation values from the
“Green Domains”. Our work builds upon these statistical
partitioning concepts, adapting them to the image domain.
This approach enables us to achieve localised detection,
a feature notably absent in most existing image water-
marking schemes, while maintaining a balance between
imperceptibility and robustness.

3. Preliminaries

Our watermarking framework embeds a robust, yet im-
perceptible signal into images, allowing owners to iden-
tify their intellectual property without compromising visual
quality. It also provides an interpretable detection map that
visually highlights areas of potential modification (such as
through insertions, deletions, or warping). This addresses
scenarios on image-sharing platforms like Facebook or In-
stagram, where users post content without protection, risk-
ing unintended alterations or redistribution [45].

The framework is designed to maintain watermark in-
tegrity under common image editing operations. This ro-
bustness ensures that the connection to the original creator
is preserved even when the image undergoes benign modi-
fications or is subject to attempts at removal, aiding in au-
thentication and traceability.

Our treatment of digital image watermarking introduces
an additional aspect: localised detection. Unlike traditional
watermarking schemes that provide only a global decision
for an entire image, our formulation allows for fine-grained,
interpretable watermark detection at the local level. We fo-
cus on post-hoc watermarking, where watermarks are em-
bedded into any image, regardless of its origin—traditional,

photographic, or AI-generated—offering broad utility in di-
verse scenarios.

3.1. Problem Formulation
An image is a three-dimensional array I 2 Vh×w×c where
h is the height, w is the width, c is the number of channels,
and V is the range of intensity values. For 24-bit colour
images, V = f0; 1; : : : 255g and c = 3 (e.g., corresponding
to RGB). We write Ii,j,k to refer to the intensity of the k-th
channel at spatial location (i; j), where i indexes rows (top
to bottom) and j indexes columns (left to right).

An image watermarking scheme consists of two funda-
mental algorithms: an embedding algorithm and a detection
algorithm. These algorithms are typically operated by a sin-
gle entity, which we will call the watermarker.

Definition 1. The embedding algorithm maps an origi-
nal image I 2 Vh×w×c to a watermarked image I? =
embed(I; sk) using a secret key sk known only to the wa-
termarker.

Definition 2. The detection algorithm detect(~I; sk) takes
a possibly watermarked image ~I 2 Vh×w×c and secret
key sk. This yields two outputs: a global detection score
d 2 [0; 1] which indicates whether the entire image is wa-
termarked, and a localised detection map V 2 [0; 1]h×w

quantifying the likelihood that localised regions are water-
marked. These scores can be thresholded, so that a positive
detection is represented by 1, while a negative detection is
represented by 0.

We now summarise the design desiderata for our image
watermarking scheme:
• Imperceptibility: The watermarked image I? should be

visually indistinguishable from the original image I . For-
mally, for some perceptual distance function d and thresh-
old �, we require d(I; I?) � �.

• Blindness: The watermark should be detectable without
access to the original image.

• Localised detection: Watermark detection should high-
light localised factors that influence detection decisions.

• Soundness: The false positive rate � of the detection al-
gorithm should be negligible. For I a distribution of
non-watermarked images, PrI∼I [detect(I; sk) 6= 0] < �
where we are implicitly applying a threshold to global de-
tection scores.

• Robustness: The watermark should be detectable
even after common image transformations T :
detect(T (I?); sk) � detect(I?; sk).

Threat Model To define the scope of our threat model, we
describe the abilities of attackers as follows. 1) We assume
that attackers have full access to watermarked images and
2) are aware of the general process of the watermark em-
bedding and detection algorithms, but 3) do not know secret

7422



Figure 1. Pipeline for our watermarking method using l = 12; k = 8;m = 96; d = 3. The embedding phase partitions the domain of
DWT coefficients for each colour channel into allowed and disallowed regions. It then perturbs these coefficients to ensure they all fall
within allowed regions. The detection phase reverses this process and counts rule violations. Components highlighted in light grey are
identical in both embedding and detection procedures.

information, such as the secret key (see Sec. 4.1). Moreover,
we assume that potential attackers 4) aim to modify images
while preserving their visual quality. For example, when
adding noise, the modifications are expected to remain sub-
tle and imperceptible to the human eye. In cases of blurring
or compression, the objective is to maintain the image’s core
content and semantics. An observer should still be able to
recognise and understand the primary subject.

4. MELB: Multidimensional Embedding via
Localised Blocking

In this section, we present the algorithms of our watermark-
ing method in detail. The process is illustrated in Fig. 1 and
involves two stages: embedding and detection.

4.1. Watermark Embedding
Our watermark embedding method operates in the trans-
form domain, specifically using the Discrete Wavelet Trans-
form (DWT). The key idea is based on the concept of
statistical partitioning of DWT coefficients into allowed
(“green”) and disallowed (“red”) regions. Further back-
ground on the DWT is provided in App. A.1, and pseu-
docode is provided in Algorithm 1 of App. B.1.

We first divide the image into non-overlapping blocks
of size m � m, ignoring incomplete edge blocks. For
each block, we generate a seed using a generic get seed
function (e.g., in our experiments, this function returns the
rounded mean intensity of the block per channel). This
seed, along with a random secret key sk, is passed as input
to a pseudorandom function (PRF), which returns a pseudo-
random binary sequence. The resulting binary sequence de-
termines the partitioning of DWT coefficients for the block

into red (0) or green (1).
The actual embedding occurs at the sub-block level, us-

ing k � k sub-blocks (k � m) within each larger block.
This reduces the visibility of block-wise artefacts in the wa-
termarked image, as larger blocks could introduce more no-
ticeable discontinuities at boundaries. For each sub-block:
1. We map the image to the transform domain by applying
d levels of DWT to the LL band.

2. Using the parent block’s red/green partitioning, we
project the DWT coefficients onto the allowed (green)
region by perturbing any coefficient in a red interval to
the centre of the nearest green interval. This perturbation
is applied only to the LL (low-frequency) band at level
d, as low-frequency components are expected to be more
robust to common image manipulations.

3. Finally, we apply the inverse DWT d times to obtain the
watermarked sub-block.
This process ensures that in the watermarked image,

nearly all DWT coefficients fall within green regions, while
in natural, non-watermarked images, approximately 50% of
the coefficients would fall in each region. App. B.2 pro-
vides a detailed discussion of the parameters, their control
mechanisms, and our design choices. The key parameters
impacting visibility and robustness are the interval length
l and the number of DWT levels d. Increasing l gener-
ally improves robustness but may introduce visual artefacts.
Higher values of d are typically more advantageous as they
enhance both imperceptibility and robustness. Optionally,
our method can operate in a mode that skips watermark em-
bedding in low-entropy blocks, where perturbations might
be more perceptible (see App. C.1).

Our block-based approach directly supports our goal of
localised detection. As we shall see in the next section, the



Figure 2. We apply our detection method to a non-watermarked image (left panel) and show the resulting localised detection map (middle-
left panel). The middle-right panel illustrates the red/green coefficient distribution for a small part of the image. Most blocks show a
balanced red/green ratio (∼50/50), with minor deviations towards the distribution tails. False positives are effectively filtered out, resulting
in only 8.3% of the area being classified as watermarked. The right panel shows the post-processed detection map (see Sec. 4.2.1).

detection algorithm outputs scores for each block, which
are statistically significant due to the multiple sub-blocks
contained within. The resolution of our detection map is
controlled by the block size m, allowing for fine-grained
localisation of potential modifications.

Remark 1. The use of a PRF with a random secret key sk
mitigates forgery risks by preventing unauthorised creation
of watermarked images. This approach necessitates a more
centralised setup for detection—e.g., where the detection
algorithm is made accessible to users through a public API.
The PRF can be instantiated with a block cipher like AES
or a cryptographic hash function such as SHA3 [17]. While
our experiments use a fixed secret key, employing multiple
keys can further strengthen the method against brute-force
attacks (see Sec. B.4).

4.2. Watermark Detection

To check for the presence of a watermark in an image, we
essentially reverse the embedding process. The complete
procedure is detailed in Algorithm 4 of App. B.1. Here we
describe the key steps. For each colour channel of each
block, we:
1. Compute the seed using the get seed function. This

function should produce a stable seed even when the
block has undergone minor modification, so that we can
recover the seed that was used to embed the potential
watermark without access to the original image.

2. Use the seed, along with the PRF and secret key sk,
to determine the red/green partitioning of DWT coeffi-
cients for the block.

3. Run detection for each k�k sub-block: we apply d levels
of DWT to the LL sub-band, then examine the LL sub-
band at the last level, counting how many coefficients
fall in the green (allowed) region.
From this block-level analysis, we can proceed to com-

pute either a localised detection map or a global score for
the entire image. We describe each of these processes in
more detail below.

Localised Detection Map. For eachm�m block, we ag-
gregate the count of coefficients in the green region across
all its sub-blocks. We set a detection threshold on this
aggregate count based on a statistical hypothesis test with
a prescribed significance level (see App. B.3 for details).
The resulting detection map is generated at the block level:
each m�m block is coloured green (indicating it is water-
marked) if its aggregate green count exceeds the threshold,
otherwise it is coloured red, as shown in Figs. 2 and 3.

Global Detection. While the localised detection map pro-
vides detailed information about the distribution of the wa-
termark, a global measure is important for making a defini-
tive assessment about whether the entire image is water-
marked. To achieve this, we aggregate over the localised
detection map, counting the fraction of blocks classified as
watermarked (green). If the total count exceeds a prede-
termined threshold (calibrated to achieve a prescribed false
positive rate), we predict that the entire image is water-
marked; otherwise, we conclude it is not watermarked.

Remark 2. Since we embed the watermark into blocks
throughout the image, we can implement a detection
method that identifies watermarks even in cropped images.
The method is based on a brute-force strategy to systemat-
ically search for the correct starting point of the embedded
blocks, as described in Sec. B.6.

4.2.1. Interpreting the Localised Detection Map
The localised detection map provides valuable insights be-
yond global detection. It can be a helpful aid for im-
age forensics, allowing users to identify specific locations



where a watermarked image may have been altered or where
protected (watermarked) content has been inserted into a
non-watermarked image.

It is important, however, to acknowledge that false posi-
tives and false negatives can occur since the hypothesis test
suffers some error depending on the chosen significance
level. To enhance the visual clarity of our map we apply
an optional post-processing step, akin to a low-pass filter:
if a green block is entirely surrounded by red blocks, we
consider it a likely false positive and recolour it red. Sim-
ilarly, red blocks completely surrounded by green blocks
are recoloured green. It is important to note that this post-
processing is only done to improve the utility of the detec-
tion map as a visual aid—we do not apply it when comput-
ing the global score for the image.

Example: Non-watermarked Image. Fig. 2 displays a
non-watermarked image alongside its localised detection
map and an analysis of its DWT coefficients. The analysis
(zoomed in panel) shows the frequency of rule violations
averaged across the three colour channels. We observe that
most blocks (over 91%) have balanced distributions of red
and green domain coefficients. This balance is expected in
natural non-watermarked images where approximately half
of the blocks exhibit more than 50% violating coefficients,
while the other half show less than 50%.

The raw localised detection map (to the right of the im-
age) visually represents the result of our detection process.
We see that most of the image’s area is red, with only small,
scattered green clusters. These green blocks, which make
up only 8.3% of the total, and are scattered rather ran-
domly across the image, represent natural statistical vari-
ations rather than the presence of a watermark.

It is worth noting that small clusters require careful in-
terpretation. Dense clusters may naturally form in highly
monochromatic areas with minimal variation, such as the
black shadow in the top right corner of our example. In
these regions, blocks tend to have similar block seeds (mean
colours) and therefore similar DWT coefficients. If these
coefficients happen to fall in the “watermarked” regions
of our detector, a green cluster may appear even in non-
watermarked images.

Example: Inserted Non-watermarked Content. Con-
versely, Fig. 3 demonstrates a scenario where non-
watermarked content has been incorporated into a water-
marked image. The detection map shows a prominent red
cluster (corresponding to the inserted couple) within a pre-
dominantly green area. This demonstrates the utility of our
localised approach for digital forensics and helps highlight
the impact of manipulations on the distributed watermark.

(a) Watermarked image and the corresponding localised detection map
generated during watermark detection process.

(b) Watermark detection process on an image that has been manipulated
post-watermarking.

Figure 3. When editing new content into a watermarked image,
the manipulation becomes immediately detectable. While some
red squares (false negatives) are visible in the watermarked image
(Fig. 3a), they are evenly scattered throughout the image rather
than forming dense clusters. In Fig. 3b we inserted two people into
the watermarked image from Fig. 3a. The inserted content, which
does not contain the watermark, appears as a large red cluster in the
detection map, clearly highlighting the area of image modification.

5. Experiments and Analysis

In this section, we evaluate our watermarking scheme’s per-
formance, focusing on its detectability, interpretability for
image forensics, and robustness against common image ma-
nipulations. We begin by identifying a set of image manip-
ulations that preserve visual quality, then assess our method
across multiple datasets. We then assess watermark de-
tectability across multiple datasets, examine our scheme’s
interpretability for image forensics, and evaluate its robust-
ness against common image corruptions. The parameter
settings used for our method are detailed in App. C.1.

5.1. Experimental Setup

5.1.1. Datasets

We employ two real-world datasets: MS-COCO [18],
where we select the first 5,000 images from the test set
and WikiArt [21] with the first 1,000 images. Addition-
ally, we utilise two AI-generated datasets: 3,310 images
generated by DALL-E 3 [22], accessed through Hugging
Face Datasets [15] and 5,000 images from the DiffusionDB
dataset [38]. This selection ensures that experiments cover
a broad range of image resolutions. A distribution of image
sizes for each dataset is provided in Fig. 11 in App. D.2.
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5.1.2. Evaluation Metrics
For image quality assessment, we utilise three common
metrics to compare watermarked images with their origi-
nal counterparts: PSNR, where higher values indicate better
image quality; SSIM, for which higher scores reflect greater
structural similarity to the original image and LPIPS, where
lower scores indicate closer structural similarity.

To evaluate the robustness of watermarking schemes,
we employ two key metrics. Watermark detection rate
(WDR), equivalent to the true positive rate (TPR), measures
the proportion of watermarked images correctly identified
as watermarked. It ranges from 0 to 1, with higher values
indicating better performance. False positive rate (FPR)
assesses the proportion of non-watermarked images incor-
rectly identified as watermarked. It also ranges from 0 to 1,
with lower values indicating better performance.

5.1.3. Image Manipulations
To assess the robustness of our method, we consider a
range of image manipulations, building on the comprehen-
sive evaluation provided by [43]. These include:
• Brightness and contrast modifications with factor 0.5
• JPEG compression, using a quality setting of 50
• Adding Gaussian noise with a standard deviation of 0.05
• Gaussian blur with a kernel size of 5 and � = 1
• Rotating the image by 90 degrees
• VAE-based image compression models, Bmshj18 [1]

and Cheng20 [6], with a quality level of 3.
Our primary focus is on transformations that preserve vi-

sual quality. Some of these modifications, particularly the
VAE-based compression models (Cheng20 and Bmshj18)
and extreme brightness adjustments, can significantly al-
ter the appearance of the image as shown in Fig. 10 of
App. D.1. While we include these in our experiments for
completeness and comparison with prior work, we consider
them outside our primary scope of evaluation.

5.2. Detectability
To demonstrate the effectiveness of our watermark detec-
tion across different image types, we analyse the scores gen-
erated for both original and watermarked images. In this ex-
periment, we embed the watermark with an interval length
of l = 8 and conduct hypothesis tests using a 5% signifi-
cance level for each block. We then calculate the percent-
age of watermarked blocks per image. The results are pre-
sented in Tab. 1. Our findings show a clear distinction be-
tween watermarked and non-watermarked images. For wa-
termarked images, the percentage of detected watermarked
area exceeds 90%, while for non-watermarked images, this
percentage remains below 20%. This provides strong evi-
dence that our watermark is reliably detectable. We addi-
tionally compute FPR and ROC AUC, where we observe
perfect detection scores of 0% and 1 across all datasets.

5.3. Image Forensics
Our method has potential applications in image forensics
owing to its ability to produce a localised detection map.
As shown in Sec. 4.2.1, this map can highlight areas that
may have been modified or inserted post-watermarking by
analysing the distribution and clustering of red and green
blocks. The same principle applies to subtle image manip-
ulations, such as shape changes using common warp tools.

In Fig. 4, we present an example image of a woman with
applied face modifications such as making the eyes and lips
bigger, and slightly changing the shape of the nose. Our
localised detection map clearly highlights the correct areas
of modification. While our watermark is robust to noise or
compression, which apply uniformly across the image and
primarily affect higher frequency components, even small
warping transformations can break it. This sensitivity oc-
curs because we embed our watermark in the LL band of
the DWT transform. The DWT decomposes the image into
different frequency subbands, with the LL band represent-
ing the large-scale approximation of the image. This band
contains the most significant information about the edges
and shapes, and is sensitive to geometric transformations.

5.4. Robustness
5.4.1. Cropping
We evaluate our method for different cropping strengths and
present the results in Fig. 8. Since we are using the brute-
force detection algorithm presented in Sec. B.6, we work
with a subsample of 1000 images per dataset. We set the
stopping criterion to p = 0:8, which yields a FPR of� 0:01
for each dataset. A cropping strength of e.g., 70% means
that we randomly remove 30% of the image area. Our re-
sults indicate that our method is highly robust against crop-
ping, maintaining a TPR of > 90% for all datasets when up
to 30% of the image area is cropped away. Even under radi-
cal cropping conditions where half of the image is removed,
our method still achieves high TPR values ranging between
76% and 91%. While the performance on all datasets is
strong, the results for WikiArt and DALL-E stand out as
particularly robust. This can be attributed to their larger im-
age sizes, providing more blocks for evaluation. A higher
number of blocks leads to more stable detection statistics
and reduces the influence of random variation.

5.4.2. Other Image Manipulations
In Tab. 2, we compare the performance of our method
with other post-hoc watermarking approaches, based on re-
sults reported in [43]. Across all similarity metrics, our
method achieves high imperceptibility—producing water-
marked images that closely resemble the originals.

In terms of robustness, our method performs comparably
to existing techniques when evaluated against common im-
age transformations such as JPEG compression, Gaussian



(a) Watermarked image [4] (b) Edited watermarked image (c) Detection map

Figure 4. Our watermark demonstrates high sensitivity to image warping operations, enabling the
detection of subtle manipulations.

Dataset Orig. Waterm.
COCO 18.62% 92.51%
DALL-E 16.82% 95.24%
DiffDB 18.46% 92.31%
WikiArt 19.49% 93.33%

Table 1. Watermarked area detected
in original vs. watermarked images.

Method PSNR ↑ SSIM ↑ LPIPS ↓ Pre-Attack Rotation JPEG Blur Contrast Noise Cheng20 Brightness Bmshj18
MS-COCO

MELB 36.07 0.99 0.007 1.000 0.973 0.969 0.991 0.160 0.877 0.020 0.606 0.041
DwtDct [8] 37.88 0.97 0.02 0.790 0.000 0.000 0.156 0.000 0.687 0.000 0.000 0.000
DwtDctSvd [8] 38.06 0.98 0.02 1.000 0.000 0.746 1.000 0.100 0.998 0.032 0.098 0.016
RivaGAN [42] 40.57 0.98 0.04 1.000 0.000 0.984 1.000 0.998 1.000 0.010 0.996 0.010
SSL [10] 41.81 0.98 0.06 1.000 0.952 0.046 1.000 0.996 0.038 0.000 0.992 0.000
CIN [19] 41.77 0.98 0.02 1.000 0.216 0.944 1.000 1.000 1.000 0.666 1.000 0.662
StegaStamp [34] 28.64 0.91 0.13 1.000 0.000 1.000 1.000 0.998 0.998 1.000 0.998 0.998
ZoDiac [43] 29.41 0.92 0.09 0.998 0.538 0.992 0.996 0.998 0.996 0.986 0.998 0.996

DiffDB
MELB 43.45 0.97 0.03 1.000 0.973 0.961 0.979 0.091 0.882 0.020 0.570 0.032
DwtDct 37.77 0.96 0.02 0.690 0.000 0.000 0.224 0.000 0.574 0.000 0.000 0.000
DwtDctSvd 37.84 0.97 0.02 0.998 0.000 0.812 0.996 0.088 0.982 0.030 0.088 0.014
RivaGAN 40.60 0.98 0.04 0.974 0.000 0.898 0.966 0.932 0.958 0.004 0.932 0.008
SSL 41.84 0.98 0.06 0.998 0.898 0.040 1.000 0.996 0.030 0.000 0.990 0.000
CIN 39.99 0.98 0.02 1.000 0.212 0.942 0.998 1.000 0.998 0.478 1.000 0.662
StegaStamp 28.51 0.90 0.13 1.000 0.000 1.000 0.998 0.998 0.998 0.286 0.998 0.996
ZoDiac 29.18 0.92 0.07 1.000 0.558 0.994 1.000 0.998 0.998 0.988 0.998 0.994

WikiArt
MELB 30.44 0.99 0.01 1.000 0.980 0.984 0.970 0.241 0.859 0.020 0.470 0.020
DwtDct 38.84 0.97 0.02 0.754 0.000 0.000 0.280 0.000 0.594 0.000 0.000 0.000
DwtDctSvd 39.14 0.98 0.02 1.000 0.000 0.698 1.000 0.094 1.000 0.000 0.096 0.034
RivaGAN 40.44 0.98 0.05 1.000 0.000 0.990 1.000 1.000 1.000 0.072 0.998 0.010
SSL 41.81 0.99 0.06 1.000 0.932 0.082 1.000 0.998 0.108 0.000 0.988 0.000
CIN 41.92 0.98 0.02 1.000 0.228 0.936 1.000 1.000 0.998 0.664 1.000 0.664
StegaStamp 28.45 0.91 0.14 1.000 0.000 1.000 1.000 0.998 1.000 1.000 1.000 1.000
ZoDiac 30.04 0.92 0.10 1.000 0.478 1.000 1.000 1.000 0.998 1.000 1.000 0.994
Colour keys: Norms: Best Value within 2% WDR: < 0.70 0.70 - 0.85 0.85 - 0.95 >0.95

Table 2. Comparison of watermarking schemes according to perceptibility (PSNR, SSIM, LPIPS) and robustness to image manipulations
(WDR post-manipulation). A higher WDR post-manipulation means the watermarking scheme is more robust. Grey-shaded manipulations
are considered out-of-scope due to their impact on image quality.

noise, and blur. While certain watermarks outperform ours
in overall robustness, particularly under extreme perturba-
tions, our method remains sufficiently resilient to modifica-
tions that do not substantially degrade image quality. Our
approach is less robust to contrast and brightness adjust-
ments. However, this aligns with our threat model, which
assumes a malicious actor is unlikely to apply transforma-
tions that visibly distort the image. E.g., a brightness factor
of 0.5 darkens the image by 50%, resulting in a perceptu-
ally significant alteration. Since our method is designed to
detect tampering that preserves visual plausibility, we con-
sider this trade-off acceptable within our intended use case.

6. Conclusion

We propose a simple yet effective post-hoc image water-
marking method, MELB, that combines localised embed-
ding with region-level interpretability. When embedding,
our method operates in the discrete wavelet transform do-

main, using a block-wise approach that randomly divides
the transform coefficients into allowed and disallowed re-
gions, then projects the image blocks onto the nearest al-
lowed regions. For detection, we adopt a one-sided hypoth-
esis test to determine whether an image is watermarked.
Our method outputs not only an overall detection score for
the whole image but also a detection map, highlighting the
areas where the watermark is found, providing users more
transparency. Compared to prior post-hoc methods, MELB
offers more interpretable detection while retaining compet-
itive robustness against rotation, JPEG compression, blur,
and noise, all while introducing minimal visible artefacts.
Notably, our method shows strong robustness to cropping,
maintaining detectability even when up to half of the image
is cropped away. Future work could explore alternative ap-
proaches to seed computation beyond our current method of
using the rounded mean colour of a block, e.g., investigating
various hashing functions.
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