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Abstract: Medical imaging is significant for accurate diagnosis, and here, noise often degrades image
quality, thus making it challenging to identify important information. Denoising is a component of
traditional image pre-processing that helps prevent incorrect disease diagnosis. Mitigating the noise
becomes difficult if there are differences in the low-level segment features. Therefore, a Generative
Adversarial Network (GAN)-aided Low-Noise Discriminator (LND) is introduced to improve the
denoising effectiveness in medical images with a balanced image resolution with noise mitigation.
The LND function is a key that distinguishes between high- and low-noise areas based on segmented
features, which are also achieved by tuning the peak signal-to-noise ratio (PSNR). Considering the
training sequences, the LND-identified intervals lessen the sequences to improve the changes in
pixel reconstruction. The generator function in this method is responsible for increasing the PSNR
improvements over the different pixels cumulatively. The proposed method successfully improves
the pixel reconstruction by 11.05% and PSNR by 9.75%, with 9.75% less reconstruction time and
13.11% less extraction error for the higher pixel distribution ratios than other contemporary methods.

Keywords: machine learning; neural networks; generative adversarial network; image denoising;
medical diagnosis

JEL Classification: 68T07

1. Introduction

Medical images are mostly captured via various types of scans and techniques. Medi-
cal imaging encompasses technology that provides optimal images for high-level healthcare
treatments [1]. Medical image denoising is a complicated task that eliminates unwanted
features from the images. A convolutional autoencoder-based denoising method is used
for medical images [2]. The medical data process validates the evaluation metrics of the
images, like accuracy and pixel order, and identifies the pixel that contains unnecessary
noises. The unwanted noises cause complexity during diagnosis, disease detection, and
ease of computation [3]. The SCAE-based method increases the accuracy of providing
good medical images to further the diagnosis process. The SCAE-based method increases
the accuracy of the noise reduction process [4]. Compared to traditional denoising proce-
dures, the hierarchical feature analysis enhances pixel accuracy and preserves the imaging
discrimination function [5]. An ultra-dense denoising network (UDDN) is also used for
medical image denoising. The UDNN uses a feature extraction technique that extracts the
essential features from the given medical images [6].

Pixel reconstruction is a process that generates medical input images from high-noise-
level scanned images. Image reconstruction requires proper details, such as minimal
peak signal-to-noise ratio, low mean square error (MSE), angles, pixels, and matrices of
the images [7]. Pixel reconstruction is used for medical image denoising, enhancing the
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diagnosis process’s feasibility ratio. The noise minimization is achieved through low- and
average-dose denoised image intensity measures [8]. The low-dose CT images identify the
complex region that contains noise and generate alternative construction to remove the
noise from the images and provide an accurate diagnosis of structure details in the image [9].
The KEM-based method increases the image reconstruction performance range, which
maximizes the denoising process’s reliability level [10]. An iterative denoising method
using a neural network is applied for image reconstruction. The iterative method monitors
the flexibility level of the images and identifies the noises [11]. The identified noises
produce relevant data for image reconstruction, minimizing latency. The iterative training
method improves the quality of reconstruction used for further clinical services [12].

Machine learning (ML) models are used for detection and prediction. ML algorithms
are widely used for medical image denoising to enhance the precision level in the noise
reduction process [13]. A deep learning (DL)-based noise suppression algorithm with ad-
justable weights for discrimination function, a denoising process, and a high-quality image
reconstruction mechanism is used [14]. The medical image contains various unwanted
noises, maximizing the complexity level in the detection and diagnosis processes [15]. The
DL algorithm denoises the images and produces clear medical images, which improves
the quality range of the disease detection process. A Generative Adversarial Network
(GAN)-based denoising method is also used for image denoising [16]. The GAN identifies
the comprehensive angle and content from the images. The identified features produce
the exact noise removal region, which decreases the computational cost range during the
denoising process. The GAN algorithm maximizes accuracy, improving patients’ lifes-
pans [17,18]. The challenge of traditional noise reduction methods in medical imaging
lies in their inability to suppress noise and preserve fine structural features, especially
when dealing with complicated distributions and varied forms of noise. To fill this need,
this study introduced the GAN-aided Low-Noise Discriminator (LND), which uses a dis-
criminator trained to zero in on areas with low-noise levels; this allows for more precise
and versatile noise reduction in a range of imaging environments. In contrast to more
traditional denoising techniques, this one guarantees greater retention of diagnostically
significant features. Our study addresses the need for an effective and generalizable de-
noising model independent of modality by integrating a specialized GAN framework with
noise-specific learning.

To improve noise reduction in medical imaging, the Generative Adversarial Network
(GAN)-aided Low-Noise Discriminator (LND) is a deep learning-based system that has
been created. It uses a GAN design, where the generator is responsible for denoising
images, and the Low-Noise Discriminator improves upon it by correctly detecting and
reducing patterns of residual noise. This method works well with various types of noise
and different intensities; thus, it may be used for various medical imaging applications
while preserving important diagnostic features.

Now, the contributions of this study are presented below:

A discriminator function is employed for PSNR estimation to reduce noise;
A GAN learning model is incorporated to distinguish linear and sparse distribution
of pixels;

e  The proposed method is validated using precision-based image reconstruction (experi-
ments) and statistical analysis (graphical).

The rest of this study is followed by Section 2, describing a recent literature review on
the proposed topic. Section 3 details the proposed Generative Adversarial Network-aided
Low-Noise Discriminator method. Section 4 gives the dataset used in this study and the
experimental setup. Results and discussion are given in Section 5. The conclusion is drawn
in Section 6.

2. Related Works

In medical imaging, noise reduction is an important field of study since it aims to
improve image clarity without losing diagnostically important features. Noise introduced
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during acquisition is a common problem in medical imaging that may impact clinical
decision making since it obscures crucial features and is caused by sensor limitations,
patient movement, and low radiation doses. This section summarizes important research
and developments in noise reduction methods applicable to this field.

2.1. Medical Image Denoising Techniques

Xu et al. [19] introduced an approach integrating secondary order-assisted total vari-
ance with deep input before picture denoising. The aim is to improve the efficiency of image
denoising, and the methodology utilizes an augmented Lagrangian method to transform
and effectively address the denoising challenge. The suggested technique eliminates noise
while preserving intricate details.

Huang et al. [20] created low-dose CT scans that were more transparent using a better
denoising method called DU-GAN with special U-Net discriminators. The goal is to boost
the image quality of low-dose computed tomography (LDCT) by integrating this novel
approach. The method employs a specific process to reduce radiation while ensuring
accurate medical diagnoses. The technique shows excellent noise reduction, specifically for
LDCT images.

Wang et al. [21] introduced a method using hybrid variation—sparse representation for
more transparent medical images. The goal is to improve pictures by addressing unwanted
fuzziness and distortions, enhancing overall understandability. The technique efficiently
decomposes layers, handling noise, blur, and gradient loss for effective medical image
enhancement. The process contributes to a comprehensive improvement in image quality
by addressing various issues.

Geng et al. [22] proposed the Triplet Cross-Fusion Learning model for denoising
using unpaired optical coherence-based tomography images. This approach enhances
accuracy using a simpler model, requiring fewer computing resources. The method aims
to improve denoising accuracy with a straightforward model structure. The technique
achieves performance similar to paired methods, even with limited training data.

2.2. Refinement Techniques for Noise Reduction

Li et al. [23] introduced an innovative image-denoising method using a patch-merging
refiner with UNet. The focus is on improving neutron radiography, a vital nondestructive
testing technique in the industry. The approach tackles discontinuity issues in traditional
threshold functions, enhancing the denoising process. The method preserves essential
details in neutron radiography.

Liu et al. [24] introduced a noise estimation network for CT denoising, focusing on
low dosage. The goal is to enhance denoising in low-level computer vision using a patch-
merging refiner (PMR) downsample module within the CNN-UNet model. PMR uses
subspace projection to eliminate noise during feature transformation while preserving
authentic information. The method showcases superior anti-noise capabilities on synthetic
and real-world noise images.

Liu et al. [25] introduced RA-UNet, an innovative picture-denoising model inspired by
Noise2Noise. The model incorporates a multi-residual convolutional block with attention
within the UNet architecture. The approach strives to improve image denoising, making
generated images clearer and surpassing the denoising effectiveness of established models
like DnCNN and ADNet. The method improves the extraction of crucial information,
contributing to its denoising success.

Lu et al. [26] introduced a novel technique for denoising using adaptive wavelet form
thresholding. The adaptive wavelet threshold mechanism contributes to the method’s
effectiveness in mitigating noise, showing promise for industrial image quality improve-
ments. The technique effectively addresses Gaussian-Poisson mixed noise, a common issue
in industrial testing. The method reduces the mean square error compared to four other
denoising methods.



Mathematics 2024, 12, 3705

40f21

Xiao et al. [27] analyzed ACRNet for image denoising with a robust loss function.
The method is based on a deep CNN, showcasing advanced ML applications. ACRNet
enhances denoising by skillfully balancing receptive fields, computational simplicity, and
information retention through an adaptive hierarchical structure. The method consistently
provides effective denoising results across diverse tasks and image variations.

Okuwobi et al. [28] introduced an innovative method for joint denoising and augment-
ing multimodal medical images. The primary goal is to enhance medical image quality by
integrating statistical and morphological models. The technique uses a flexible model to
remove known and unknown noises in medical images. The approach improves medical
image quality through a combined statistical and morphological model.

Wang et al. [29] applied MR image reconstruction using auto-encoding priors in the
undecimated wavelet domain. The method uses compressive sensing to speed up magnetic
resonance imaging (MRI). The technique efficiently uses MR inputs with a small sample of
k-space data. The process demonstrates significant potential in enhancing the efficiency of
MRI data acquisition.

2.3. Denoising Process

Guo et al. [30] improved a real-time medical image resolution using deep wavelet mul-
tiscale autonomous unmanned analysis. The goal is to enhance visual clarity by removing
noise from medical images. The method is designed for real-time applications, particularly
in medical image denoising and information concealment. The approach showcases the
effectiveness of advanced techniques for immediate enhancements in medical imaging.

Wang et al. [31] presented a scale-sensitive GAN (ssGAN) to increase the resilience
of LDCT denoising by successfully handling noise and artefacts. The suggested network
has a multiscale residual discriminator that improves sample discrimination by expanding
the receptive field and an error feedback pyramid generator that carries out multiscale
feature extraction and noise reduction. The usefulness of this strategy for low-dose CT
imaging is demonstrated by experimental results that demonstrate its superiority over
current approaches in terms of structural preservation and generalization capabilities.

Chao et al. [32] improved a low-dose cone-beam CT (CBCT) using a joint denoising and
interpolating network. The aim is to enhance CBCT image quality while reducing radiation
exposure, making medical imaging safer. The suggested learning-based framework could
be integrated into CBCT systems, advancing CBCT technology with less radiation exposure.
The method achieves a milder dose reduction and improves CBCT image reconstruction.

El-Shafai et al. [33] applied different image-denoising techniques for medical images,
highlighting how crucial precise noise reduction is to improve diagnostic capabilities.
It discusses conventional denoising strategies and emphasizes how well deep learning
methods, especially those that use convolutional neural networks (CNNSs), estimate actual
noise and extract pertinent features. The study also compares several approaches, outlin-
ing their benefits and drawbacks, and suggests possible medical image-based denoising
research directions.

Kyung et al. [34] proposed a denoising approach, Residual Fast Fourier Transform-
Aided Convolution (RFFT-Conv) blocks, with GAN enhanced by multi-task learning,
for low-dose computed tomography (CT) inputs. Improved denoising performance and
improved discriminator feedback are demonstrated in this research. The intricacy of putting
multi-task learning into practice in clinical situations and possible difficulties generalizing
the model across many CT domains are possible drawbacks.

Youyi Song et al. [35] suggested learning from Al-generated annotations for medical
image segmentation. The two main concerns explored in this research are (1) the best
way to quantify the loss value on Al-generated annotations, which are prone to mistakes,
and (2) the best way to modify the model’s parameters when the loss value is no longer
an appropriate oversight for medical picture segmentation. The key takeaways are that
(1) there are loss functions that can withstand mistakes and (2) when updating the model
by “cross-training”, which involves utilizing data from its “twin” model with a modest



Mathematics 2024, 12, 3705

50f21

loss, the model can still handle the loss function to a certain degree. The novel technique
outperforms current methods for medical image segmentation when it comes to preventing
annotation mistakes, according to data from a publicly accessible dataset. This opens the
door to the possibility of using Al-generated annotations to train a segmentation model for
medical image segmentation.

Younus FAROOQ et al. [36] proposed the Convolutional Neural Network-Based
Denoising Autoencoder for Noise Removal from the Image. The suggested approach is a
painstaking two-step procedure to remove background noise successfully. The first step
is separating the input photos into training and testing sets. It then trains a denoising
autoencoder model using the specified training data. Next, it is trained on a convolutional
neural network (CNN), which improves the model’s noise reduction capabilities. Data
collected during testing are used to determine how well the system performs. The research
uses the MATLAB R2023b programming environment for both development and testing.
The suggested solution substantially outperforms the state-of-the-art methods on two
separate datasets, the COVID-19 radiography database, and the SIIM medical pictures. The
results were evaluated using RMSE and PSNR metrics.

Mohanapriya G et al. [37] recommended the Kalman Bucy Filtered Neuro Fuzzy Image
Denoising for Medical Image Processing. The first step is to use the Kalman Bucy Filtering
technique to apply measurements to medical pictures taken from the Brain MRI LGG
segmentation dataset. In the second place, the membership grade addresses uncertainty
in the Neutrosophic Neuro Fuzzy set (NNEFS), fed filtered medical pictures as input. The
three membership grades, truth, indeterminacy, and falsity, are supposed to help efficiently
manage the ambiguity in noisy images. The result is a more effective image-denoising
procedure with higher PSNR. Performance measures such as reduced execution time by
38% and improved PSNR and true positive rates by up to 13% and 14% are experimentally
evaluated using medical images.

Karl Ludger Radke et al. [38] discussed the Chemical Exchange Saturation Transfer
(CEST) magnetic resonance imaging (MRI) for denoising Synthetic Phantoms in Medical
Imaging. Autoencoders were trained using synthetically produced phantoms and evaluated
against classic denoising techniques on different datasets. The findings across a broad noise
gamut demonstrated that NNs, especially the ResUNet designs, outperformed analytical
noise detection and abatement techniques. This advantage was most apparent in the in vitro
results at higher noise levels. While some conventional approaches failed, particularly in
low-noise reduction cases, neural networks considerably improved PSNR values, reaching
as high as 35.0.

The generalizability of existing denoising techniques for medical images is impacted
by challenges with robustness over a range of noise intensities, restricted multiscale fea-
ture extraction, and high processing needs. Using an error feedback pyramid generator,
the ssGAN increases sensitivity to noise at various scales while enhancing robustness
and flexibility, but it still has a sparse distribution of images left unaddressed. Feature
extraction is improved by a multiscale residual discriminator with a broader receptive
field, guaranteeing distinct separation of the genuine signal from noise. The GAN-LND
method improves LDCT denoising and achieves strong noise reduction while maintaining
important image information by employing multiscale noise classification and adaptive
refinement. Its sophisticated discriminator structure further enhances artefact suppression
in various CT domains.

3. The Proposed Generator Discriminator-Balanced Linear Noise Discriminator
Function Method

The proposed Generative Adversarial Network (GAN)-aided Low-Noise Discrimi-
nator (LND) method is designed to process the images acquired from the medical field.
PSNR is extensively used in image processing research since it measures picture quality by
assessing the similarity between the original and denoised images. It offers an impartial
assessment of the efficacy of noise reduction while maintaining the image’s structural and
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textural integrity. In medical imaging, PSNR is a dependable metric for evaluating noise
reduction efficacy, with higher PSNR values indicating superior retention of diagnostically
significant features. The noise in the acquired image becomes difficult to reduce; at that
time, the low-level segment features are disparate when tuning the PSNR, regardless of the
pixel arrangement and distribution. The generator discriminator-balanced linear function
is used for analyzing normal and noisy images based on the segmented features. The PSNR
is computed using pixel arrangement and pixel distribution to identify the peak error. Peak
error denotes the highest absolute difference between matching pixels in the original and
reconstructed (denoised) pictures. This statistic is essential for assessing the worst-case
scenario in picture quality deterioration, especially pertinent in medical imaging, where
slight errors might influence diagnostic decisions. This ratio is aided as a quality measure-
ment between normal and noise images, where maximum fluctuation in the input images
is identified. The PSNR is measured to control noisy pixels in the input images, which
are pursued using the proposed method. The mean squared error (MSE) value measures
PSNR to compare image quality. The normal input image is represented as (IMG (r,c)),
and the compressed (reconstructed) image is represented as (IMG;(r, ¢)), processed and
compared using PSNR measurement, and low-level segment features are disparate. Hence,
based on pixel detection, the proposed method mainly performs two processes, including
linear distribution.

Medical imaging noises, such as speckle, salt and pepper, and Gaussian, are handled
well by the suggested Generative Adversarial Network (GAN)-aided Low-Noise Discrimi-
nator (LND). While the generator creates denoised images from scratch, the discriminator
improves noise suppression by zeroing in on residual noise’s spatial and statistical prop-
erties due to the Low-Noise Discriminator module. By capitalizing on the predictable
statistical distributions and textural patterns of both speckle and Gaussian noise, the strat-
egy outperforms previous approaches in minimizing both types of noise. On the other
hand, the sparsity and irregularity of highly impulsive noises like salt and pepper make
them difficult to handle. To ensure the model generalizes successfully across varied noise
profiles, it is important to include adaptive training mechanisms, such as loss functions that
are particular to the noise or focused augmentation procedures, to increase performance
for specific types of noise.

From the diagrammatic illustration in Figure 1 below, the proposed LND method
involves the following steps.

Medical Image
Acquisition(normal,
noisy)

Y

Linear
Generator Distribution
: Function
Pixel Detection (GFT)
l PSNR,
MSE
. econstructed High
e e calculation . .
Discrimination Sparse resolution denoised
Function Distribution and enhanced
image
Iterative
Training

Figure 1. Graphical representation of the proposed GAN-LND method.
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3.1. Pixel Detection Process

The tuning of PSNR is performed using pixel distribution and arrangement, which
is responsible for denoising images from the medical field. The input features can be of
any type, related to velocity, frequency, noise level, etc. Noise reduction in any type of
medical image can be modelled as follows. Let us assume M € Rx x x shows a noise image
and N € Ry x y shows the general input medical image. In this instance, the connectivity
across M and N is computed as

M = o(N) 1)

The operation of image denoising of a noisy input is to identify a discrimination
function termed Df to satisfy

argmin||N — Df(M)||* )

This proposed method aims to find an alternate discrimination function Df to maxi-
mize PSNR. This process maps the normal and noisy images to improve the discrimination
function. Low-Noise Discrimination functions with low-level segmented features can
solve the precise pixel distribution. Hence, the MSE computed for the acquired image is
as follows.

_ Lrc[(AMG; (1, ¢)) — (IMGy(r, o))’

MSE
S M x N

+ (Dfmax - Dfmin) (3)

where the variables r and c are used to represent the row and column of the medical images.
Therefore, the MSE value via PSNR is computed as follows:

2
2
max Fe™ ™Y
0<x,y<1

PSNR = 20log,, \iSE

4)

Equation (4) shows PSNR is derived from its definition as a logarithmic measure of the
ratio between the maximum possible power of a signal (the image’s maximum fluctuation)
and the power of the noise (MSE). In Equation (4), the variables F and e represent the input
medical image’s maximum fluctuation (variation) and pixel error. Using these features, the
process of detecting the pixels is performed as follows:

2
max Fe ™Y
0<x,y<1 . M(I‘,C)
min Fe—x¥? N(r,c)
0<x,y<1

1
M % N 2(N — Df(M))

Pixely =

(5)

Equation (5) expands upon the pixel-level error detection by considering the nor-

malized fluctuation range of pixel intensities, represented by F, relative to the minimum

. . R . . . M(r,c .
and maximum intensities observed in the noisy image, where N((r C; are the current noise-

contaminated version of the image and its corresponding raw input. The conditions

2 . 2 . . .
max Fe™Y" and min Fe™7" represent the maximum possible fluctuation and error
0<x,y<1 0<x,y<1

pixel and the minimum possible fluctuation and error pixel observed from the input images.
The variables 9, frq and 3 are used to represent the velocity, frequency, and discolouration
observed in both the raw and noise images. This observation is used to compare the images
for suppressing the noise present in the images. The pixel distribution process is illustrated
in Figure 2. The main goal of the proposed GAN-aided Low-Noise Discriminator (LND)
approach is to learn and reduce noise patterns that are shared across several imaging modal-
ities, making it technology agnostic. These modalities include CT, MRI, and X-rays. The
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IMG (r,c)

model was trained to generalize across varied acquisition settings by exposing it to a wide
dataset that included images from several imaging modalities with differing noise character-
istics. The level of artefacts or noise elements that are distinctive to a certain modality may
cause it to function differently. Examining the possibility of combining modality-focused
pretraining with domain-specific fine-tuning might increase generalizability.

xyg D [;Iy

Detected Output

Fluctuation Error

Figure 2. Pixely detection from M € Rx x x.

IMG; (1, ¢) is the input that is first discriminated as (r * ¢) to extract PSNR from each
of its distributions. Two conditions, 0 < x and y < 1, are, respectively, validated for F and e
presence, such that the distribution is found. This distribution is validated for (x * x) € M
and (y *y) € N until the maximum discrimination to the last pixel is detected. The pixely
is, thus, the output of (M * N)V(x * y) identified with Df (Figure 2). For the different Pixely,
the extraction rate is specified in Table 1. This rate is presented from the dataset images
accounted for in this study. Pixel intensity changes and noise patterns are the main targets
of the proposed technique. These aspects are crucial for medical images and diagnostic
accuracy. Image transparency and shadow rate are crucial features, yet they usually come
into their own when dealing with certain imaging modalities or sophisticated visualization
methods. With a focus on noise reduction and structural preservation, our current model is
built to generalize across various medical images.

Table 1. Pixely for different (r * c).

rxc PSNR F e Pixely
1x1 26.3 +0.11 0.42 0.59
2x2 28.6 +0.101 0.38 0.72
4x4 31.25 +0.008 —0.07 0.85
8x8 29.25 +0.101 —0.02 0.92
16 x 16 322 +0.086 —0.08 091
32 x 32 35.04 +0.095 —0.09 0.9
64 x 64 28.69 +0.105 0.12 0.65

128 x 128 35.07 +0.07 —0.085 0.85
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The above tabulation is presented for a single IMG, (r, ¢) fetched from the dataset.
The (r x c) is varied between (1 x 1) and (128 x 128) for the size and texture used for
diagnosis. In this process, the Df determines F for the achievable PDNR. As the F variates,
the e is influenced throughout, such that Pixely is impacted. Considering the difference
between successive (r x ¢) utilized F, the e is computed. Therefore, the reconstruction
process sustains this flaw using GAN, which will be discussed later (Table 1).

3.2. Low-Discrimination Function

The velocity, frequency, and discoloration are computed as the number of noisy pixels
detected in different regions. In such cases, the error causes pixels to take place in N(r, ¢)
due to noise occurrence. Equation (6) defines the low-discrimination function, Low(Df),
as a measure of how noise impacts pixel intensity distribution. Therefore, these noises
present in an input image impact the available networks in any instance for which the
low-discrimination function is performed, as follows

O+ frq+3

Low (Df) = 5 (6)

2
max Fe ¥
0<x,y<1

In this medical image processing, the PSNR is used to identify noise presence in an
input image and find the noise properties in a particular region with a discrimination
function. We identify the noise presence in the spatial domain because it is easy to define
and classify the smooth and noisy pixels in a specific region. If a region containing low-level
segment features is selected and the presence of noisy pixels is suppressed using GAN-
aided LND, the variations in the selected region are due to the noisy pixel distribution.
Moreover, the chosen smooth region was independently analyzed to overcome the impact
of non-smooth regions. Hence, it is the best way to estimate noise.

3.3. Mean Deviation and Standard Deviation Calculation

We can validate the mean deviation rather than the standard deviation to compute
the noisy pixel distribution. In this proposed method, the mean deviation is more efficient
than the standard deviation considering the metrics. The standard deviation leads to
improper noise validation. Therefore, we can use the mean deviation value for precise
noise estimation. The mean deviation is represented as A the difference between pixel
values x(x,y), and their mean pcqy, is expressed as

1 M N
A= mzle Zy:l”“(xf Y) - FLmean”2 (7)
where .
M N
Hmean = szzl Zyzl (X(X, Y) (8)

where A represents the mean difference or absolute mean deviation observed in the pixels.
Contrarily, the standard deviation o is estimated as

o= i T T (45, 9) ~ o) ©)

In Equation (9), the pixel detection in an input image contains the mean deviation A
and the standard deviation o due to unnecessary noisy pixels in images. Here, this deviation
is computed to overcome the issues for which the appropriate pixel reconstruction is made.
The discriminator function definition is presented in Algorithm 1.
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Algorithm 1: Discriminator Function Definition

Input DF(Pixely, r, ¢)
Output low MSE

1. Initializer € {1,2,...,x},c € {1,2,...,y}
2. calculate Df as M = o(N) such that argmin||N — Df(M)||?

if Df(pixel) = maxp<y then

calculate 1 = a(x,y) - =
d+frq+3
2

max_Fe~%¥?
0<xy<1
) e —

2
min_Fe XY’

calculate

0<x,y<1
else if Df(pixel) = ming<y then
F = maxpx — ¢
r=E
y
Df = high
end if
3. calculate pyean Where (M« N)V(x *y)
4. calculate MSE

3.4. Generative Adversarial Network Architecture

The low-resolution image is processed to convert into a high-resolution image to
achieve super-resolution for improving medical diagnosis. GAN is an essential tool for
performing image denoising. Generally, GAN performs two functions: discrimination
function DFT and generator function GFT. In this study, the generator function increases
the PSNR across various pixels, whereas the discriminator function suppresses the pixel
noise and maximizes PSNR. This generator function generates artificial sample images
based on original pixel values from low-level segmented features. Utilizing 3 x 3 kernel
sizes, ReLU activations, and skip connections to maintain spatial information, the genera-
tor architecture comprises convolutional layers with residual blocks intended to capture
complex noise patterns and recreate medical pictures devoid of noise. For hierarchical
analysis of noisy features, the discriminator uses convolutional layers with progressively
larger filter sizes (e.g., 64, 128, 256), batch normalization, and LeakyReLU activations to
improve feature learning and stability. The LND module also incorporates an auxiliary
classifier that focuses on separating areas with high and low noise to improve pixel and
perceptual accuracy. This classifier makes use of a hybrid loss function. The Df in the
PSNR measurement is used to classify the original sample and artificial sample image. The
generator function is used to camouflage the Low-Noise Discriminator using optimiza-
tion with pixel distribution. From the process, a Low-Noise Discrimination function is
trained to maximize PSNR. Considering the training sequences, the low-discrimination
function identified that intervals are reduced to increase the swiftness in denoising (pixel
reconstruction). Therefore, the process of GAN is as follows: if the generator function
produces a sample, then a high-noise discriminator function is observed, which proves
that the generator function is trained well and that the discriminator network can easily
distinguish between the linear distribution and sparse distribution. Therefore, the effect
of the generator function is insufficient for further processes. This pair of discriminator
and generator functions is trained alternatively until the PSNR is increased. Therefore,
the PSNR is computed as linear distributions without sparse distributions influenced by
noisy pixels. Mathematically, GAN contains the generator and discriminator function with
min/max condition formulated as

min max L[log((DFT(x,y)))] + Spq[log(1 — (DFT(GFT(n))))] (10)
where Ly and Sp are the linear and sparse distribution of raw and compressed images
observed from the input images, respectively. The variable (DFT(x,y)) represents the
probability of x and y subjected to the original image pixels, and n is the noise in the
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acquired images. Image denoising is processed to enhance the quality of such images by
suppressing the noise. In this scenario, the x and y wavelet-based method is used to achieve
the best denoising method. The GAN for (x, y) until (M, N) is illustrated in Figure 3.
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Figure 3. GAN representation for Ly and Sp for (x,y) until (M, N).

Image quality can be drastically reduced when the discriminator incorrectly identifies
low-noise regions as high-noise ones or vice versa. A loss of important diagnostic features
might occur due to over-smoothing caused by false positives, which make low-noise
areas noisy. Alternatively, medical imaging features like tiny lesions or tissue textures
might be obscured by residual noise caused by false negatives, which fail to identify high-
noise locations. By making it harder to see important structures, these mistakes directly
impact diagnostic accuracy and may cause misunderstandings or forgotten diagnoses. The
suggested GAN-assisted Low-Noise Discriminator (LND) uses adaptive loss functions
and robust training to reduce the risks of misclassifications. Using a carefully selected
dataset with a wide range of noise levels and patterns, the discriminator is trained to
correctly distinguish between various kinds of noise and their intensities. To further reduce
the number of false positives and negatives, the discriminator incorporates a hybrid loss
function that considers feature-level realism alongside pixel-wise accuracy. Correcting
training-stage misclassifications and improving the model’s capacity to retain critical
diagnostic features are achieved by iterative feedback between the discriminator and
generator, further refining the noise removal process.

In Figure 3 above, the GAN representation for [(Ry X y)(Rx x x)] and Df(x, y) until
(M x N) is given. In this process, the generator function is responsible for the correla-
tion of o(x,y) with Df(x =1,y = ¢) in pixelq. The outputs (succeeding) in minppr and
(failing)maxgpr are used to detect Lq and Sp4 for the matching (M x N)Pixely. Therefore,
the discriminator o and generator Wy, are trained using Lq and Spq under consecutive
pixel distributions (Figure 3). Based on the increasing network depth, the segment features
in each layer rely on various fields. In this scenario, the proposed Generative Adversarial
Network-aided LND is applied to obtain complete data and connectivity in each layer. In
this research, pixel reconstruction improves the medical image resolution and reduces noisy
pixels. To improve the PSNR in each pixel distribution, pixel reconstruction is utilized
for the generator function. In this research, the GAN-LND with identified intervals is
handled to extract the sequences from each pixel. This way, the PSNR is computed as
linear distributions without sparse distributions influenced by noise pixels; the extractable
sequences are used for diagnosis. From the above GAN representation, the different L4
and Sp 4 rates for several iterations are tabulated in Table 2.
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Table 2. Ly and Sp for several iterations and r X c.

rxc Iterations Lq Spq Correlation Factor
. 300 —0.27 ~0.38 0.52
x 1200 0.12 0.32 0.72
ind 300 ~0.101 0.37 0.62
x 1200 0.25 0.25 0.78
- 300 0.18 ~0.101 0.56
x 1200 0.31 0.52 0.82
300 0.32 —0.21 0.71
16 x 16 1200 0.425 0.48 0.88
300 0.32 0.23 0.75
32 x 32 1200 0.4 0.51 0.85

In Table 2, the Ly and Spy for (r x ¢) fewer than 1200 training iterations with the
correlation factor are presented. Lgq and sp, are inversely proportional based on the
available v, frq, and 3. As the 3 correlation increases, it decreases to under-distinguishable
A. Therefore, low (Df) is the accidental case that validates (x,y) with (r,c) until (M, N).
The B(x,y) requires high (stabilized) L4 to improve image quality and free it from noise.
This feature alone increases the PSNR of the IMG;(r, ¢) by augmenting minpgr.

3.5. Loss Function

The loss function is challenging to define for the GAN-aided LND-aided image de-
noising process. The loss function of sparse distribution impacts the noisy pixels for precise
image restoration. The various medical image denoising processes are employed for differ-
ent loss functions. The MSE or Loss; is the primarily used GAN-based method to increase
PSNR. However, this method includes the sparse distribution, which causes log loss and
cross-entropy loss. Furthermore, in this study, we estimate the PSNR measurement with
loss. To effectively deal with different types of noisy images, the structural loss Pg (X, y,)
is identified from the Loss¢. Hence, the final Loss¢ is computed as

Po (x0,¥,) = /Pe (XOtryOt)dXt (11)

and
Lossg = —log(Pe (x0,¥y)) (12)

The above equation follows the linear and sparse distribution from the extractable
sequence until the noisy pixels from such images are categorized. The current input image
is handled to reduce noisy pixel occurrence depending on the LND-identified intervals
until swiftness in pixel reconstruction is improved. The above sequence of LND-identified
intervals is analyzed using the linear distribution output to reduce noise between the
same pixels. In this scenario, the observed data from input medical images must be
converted into controls to be distributed for accurate LND-identified time intervals to
increase PSNR measurement. In addition, the linear pixel distribution is instantaneous
to meet the high-level segment features using the discriminator function. Therefore, the
generator and discriminator functions are used to measure PSNR for pixel reconstruction.
In Algorithm 2, the Loss¢ description is presented. Reconstruction accuracy may be easily
measured by minimizing the mean square error (MSE) and quantifying the pixel-wise
differences between the original and rebuilt images. Low mean square error is considered
very important in image reconstruction. Reconstructing images with a low mean squared
error (MSE) ensures that diagnostically significant information is maintained, which is
crucial in medical imaging.
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Algorithm 2: Loss Function Loss Description

Input Py (xo, yg)
Output Loss; computed loss for the GAN-based image denoising
5. Initialize Loss; = 0, min, max, n
DFT  GFT
6. for each noisy pixel in the image, do
a. identify pixel(x,y)
b. calculate reconstruction loss

Pa (x0,¥o) = J Po (0, ¥, ) dx:
if {F > Pg(xo,y,) } then
update Loss; = —log((Pg (xo,¥)), +1log(Pe(r,¢)))
Pg (Xo, yo) = dx¢ + dYt
else if {F < Py (xo,yo)} then
Lossg = —log(Pg (x0,Y;))
Pg (x0,yo) = dxcordy,
end if

[((IMG; (r,0)) — (IMGa (1,0))) )
7. calculate Ze<(M 1<r1\CA))X]\I(IM 2(s0)] + (Dfmax — Dfmin)

8. Totaljygs = Loss + Lossgan

3.6. Image Reconstruction Process

The GAN output identifies and differentiates the linear and sparse distribution in
this image reconstruction process. The training is performed through PSNR measurement
and extractable sequences to satisfy the Low-Discrimination function. The first step of
this discriminator function is to sample the accurate noisy pixel detection sequences if
the loss function is computed. The generator function satisfies the maximum PSNR mea-
surement over the different pixels, which is the best output for performing high-pixel
reconstruction. The serving inputs for the training are the extractable sequence from sparse
distribution, the consecutive samples of 00, 01, 10, and 11 across the different pixels at
different time intervals. For increasing the PSNR measurement, the assessment initiates
from the extractable sequences with the first training set as IMG; (r,c). This training is
the sparse distribution-observed instance. The noisy pixel is identified if this distribution
is observed in any sequence (later). Hence, in the GAN-based method, the sparse distri-
bution is accounted for when identifying the noisy pixels in input images. In this study,
the noisy pixel detected image and its corresponding image are processed for similarity
analysis, and this analysis output is inputted to the network to improve PSNR. In this
way, the pixel distribution is enhanced to improve reconstruction. Additionally, this study
employed linear distribution without sparse distribution, suppressing the reconstruction
and loss function to train the extractable sequences for satisfying the low-discrimination
function. The input image has been compressed for rows and columns, and the raw image
is required through various methods. GAN-based LND-identified intervals represent a
better reconstruction output than other methods. However, the reconstruction reduces
noisy pixels from the acquired images between similar pixels based on training the GAN
function using a linear distribution output. This problem is overcome using the proposed
method and discriminator function. Based on GAN-aided LND, the additional method
to estimate the difference between the denoised and ground-truth images is to mitigate
the network convergence and sparse distributions. The image reconstruction process is
illustrated in Figure 4.

The minpgr - maxgrr is the actual reconstructed output with Loss;. The DFTyy is
required for Ly and Sp differentiation for (r x c) across Pg (xo, y, ). If the matching criteria
satisfy maxo<x and miny<y, then Pg (Xo,y,), the reconstruction is performed using dx;
and dy,. Therefore the A is the non-replaceable pixel regions of Ly N Spy, for which
reconstruction is performed (Figure 4). Image Reconstruction using GAN is given in
Algorithm 3.
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Figure 4. Image reconstruction process using (X, y;)-

Algorithm 3: Image Reconstruction using GAN
Input IMG; (r, ¢)
Output IMGreconstructed (I‘, C)' PSNR

1. Initialize GAN G, D
2. for each iteration, do

a. sample noisy pixels from IMG;

b. calculate Py (xot, YO¢> = Gnoisy

c. compute Loss; = —log((Pg (X0, ;) )
d. update G and D using Loss¢

3. denoise IMGyeconstructed (1, ¢) = G(IMGy)
4. Calculate PSNR between IMGieconstructed (T, €) and minpgr - maxggr
5. return Py (XO, yo)

In the proposed network, the final reconstruction loss is defined as

min max Loss¢(DFT(x,y), GFT(X,y)) + Bioss (GFT(X,y)) (13)
DFT GFT

Based on the initial and extractable sequences, the linear distribution output is used
to train the GAN function. In the first extraction, the discriminator function is defined
to improve the pixel reconstruction, and, therefore, PSNR measurement is the output for
the other parameters. Hence, the precise tuning of PSNR is performed to improve image
quality without sparse distribution. Instead, the case of extractable sequences varies for
each pixel, affecting the training set. Based on the linear distribution output, the noise
is suppressed.

4. Dataset and Experimental Setup

The Discussion section is presented in two segments: experimental analysis and
comparative study. The medical noisy images from (http://imgcom jsrt.or.jp/minijsrtdb/,
accessed on 5 October 2024) are used in the experimental analysis. This image source
provides 244 images in 4 orientations, making it 988 in count. The number of images used
in testing is 10, which shows up in 2 x 2, 4 x 4, 8 x 8, and 16 x 16 pixel distribution sizes.
The images are related to thorax mass shadow using radiology observations. The GAN
layers are trained for 1200 iterations to verify and validate the input image for precision.
Therefore, the different input sizes are analyzed in Table 3.

Apart from the above experimental analysis, the following metrics, pixel reconstruc-
tion, PSNR, noise estimation, reconstruction time, and extraction time, are analyzed. This
analysis is presented as a comparative discussion with the existing WDAEP [29], DU-
GAN [20], and SWM-DE [28] methods. As discussed, the X variants are the training
sequences (100 to 1200) and the pixel distribution rate (0.05 to 0.8).
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Table 3. Experimental result analysis.

Sample Input

(DFT(x,y),GFT(x,y))

5. Results and Discussion
5.1. Pixel Reconstruction

In this proposed method, the GAN-based PSNR estimation is performed through a
low-discrimination function for improving pixel reconstruction and distribution based on
noisy pixel occurrence (refer to Figure 5).

The linear distribution without sparse distribution is influenced by noisy pixels based
on the extractable sequences for diagnosis. The similarity analysis between each layer’s
raw and noisy images is processed to satisfy high pixel reconstruction. The identified
LND intervals from generator and discriminator functions are mitigated using linear
distribution to improve PSNR. The low-level segment features obtained from the acquired
medical images are sequentially analyzed to achieve maximum noise estimation and
PSNR measurement with less loss and reconstruction time. The extractable sequence of
the GAN function is trained alone using the linear distribution output to identify noisy
pixels. The proposed method addresses the extraction error and reduces improper disease
diagnosis. This extraction achieves high-noise estimation for accurate and appropriate
pixel distribution. The losses are confined to the proposed method for achieving high-
pixel reconstruction.
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Figure 5. Pixel reconstruction.

5.2. PSNR Analysis

This proposed method uses the GAN function to satisfy high-PSNR measurements
concerning the generator and discriminator network across different layers in different time
intervals (refer to Figure 6). The high/low-discrimination functions are identified using
linear distribution to improve PSNR from the extractable sequences. Based on the training
sequences, the generator network generates better output images from high-resolution
images to prevent noisy pixels. In this manuscript, the GAN function is trained to create
better images and improve PSNR measurement without sparse distribution. The GAN-
aided LND is applied to obtain better image representation and improve diagnosis. GAN
is used to observe low-radiation-dose medical images and perform denoising to generate
noise-less medical images. This noisy pixel is detected from such images; GAN is applied
to consider the training sequences for improving PSNR measurement. In the sequential
training of the GAN function, the LND-detected intervals are reduced from the sequences.
Therefore, this study achieves a high PSNR.

PSNR
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Figure 6. PSNR.

5.3. Noise Estimation

In this study, the proposed method using the linear distribution of pixels to improve
the visual image quality and its representation for addressing the low-noise discriminator
identified at different intervals is to satisfy high-noise satisfaction (refer to Figure 7). Consid-
ering training sequences based on the acquired medical images’ pixel distribution, the noisy
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pixels are reduced to generate high-resolution images to improve PSNR. The considerable
segment features fluctuate concerning the discrimination function for maximizing PSNR.
Therefore, extraction errors are identified by comparing the quality of the processed images
with the original images to prevent noise. Based on the low-discriminator function, the
noise of pixels is reduced to maximize noise estimation. The proposed method first detects
the pixels to preserve the structural information and then verifies pixel reconstruction to
minimize the Low-Noise Discriminator from the sequence. In this image denoising process,
the standard and noisy images are compared to classify the high/low segment features for
pixel detection to reduce losses at different intervals.
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Figure 7. Noise estimation.

5.4. Reconstruction Time

In this proposed method, high-pixel detection and noise estimation are performed
for the GAN function in each layer for better pixel reconstruction to reduce reconstruction
time (refer to Figure 8). The generator and discriminator network are balanced using linear
distribution for comparing ground-truth images and noisy images based on the segmented
features levels. The PSNR measurement is computed using the GAN function to identify
the errors. The quality measurement may differ for each pixel for varying pixel features to
satisfy high-noise estimation; the proposed method is used to modify the discrimination
function for maximizing PSNR measurement. This method compares the original and
noisy images to improve pixel reconstruction and generate a new image. In this study, the
training of the GAN function is performed until high-noise discrimination; this instance
is terminated to prevent extraction errors. In this scenario, the accurate pixel distribution
is solved based on the Low-Noise Discrimination functions with low-level segmented
features to reduce the swiftness in pixel reconstruction. Hence, the proposed method will
satisfy the reconstruction in a timeless manner.

5.5. Extraction Error

This proposed method aided in achieving high-resolution images without sparse
distribution, which is the better output for generating new clear images. In this scenario,
the pixel detection has less extraction error and reconstruction time than the other factors,
as represented in Figure 9.

" —xv2 . —xv2 . .
The conditions of max Fe™?Y and min Fe™" show the maximum possible fluc-
0<x,y<1 0<x,y<1

tuation and error pixel and minimum possible fluctuation and error pixel observed from
the input images for maximizing PSNR. This PSNR measurement is used to identify the
difference between the original and ground-truth images to suppress the noise occurrence
in the images. In such cases, the extraction error in N(r, ¢) is due to noise occurrence, which
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is identified using the generator function. We can perform denoising based on the genera-
tor discriminator-balanced linear function to improve pixel reconstruction. The generator
function notices the extraction errors from the acquired images to reduce reconstruction
time. Therefore, the noise of pixels changes based on the discriminator and generator
function, and a high medical diagnosis is achievable. Therefore, the proposed method
reduces extraction errors. Apart from the above comparative analysis, the impact of the
methods on different distributions for the (DFT(x,y), GFT(x,y)) is validated in Table 4.

500
- - - WDAEP
4504~~~ _ --- DU-GAN
S<__.”7~ |--- SWM-DE
7 4004 AN RS GAN-LND| -~ _
~ S PR N
o 350 ) S-- N
£ \
= ~
c 04 PR
2 TTTTTeLo>TIIIIRS0 Nelo--s
5 250 . N
2 2004. SNl
[e} .. ~
(8] = AN
& 1504 - %
100
50 50 L——

- T T T T T T T T T T T T
0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80 100 200 300 400 500 600 700 800 900 10001100120013001400

Pixel Distribution (%) Training Sequences

Figure 8. Reconstruction time.
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Figure 9. Extraction error.
Table 4. (DFT(x,y), GFT(x,y)) for different methods.
Methods rxc Po (x0,¥p) (DFT(xy),GFT(xy))
2x2 6.25 0.62
WDAEP 4x4 0.42 0.52
8§x8 0.13 0.42
2x2 7.45 0.521
DU-GAN 4 x4 4.52 0.658
8 x8 3.25 0.596
2x2 8.69 0.636
SWM-DE 4 x4 7.25 0.425
8 x8 6.321 0.525
2x2 8.45 0.63
GAN-LND 4x4 9.65 0.65

8x8 10.05 0.79
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The above tabulation is the signified inclusion of different methods and their impact
on different Pixely. The standard deviation and error factors are estimated based on
their operational principle and learning. Therefore, the persistent outputs under Ly and
Spq are identified and cumulatively summarized as the reconstruction possibilities in
Table 4 above.

6. Conclusions

This study described a Generative Adversarial Network-aided Low-Noise Discrim-
inator. The GAN-aided LND is proposed to reduce the noise of pixels using a low-
discrimination function to maximize the PSNR. The GAN is used in medical image denois-
ing with observed features from different scanning/input devices. The noisy pixels are
detected from any images using GAN training sequence considerations. In the sequential
training of noisy input images, the LND-detected intervals are reduced from the sequences.
This process leads to high-pixel reconstruction. In particular, the pixel reconstruction relies
on the distribution and least possible noise pixel extractions. The LND-identified intervals
improve the training for sparse and linear distributions. The conjugated output between
the distributions is induced with a loss function that retains noiseless pixels, and the same
function is used for image reconstruction. This improves the pixel reconstruction by 11.05%
and PSNR by 9.75%, with 9.75% less reconstruction time and 13.11% less extraction error
for the higher pixel distribution ratios.

The noise features in medical imaging might differ significantly within and between
images. However, input images with several noise sources or complicated noise distri-
butions could negatively impact the GAN-aided LND’s efforts. Medical imaging noise
features are famously complicated and variable, a major obstacle for the GAN-aided LND
method. Variations in acquisition environments, hardware inconsistencies, and patient-
specific features may cause noise characteristics to vary greatly among and even within
imaging modalities (e.g., X-rays, CT, and MRI). These modifications test the model’s
generalizability, especially for input images with several noise sources or non-Gaussian
distributions with non-normal patterns. Artefacts or inadequate noise reduction in certain
areas may result if the discriminator cannot properly distinguish high-noise regions in such
a scenario. Developing the GAN model training on cross-modal noise mitigation using
data from different types of medical imaging (e.g., X-ray, CT, and MRI) will be examined in
a future study to increase reconstruction quality and its capacity to generalize to varied
medical situations.
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