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ABSTRACT

Smart devices and modern communication technologies now connect medical equipment
more easily, which helps improve diagnostic processes. These systems use medical images
to support diagnosis and decision-making, so it'’s important to protect those images. Digital
watermarking offers an effective way to secure medical images by embedding information
that can verify authenticity, protect copyright, and ensure traceability throughout the health-
care workflow. To address this issue, this paper presents a robust and efficient medical image
watermarking scheme that integrates the fast Beta wavelet transform (FBWT) with wavelet
neural networks (WNN). Firstly, we created a library of activation functions containing a newly
introduced family of Beta wavelets. Secondly, leveraging multi-resolution analysis (MRA)
and fast wavelet transform (FWT), the medical image was decomposed to obtain wavelet
coefficients. Finally, this approach embeds a watermark within the least significant contri-
butions of the host medical image using WNN while maintaining high imperceptibility and
robustness. Experimental results demonstrate the effectiveness of the scheme in balancing
invisibility and resilience against various attacks, making it a promising solution for securing
medical images in telemedicine applications. For imperceptibility evaluation, we used the
peak signal-to-noise ratio (PSNR) and the structural similarity index measure (SSIM), with
values of PSNR = 81.49 and SSIM = 1.000. In robustness testing, we measured the normalized
correlation (NC) and bit error rate (BER), obtaining values of NC = 1.000 and BER = 0.
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1  INTRODUCTION

Telemedicine has advanced significantly with the evolution of the internet and
communication technologies, enabling clinicians and patients to exchange medi-
cal images and other healthcare data efficiently. However, this digital transmission
raises critical concerns about intellectual property protection and data security.
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Digital watermarking provides a promising solution by embedding authenti-
cation or ownership information directly in medical images. This approach helps
ensure both the confidentiality of patient data and the integrity of medical records
while maintaining acceptable visual quality. Based on the notion of embedding infor-
mation, watermarking algorithms can be classified into spatial domain methods [1],
(2], [3], [4] and transform domain methods [5], [6], [20], [7].

The first type’s techniques embed data directly within the pixel values of the
cover image, often targeting the least significant bits to preserve the visual quality.
Examples of such methods include LSB, spread spectrum, CDMA, and the work
approach. In contrast, transform domain techniques are more commonly used and
work by embedding watermark data in the image’s spectral coefficients. Popular
transform domain techniques include the discrete cosine transform (DCT), discrete
Fourier transform (DFT), singular value decomposition (SVD), discrete wavelet trans-
form (DWT), Hadamard transform (HT), and Contourlet transform (CT). Insertion of
the secret data is generally easier in the spatial domain watermarking compared to
the transform domain. However, transform domain watermarking offers greater
robustness than spatial watermarking [8]. Traditional watermarking techniques
often depend on fixed wavelet bases and manually selected parameters, which can
limit their effectiveness, especially when handling the high variability and com-
plexity of medical images. To overcome these limitations, this work introduces a
watermarking method based on wavelet neural networks (WNNs). By combining
the learning capabilities of neural networks with the multiresolution properties of
wavelets, WNNs enable adaptive, robust, and imperceptible watermark embedding
tailored to the image’s characteristics. The integrated wavelets are part of a newly
introduced wavelet family called Beta wavelets.

The contributions we provided are highlighted in the following approach:

e (Creating a library of scaling and wavelet functions built from a mother
Beta wavelet.

e Computing the coefficients of the wavelet and scaling functions to determine the
least significant contributions in the cover image through the WNN, this will be
used as positions for embedding the watermark.

e Reconstructing the watermarked medical image and extracting the watermark
to evaluate the experimental results to balance the image’s imperceptibility and
robustness.

This paper is divided into the following sections: Section 2 presents an overview
of the related works. Section 3 presents the concepts of multiresolution analysis
(MRA), Beta wavelets, WNNs, and fast wavelet transform (FWT). Section 4 details
the steps of our methodology. Section 5 reports the experimental results, provides
their analysis, and compares them with other approaches. Section 6 presents the
limitations of the proposed method and future work. Finally, Section 7 provides the
conclusion of the work.

2 RELATED WORKS

This section reviews previous studies on robust digital image watermarking tech-
niques. These methods safeguard private content by ensuring resilience against
attacks. Methods differ according to the techniques used for insertion and extraction
of the data. Using transform domain techniques, we can see that Amsaveni et al. in
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their study [5] proposed a watermarking technique for medical images that uses the
Radon and Slantlet transforms. First, the cover image is transformed from the spatial
domain to the Radon domain, where rotation, scaling and translation change the posi-
tions of the hidden bits. This makes it difficult to detect the embedded data without
applying the inverse Radon transform. Then, the Radon-transformed image is shifted
to the frequency domain using the Slantlet transform. The secret bits are embedded
into the frequency coefficients by applying the pixel pair mapping method. Finally,
the watermarked image is created by embedding the side information into the robust
watermarked version. Building on this concept of combining multiple transforms for
enhanced security and robustness, another approach introduces a different set of fre-
quency domain techniques tailored for medical imaging. This study [6] integrated the
fractional discrete cosine transform (FDCT), radon transform, and Schur decomposi-
tion techniques to insert the watermark. The methodology specifically aims at low-
frequency coefficients containing essential structural and illumination information
for watermark embedding, thereby maintaining robustness and visual transparency.
However, this approach may face difficulties in extracting the watermark reliably
under changing conditions, and it still needs to be tested on various types of medical
images to confirm its clinical usefulness. Laouamer et al. [9] proposed a watermarking
method for medical images based on the Hough transform that detects line segments
used as embedding targets. Lines are identified using their (8, p) parameters to select
relevant regions and reduce computation. The watermark is generated from the peaks
of the detected lines and embedded on the corresponding pixels using linear interpo-
lation. A visibility parameter & controls transparency, with values close to 1 improv-
ing invisibility. The watermark extraction involves re-detecting lines and reversing
the embedding. The method achieves high imperceptibility (average PSNR of 65 dB)
and robustness (correlation coefficients close to 1), although it can be computationally
intensive and requires more extensive testing on diverse medical image datasets.

As a complementary direction to transform-based techniques, some approaches
integrate cryptographic tools to enhance security, especially for the protection of
sensitive medical data. In [10], the authors propose a watermarking method for
encrypted medical images that combines multi-level DWT, the Daisy descriptor and
DCT. First, the image is encrypted using DWT-DCT and logistic mapping. Then they
apply three levels of DWT and select the center of the LI.3 sub-band as the key sam-
pling point. At this point, they compute the Daisy descriptor, and transform it using
DCT. A perceptual hash is applied to the result to generate a 32-bit binary feature
vector. This method uses zero watermarking, which means that the watermark is
associated with the image features without modifying the image itself.

With the growing capabilities of deep learning, recent methods have begun to use
neural networks to improve the accuracy, adaptability and automation of watermark-
ing for medical image protection. Amrit et al. [11] proposed a dual watermarking tech-
nique for medical images using ConvNet-HIDE. They used a customized UNet3+ model
to segment medical images into regions of interest (ROI) and non-ROI, combined with
MobileNetv2 for feature extraction and pix2pix-based up sampling. This segmentation
enables precise watermark embedding. Two watermarks are embedded using the
Mobi-ConvNet model, minimizing distortion and improving security. The extraction
process uses a ConvNet model and principal component analysis (PCA) for reliable
watermark recovery. However, the method struggles to balance robustness, impercep-
tibility, and embedding capacity compared to simpler single watermarking techniques.

However, previous methods often face problems. They do not handle strong attacks
well, struggle to keep the watermark consistent across different image formats, and
are rarely tested in clinical settings. To address these issues, we combine the FWT
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with WNN. This approach allows for multi-level image analysis and detail localization.
To the best of our knowledge, our method is the first to use Beta wavelet neural net-
works to embed and extract watermarks while keeping them both invisible and robust.

3  TECHNICAL BACKGROUND

To ensure the robustness and effectiveness of the proposed watermarking method,
it is essential to rely on strong mathematical tools and signal processing techniques.
This section presents the theoretical foundations underlying our approach, includ-
ing multiresolution analysis, wavelet neural networks, and the use of Beta wavelets
and fast wavelet transform.

3.1 Multiresolution analysis

Wavelet theory enables the analysis of signals through a multi-resolution struc-
ture, applicable to both discrete and continuous time domains. This MRA decomposes
signals into components at varying resolutions, organizing them into subspaces,
each representing an approximation at a specific scale. The scaling function ¢(x, y)
approximates the signal, while wavelet functions w(x, y) capture the differences
between successive approximations.

In 2D images, this results in four sub bands: one approximation (LL) and three
detail bands, horizontal (HL), vertical (LH), and diagonal (HH) using coefficients V,
WH WY, and, WP respectively [12]. The relationships between these wavelets are
defined as equations (1), (2), (3), and, (4).

¢ y) = ¢00 y(y) (1
wH0G y) = g0 w(y) )
wV(x y) = w()ely) 3)
yP(x y) = y(y(y) 4)

The transformation functions for scaling and wavelets are represented as equa-
tions (5) and (6).

¢m,nX,ny(X’y) = 2[_7]¢( 2-my _ nX’Z—m V- ny) (5)

_m
2

v oY) = 2[ Jy/( 2mx-n,2my-n)ie{H\V,D} (6)

With m is the scale level, and n, n,are the translation indices.

Decomposition phase. The 2D multiresolution wavelet framework extracts the
scaling coefficients V' and the directional detail coefficients Wiusing dual scaling and
wavelet functions (¢, ) during the analysis phase and primal functions (g, ) during
the reconstructing phase [13]. These coefficients are defined in equations (7) and (8).
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With m is the scale level, and n,, n,are the translation indices.
Reconstruction phase. The signal reconstruction integrates approximation and
detail components as mentioned in equation (9).

N-1 M-1N-1 . .
f(X’ y) = XZOVm,nX,ny’ ¢m,nx,ny+ ;; ril,nx,ny’ l//rln,nx,my(x’y)’l € {H’ V’D} )

3.2 Betawavelet family

Beta wavelets represent an innovative and parametric approach to signal
analysis. These wavelets are built on the unique properties of the Beta function
developed by [14]; its equation is given by (10).

X=X, ’ X, =X q. [ |
BOGD,G X X ) =9 x = x, | | X, - X, Yxelx,x (10)
0 else
(px1+qx0)

where p, ¢, x, and x, € R, x, <x, and X= a0

The derivatives of the Beta function form the basis of orthogonal and biorthogonal
wavelet systems. These systems have finite supportand oscillatory behavior, and they
meet the admissibility condition. Beta wavelets are smooth (infinitely differentiable)
and follow the principles of MRA, which allows them to perform multiscale transfor-
mations of signals or images [15]. Figure 1 shows an example of a Beta wavelet and
its first two derivatives.

B(x) and its first two derivatives

1.00 A — Bx)
— Bilx)
0.75 + = Balx)

Value

-0.25 1

—-0.50 1

-0.75 1

—1.00 1

Fig. 1. Beta function and two first derivatives

98 International Journal of Online and Biomedical Engineering (iJOF) 1JOE | Vol. 21 No. 10 (2025)


https://online-journals.org/index.php/i-joe

iJOE | Vol. 21 No. 10 (2025)

Beta Wavelet Neural Networks for Medical Image Watermarking: A Fast and Robust Approach

In comparison with conventional wavelets such as Haar, Daubechies, and
Biorthogonal, which exhibit limited flexibility due to their fixed structural properties,
Beta wavelets offer a distinct advantage through their parametric design, governed
by the shape-controlling parameters a and B. These parameters allow precise adjust-
ment of the wavelet’s shape and smoothness, enabling the Beta wavelet to match a
wide variety of signal forms ranging from sharp edges to smooth transitions. This
inherent flexibility makes Beta wavelets particularly effective for processing com-
plex signals such as medical images, which typically contain both homogeneous
regions and abrupt intensity changes. Experimental results confirmed the supe-
riority of Beta wavelets within the proposed fast Beta wavelet transform (FBWT)-
based watermarking scheme, achieving a PSNR of 81.49 dB and an SSIM of 1.000,
significantly outperforming conventional wavelet-based methods. In another study
by Ben Amar et al. [15], Beta wavelets were applied to lossy image compression
tasks, where they outperformed standard wavelets such as Haar, Daubechies, and
Coiflet in terms of PSNR and mean squared error (MSE), while preserving important
image details. Furthermore, Zahmoul et al. [16] introduced a new chaotic encryption
scheme based on Beta functions, demonstrating enhanced security features, includ-
ing high entropy, strong key sensitivity, and superior resistance to statistical and
differential attacks, surpassing the performance of traditional chaotic maps.

These studies show that Beta wavelets are adaptable, precise, and robust. They
are well-suited for medical image watermarking, where image quality and security
are very important.

3.3 Wavelet neural networks

In 1992, Zhang [17] combined wavelet transforms and neural networks to create
the theory of wavelet networks, a powerful tool for signal processing and analysis.
The method uses a set of wavelets derived from a single mother wavelet, modified
by specific weighted translations and dilations. The hidden layer of the wavelet net-
work can include both scaled and translated versions of the mother wavelet’s scal-
ing function. This hybrid wavelet network is effective for adaptive representation
modeling of MRA of 2D signals. The output of this network is represented by the
following formula (11).

n m

f= fw + Ve, ke{HV,D} (11)
Zl 77

L
i=1 j

3.4 Fast wavelet transform

The fast wavelet transform is a powerful tool for MRA, combining spatial and
frequency information. It decomposes an image into four sub-bands: LL (approxi-
mation), HL (horizontal details), LH (vertical details), and HH (diagonal details), and
captures both coarse approximations and fine details at different scales [18]. This is
done using low-pass and high-pass filters in horizontal and vertical directions. FWT
efficiently highlights key image features while reducing computation time. To recon-
struct the image, the process is reversed using synthesis filters, gradually combining
details and approximations to restore the original with excellent fidelity. Figure 2
llustrates the 2D FWT architecture.
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Fig. 2. FWT architecture

PROPOSED WATERMARKING SCHEME

Building on the theoretical concepts presented earlier, we now introduce

the watermarking scheme. The watermark embedding process includes an adap-
tive training phase of the WNN, which identifies optimal insertion regions based on
the FBWT coefficients without the need for a large-scale training dataset.

Embedding watermark using FBWT and WNN

To generate the watermarked medical image C* a cover image C with size

p=M™* M and a watermark W with size ¢ = N * N are used. The watermarking pro-
cess involves the following steps:

Step 1: Library initialization: Develop a library of scaling and wavelet func-
tions, denoted as g = {g,, &,, ..., &,}. These functions serve as activation functions
in the WNN.

Step 2: Specify the number of iterations to be performed.

Step 3: Coefficient computation: Compute the coefficients W, WY, W» and V,
for the wavelet and scaling functions in the defined library. This is achieved by
applying an FBWT to the host image, utilizing a dual set of wavelet and scaling
function filters (h,g), organized in a list o,

Step 4: Contribution computation: Calculate the contribution of all activation
functions in the library

=Wy

Cr=Wly!

cr- Wy
C=V¢

Step 5: Sorting contributions: Arrange all computed contributions in ascend-
ing order based on their magnitude.

Step 6: WNN construction: Develop the WNN, where the output depends on
the hidden layer functions and their associated connection weights. The medical
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image is then divided into four parts, each containing the least significant con-
tributions. These identified regions represent the suitable positions to embed the
watermark, where the input (w,, Wy) corresponds to the size of the watermark.

e Step 7: Stopping condition: Set a stopping criterion where the number of itera-
tions must be divisible by 4. If this condition is not met, return to Step 2.

o Step 8: Watermark splitting and embedding: Divide the watermark into four
parts, each part into one of the regions containing the least significant contribu-
tions, using a scaling factor .

e Step 9: Watermarked image reconstruction: Reconstruct the watermarked
medical image by applying the primary set of functions (y, ¢) using Inverse fast
Beta wavelet transform.

Figure 3 illustrates the insertion process of the watermark in the medical image.

T3

/ \ [
| I s
Y .
Input Image

g FBWT th gy
5] S [0 Y (071738
: { ® H :

& Oy 0:8p

2. Extraction of scaling and
wavelet functions
coefficients

3. Extraction of the
image contributions

1. Creation of the Beta
wavelet library

1

1

|

1

1

1

i \
— \f‘ﬁ v,

l

1

|

|

1

1

|

|

6. IFBWT

The watermarked image

Fig. 3. Watermarking embedding architecture

4.2 Extraction watermark using FBWT and WNN

In this process, C* represents the watermarked image, and W* is the extracted
watermark. The watermark extraction process is semi-blind: while it does not require
the original cover image, it does rely on prior knowledge of the activation functions
and the scaling factor used during embedding. This ensures accurate extraction of
the watermark, but implies that some auxiliary information must be securely shared.

e Step 1: Library initialization: Get the same activation functions used in the
insertion module.

 Step 2: Coefficient computation: Perform FBWT to C* to get the the coefficients
of activation functions using (h, ).

e Step 3: Contribution’s computation: For each activation function, recompute
its contribution.
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o Step 4: Sorting contributions: Sort the contributions in ascending order.

e Step 5: WNN construction: Split C* into four sections, following the same method
used during the watermark embedding process. Then, using WNN, extract each
segment of the watermark from the least significant contributions by dividing
them by the scaling factor y.

_ Worst contributions
Y

W*

e Step 6: Reconstruct W*

4.3 Security of auxiliary information

In practical deployments, the sender and receiver share the required auxiliary
data, such as the activation function and scaling factor, during a one-time system
initialization phase. These values stay the same for all future sessions; they do not
need to be transmitted with each image. This avoids transmission risks and pre-
vents extra data from being embedded in the image. As a result, the image quality
remains unaffected, which is crucial in medical imaging to ensure proper clinical
interpretation. This approach keeps both security and image integrity intact.

5  EXPERIMENTS AND RESULTS

This section presents the experimental evaluation of the proposed watermarking
scheme in terms of imperceptibility and robustness, followed by a comparative analy-
sis against state-of-the-art methods. For every experiment, MATLAB R2021a was used
on a PC with an Intel Core i7 CPU clocked at 2.90 GHz and 16 GB of RAM. The water-
mark embedding and extraction processes each took less than 1 second per image.
Figure 4 shows the six different types of medical cover images employed: mammogram
(see Figure 4a), iris scan (see Figure 4b), chest CT scan (see Figure 4c), chest X-ray (see
Figure 4d), normal brain MRI (see Figure 4e), and abnormal brain MRI (see Figure 4f).

(a) Mammogram

(d) Chest X-Ray (e) Normal Brain MRI (f) Abnormal Brain MRI
Fig. 4. Cover images
The set of cover images used in this study comprises diverse medical modalities

sourced from publicly available datasets. The mammogram image originates from
the Breast Tumor Mammography Dataset, which includes high-resolution grayscale
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mammograms aimed at breast cancer detection. The iris scan is derived from the Ocular
Disease Recognition (ODIR-5K) dataset, which contains fundus images collected from
both eyes of 5,000 patients, facilitating research in ocular diagnostics. The chest CT scan
image is taken from the Chest CT-Scan dataset, which features annotated CT slices used
for lung disease detection. The chest X-ray is obtained from the Chest X-Ray Images
(Pneumonia) dataset widely used in pneumonia classification tasks. Lastly, the normal
and abnormal brain MRI scans are extracted from the National Library of Medicine’s
MedPix database, representing healthy and pathological conditions, respectively.

To evaluate the feasibility of the proposed FBWT-WNN watermarking scheme in
real-time scenarios, we measured its execution performance on the same computing
platform. The embedding and extraction processes required 0.007s and 0.006s per
512x512 image, respectively. These results confirm that the system operates in near-
real-time without relying on GPU acceleration or large-scale deep learning model
training. To further highlight its computational efficiency, we compared our method
with lightweight deep learning-based watermarking approaches such as UNet3+
[11] and Swin-UNet [19]. These methods require 0.022 and 0.013 s per image and
often depend on GPU processing.

We evaluated imperceptibility using PSNR and SSIM metrics. Our experimental
results consistently demonstrate high PSNR and SSIM values across various types of
medical images (CT, MRI, X-ray), confirming the imperceptibility and quality pres-
ervation of the watermarked images. As shown in Table 1, PSNR values range from
65.14 dB to 81.49 dB, demonstrating excellent preservation of image quality. SSIM
values for most images reach 1.000, confirming the near-perfect visual fidelity of the
watermarked images. Higher values of these metrics indicate better image quality.

Table 1. Imperceptibility tests

Tested Images PSNR SSIM
Mammogram 81.49 1.000
Iris Scan 73.13 0.999
Chest CT Scan 76.37 1.000
Chest X-Ray 79.04 1.000
Normal Brain MRI 80.01 1.000
Abnormal Brain MRI 65.14 0.999

Table 2 compares the proposed method to several recent watermarking
approaches. Our method clearly outperforms in terms of PSNR. Such high values
confirm the effectiveness of integrating Beta wavelets and WNN in achieving imper-
ceptible embedding while maintaining medical image fidelity.

Table 2. Imperceptibility comparison with other methods

Studies Proposed

PSNR 54.18 38.54 67.59 39.59 81.49

We applied medical-grade compression formats, specifically JPEG-LS and JPEG XR, to
three watermarked 2D DICOM slices. These slices were extracted from the 3D volumes
of the Bonn Open Pre-surgery MRI Dataset of people with epilepsy and focal cortical
dysplasia type II [21]. Although the original dataset provides 3D MRI volumes, 2D slices
were selected to reflect typical PACS workflows where individual slices are stored and
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processed. The three slices used in this experiment are shown in Figure 5. In this test,
compression was applied after watermark embedding. The images were decompressed
before extraction. We measured PSNR and SSIM for visual quality. The results, summa-
rized in Table 3, confirm that the proposed method maintains excellent image quality.

Fig. 5. Dicom images

Table 3. Robustness and visual quality results after JPEG-LS and JPEG XR compression

on watermarked images
Compression Format JPEG-LS JPEGXR JPEG-LS JPEGXR  JPEG-LS  JPEG-LS
(Imagel) (Imagel) (Image2) (Image2) (Image3) (Image3)
PSNR 59.16 46.32 58.41 45.77 58.03 45.32
SSIM 1.000 0.9997 1.000 0.9939 0.9982 0.9921

The robustness evaluation is assessed by subjecting the extracted watermark to
various common and geometric attacks. The similarity between the original and
extracted watermarks was quantified using Normalized Correlation (NC), while Bit
Error Rate (BER) indicates the proportion of incorrectly retrieved bits. As shown in
Table 4, the watermark is accurately retrieved under most attacks, with NC values con-
sistently close to 1 and BER values close to 0. Notably, the method is particularly resil-
ient to JPEG compression (QF = 90), Gaussian and Speckle noise, and median filtering.

Table 4. Robustness tests

Attack NC BER
No attack 1.000 0
Sharpening 0.9839 0
Histogram equalization 0.9453 0
Motion Blur 0.9918 0
JPEG Compression QF = 50 0.9964 0
JPEG Compression QF = 90 0.9952 0
JPEG2000 Compression CR =12 0.9754 0
JPEG2000 Compression CR =50 0.9752 0
Median [9 9] 0.9442 0.804
Median [7 7] 0.9599 0.775

(Continued)
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Table 4. Robustness tests (Continued)

Attack NC BER
Median [5 5] 0.9740 0.682
Median [3 3] 0.9897 0
Gaussian Noise 0.001 0.9990 0
Gaussian Noise 0.01 0.9993 0.069
Speckle Noise 0.001 0.9995 0.075
Speckle Noise 0.01 0.9956 0
Salt and Pepper Noise 0.001 0.999 0
Salt and Pepper Noise 0.01 0.9971 0
Average Filtering [3 3] 0.9935 0
Average Filtering [5 5] 0.9921 0
Average Filtering [7 7] 0.9908 0
Image Scaling 0.25 0.9882 0
Rotation 2 0.9929 0

In comparison with other methods, as shown in figures Figures 6 and 7, the NC
values demonstrate that our method consistently outperforms the other techniques,
maintaining higher similarity scores across different distortions, including noise
addition, filtering, blurring, and compression. Notably, our approach exhibits supe-
rior resilience against JPEG compression (QF = 90), salt and pepper noise (0.01), and
median filtering, where it achieves significantly higher NC values compared to the
other methods. This highlights the effectiveness of our hybrid watermarking tech-
nique in preserving the integrity of the watermark under common attacks, mak-
ing it a more reliable solution for secure medical image protection and copyright
enforcement.

. (7]
N Our

|

Histogram Equalization

Salt and Pepper Noise 0.01

JPEG Compression QF=90

Median Filter [5 5]

Median Filter [3 3]

T T T T
0.0 0.2 0.4 0.6 0.8 1.0
NC Values

Fig. 6. NC values comparison with reference [7]
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6  LIMITATIONS AND FUTURE WORKS

Despite the promising results achieved by the proposed watermarking scheme,
several limitations must be acknowledged. The method exhibits some vulnerabil-
ity to aggressive nonlinear filtering operations such as median filters with large
kernel sizes (e.g., 9x9), where the BER significantly increases. This is likely due to
the fact that the watermark is embedded in low-magnitude detail regions that are
strongly suppressed or modified by such filters. To mitigate this limitation, future
work will explore adaptive embedding strategies that select more resilient regions
based on local image complexity. Future work will focus on addressing these issues
by enhancing the system’s robustness to nonlinear distortions and integrating for-
mal security frameworks. In addition, future developments may involve the design
of adaptive watermarking strategies incorporating cryptographic features to ensure
both integrity verification and traceability in healthcare image workflows.

7  CONCLUSION

This paper introduces a medical image watermarking method based on the
FBWT and WNN. The proposed approach ensures excellent visual quality (PSNR up
to 81.49 dB) and strong robustness (NC = 1.000, BER = 0), with very little distortion to
the original image. It also outperforms several existing techniques, especially under
different types of attacks.

One of the main strengths of this work is the use of the Beta wavelet family,
which offers a flexible and powerful way to embed watermarks in different fre-
quency bands. This makes the method particularly suitable for protecting the
integrity of medical images, especially in remote diagnostics and secure healthcare
systems. Although the results are promising, the experimental evaluations confirm
the method’s suitability for near-real-time applications on standard CPUs without
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GPU support. However, future work will explore further optimizations for deploy-
ment on embedded or mobile devices.
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