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Abstract

Denoising dental panoramic X-ray images has become a major concern in medical
imaging and computer vision, particularly when the Gaussian noise is high. To denoise the
noisy images while preserving image features, we introduce a fusion-refine generative
adversarial network (FR-GAN). The FR-GAN comprises a generator, a dual-attention U-Net,
and a ResNet enhanced discriminator. The generator takes noisy images as input and produces
coarse representations for initial reconstruction. Then, these coarse images are used as a
preliminary denoised image, which is again refined to restore structural features for image
clarity. In addition, we incorporate the U-Net with a dual-attention mechanism linking the
generator and discriminator, which enables the refinement of coarse features into smooth
features to create meaningful representations. Meanwhile, the U-Net refiner incorporates
progressive feature fusion attention and low-rank local window attention to complement multi-
scale feature extraction and local texture refinement. Lastly, the ResNet block-enhanced
discriminator implements perceptual realism by differentiating genuine and reconstructed
images and directing the network to yield high-quality images. In our experiment, 100 dental
images collected from Al-Badar Dental College and Hospital, Kalaburagi, were subjected to
Gaussian noise at 20 dB and 40 dB using ImageJ software. To evaluate the effectiveness of the
proposed approach, experiments were conducted with Gaussian noise at 20 dB and 40 dB. The
experimental results show that the proposed method is superior to other state-of-the-art
approaches for Gaussian noise of 20 dB and 40 dB. It achieves a PSNR of 31.705, SSIM of
0.826, MSE of 0.0007, and MAE of 0.0195 at 40 dB, and a PSNR of 32.897, SSIM of 0.861,
MSE of 0.0007, and MAE of 0.0184 at 20 dB. The framework provides effective high-quality
denoising with clean edges, clear textures, and few artifacts, and is applicable to precision-
critical tasks, such as medical and scientific imaging.
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1. Introduction

Image denoising is a critical problem in computer vision and medical imaging, aiming
to recover a pure, original image from a noisy or distorted image generated by various sources.
To generate realistic images and enable the model to understand complex data distributions,
generative adversarial networks (GANs) are used for adversarial training [1]. Furthermore,
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extensive reviews provide an overview of GAN variants that include significance and
challenges in medical image fusion [2]. However, concerns about stability across various GAN
architectures are prevalent when enumerating application areas that will help future research,
especially in medical image fusion and analysis [3]. To overcome unstable training and stabilize
the training techniques, a simple GAN model has been proposed that facilitates convergence
by using a simplified distributional model [4]. The U-Net architecture provides an encoder-
decoder structure for medical image analysis and segmentation [5]. Additionally, the residual
learning technique helps to develop deeper networks to address the vanishing gradient problem
[6]. However, the conditional adversarial network has been developed, which can be extended
to image-to-image translation by significantly expanding the range of supervised learning
applications of GAN [7]. Furthermore, due to the scarcity of original reference images in
clinical environments, self-supervised denoising methods like Wavelet have been developed
that require a pair of noisy images during training, on which wavelet transformation is applied
to obtain the denoised images [8]. Han et al. [9] proposed the dropped projection strategies
(DPS) for denoising low-dose CBCT images to solve the over-smoothing problem encountered
in the analysis of dental radiographs. Amani Almalki et al. [10] introduced the self-supervised
masked image model (SimMIM) to leverage self-supervised learning and address the problem
associated with the limited availability of panoramic radiographs. Based on these concepts, a
clinically driven denoising framework, such as an image domain denoising network (IDDNet),
has beendeveloped for low-dose cone-beam CT images [11]. Chen et al. [12] proposed the dual
diffusion brownian bridge model (DBBCS) to capture the distributions of clean images and
structural noise simultaneously using two interconnected diffusion processes. Additionally, to
improve efficiency, a dual-diffusion model for efficient structural noise suppression and
progressive feature fusion with reverse attention has been developed to understand the complex
features [13]. While attention mechanisms are also used to improve image restoration across
different areas by combining features from two branches of attention, this approach enables
better pan-sharpening for remote sensing images [14]. Low rank and locality-constrained self-
attention make sequence modelling tasks more efficient [15]. At the same time, CNN-based
denoising methods, such as FFDNet, focus on computational efficiency and adaptability across
different noise levels [16]. Transformer-based architectures such as restormer offer scalable
solutions for high-resolution image restoration [17]. Kawar et al. [18] proposed the denoising
diffusion restoration model to efficiently implement unsupervised denoising and eliminate the
nonlinear inverse problem. However, unsupervised and self-supervised denoising methods are
improving with the help of the Noise2Void method, which allows the model to learn from a
single noisy image [19]. Additionally, diffusion posterior sampling techniques are developed
that ensure asymptotically accurate results and eliminate inverse problems as stochastic
filtering tasks [20]. P. Nandal et al. [21] developed a quantum deep convolutional generative
adversarial network, which is merged with a quantum computing layer to enhance its ability
through quantum-generated inputs. Igbal et al. [22] introduced the data-driven column dropping
masking strategy to ensure stability while preserving a smooth dropping rate. Gautam et al.
[23] proposed a Pureformer that uses a feature enhancer block to expand the latent space with
the help of a spatial filter bank, improving the fusion and restoration of features. Furthermore,
a real-time biomedical image denoising network is a domain-specific denoising task developed
to enhance gradients and high-frequency information while suppressing noise [24]. However,
diffusion models have been demonstrated to be effective for restoring high-resolution
microscopy images [25]. Kim et al. [26] conducted a systematic review of low-dose CT
denoising and highlighted its growing clinical importance from a perceptual quality
perspective. Besides image restoration, deep learning is being used in fully automated
diagnostic pipelines, such as dental radiograph quality assessment [27]. A. Lee et al. [28]

Journal of Innovative Image Processing, March 2026, Volume 8, Issue 1 373



FR-GAN: A Fusion Refine with Dual Attention Architecture for Denoising of Dental Panoramic X-ray Images

developed a hybrid CNN-transformer network for denoising real-world images that
systematically balances performance and efficiency under practical deployment constraints.
Eventually, with the most recent studies pointing to perceptual, adversarial, and task-specific
objectives, the design of loss functions remains a major factor in optimizing denoising
performance [29]. Xiao et al. [30] developed window-based attention mechanisms that use
various window shapes and sizes in the form of image information that aim to achieve a balance
between representational capacity and computational efficiency. Together, these changes
indicate that generative, diffusion, and attention-based models are evolving rapidly, and their
role in medical image denoising and restoration is growing steadily. In contrast, image
denoising has always been a critical challenge due to the scarcity of clean training data and the
complexity of noise patterns. Various deep learning techniques have been proposed, but most
of them work well either for prioritizing diagnostic detail or for computational efficiency. Each
of GANs, CNNgs, transformers, and diffusion models has its merits, but none can fully address
the problems of stability, scalability, and generalization. Therefore, a unified efficient
denoising architecture that is capable of enhancing structural fidelity and perceptual realism is
required. We propose a fusion-refine generative adversarial network (FR-GAN). This
generative adversarial network integrates a generator, U-Net with dual attention mechanisms,
and a residual-block-enhanced discriminator for robust image denoising. The contributions of
this paper are summarized as follows:

«  We propose a novel FR-GAN framework consisting of a GAN generator, U-Net
refiner with dual attention mechanisms, and a residual block-enhanced
discriminator structure for powerful image denoising.

« The generator produces preliminary denoised images for initial reconstruction
before proceeding to further refinement to recover structural details.

« The U-Net refiner utilizes a dual attention mechanism, such as progressive feature
fusion attention (PFFA) and low-rank local window attention (LRLWA), to
aggregate multi-scale features and apply the learned features from the coarse to
smooth image and move the features in a meaningful way.

« The discriminator has enhanced residual blocks, which ensure perceptual realism
by distinguishing real from fake images.

« The proposed method was evaluated on dental panoramic X-ray datasets under
Gaussian noise levels of 20 dB and 40 dB, surpassing state-of-the-art methods in
terms of performance evaluation metrics.

This paper is organized as follows: Section 2 presents an overview of the proposed
method. The experimental analysis is discussed in Section 3. Finally, Section 4 presents the
conclusion and a summary of the final observations.

2. Proposed Method

We proposed the FR-GAN architecture for denoising panoramic dental X-ray images.
Figure 1 shows the proposed framework developed for denoising the dental X-ray images. The
proposed FR-GAN framework can be discussed in three stages: (i) a generator, (ii) a U-Net
refiner with a dual attention mechanism, which comprises PFFA and LRLWA, and (ii1) a
ResNet-based discriminator. The proposed framework uses a GAN generator to generate coarse
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images and a U-Net encoder-decoder architecture to gradually capture contextual information
from input images while progressively reducing spatial resolution. The LRLWA block is
located at the bottleneck, enabling the U-Net architecture to locally refine features more
efficiently while decreasing processing overhead. The PFFA module, integrated at skip
connections, selectively highlights important features while discarding irrelevant noise. Fusion-
refine signifies that the refinement process is inherently embedded in the fusion process itself.
The arrangement of the PFFA block in the proposed architecture is shown in Figure 1.
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Figure 1. Architecture of the Proposed FR-GAN Framework

In addition, the combination of PFFA and LWLRA in a U-Net architecture serves as a
collective refiner. It reflects the intended workflow in which fusion and refinement are
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performed simultaneously rather than treated as separate steps in the proposed method. The
decoder aims to ensure that the contextual information learned during the compression phase
is combined with spatial accuracy. Furthermore, it reconstructs the high-resolution outputs by
gradually upsampling the feature maps and combining them with the standard encoder skip
connections. Finally, the ResNet-based discriminator comprises a ResNet block connected to
the GAN discriminator. The ResNet block enables the proposed model to focus more on
learning refinement for identity mapping rather than relearning the entire transformation.
Additionally, it stabilizes the optimization and speeds up convergence. The discriminator in the
proposed method serves as the supervisory stage of FR-GAN, guiding the generator and refiner
toward producing clinically realistic denoised outputs. A detailed explanation of each block is
as follows.

2.1 GAN Generator

In the FR-GAN model, the GAN generator acts as the first component in the denoising
process. The GAN generator is designed to receive the noisy panoramic X-ray images and
produce a rough yet structurally consistent output. A standard convolutional neural network
(CNN) is often developed using a regression model, which is pixel-based. However, the
adversarial learning component is used to ensure the generator produces images that are
perceptually similar to the clean radiographs. The GAN generator component consists of a
stacked convolutional layer and a ReLU activation component. A residual connection is also
added to the model to allow the acquisition of finer features and proceed with the training
component. The convolutional component is used to transform the feature maps and produce
new feature maps that exhibit both structure and texture. A residual connection is also used to
avoid the vanishing gradient problem and allow the model to utilize the features learned in the
previous component. This approach makes the learning stable. The generator component may
be viewed as a mapping function, which may be expressed as:

Gy = 0(8(convzx3(8(convzx3(8(convzx3(8(convzx3(N)))))))) (1

The output of the GAN generator is G the sigmoid function, and the ReLLU function,
ReLU the 2D convolution function conv 3x3 with kernel size 3x3 and N denotes the noisy
image applied as input image to GAN generator. When it comes to the task of noise removal
of dental panoramic radiographs, the generator can efficiently filter out large-scale noise
artifacts such as graininess and streaks from low doses. However, the generator can effectively
remove global noise. Nonetheless, leftover errors appear as fine Gaussian noise that is not
completely eradicated. Fine anatomical details, such as enamel margins, root canals, and small
lesions can be smudged. The texture may be distorted, making it look over-smoothed or
artificially created. The U-Net refiner is employed to solve this issue, which mainly serves to
retrieve fine structures. Consequently, the generator is designed as a first stage that creates a
very rudimentary denoised image to lessen the load on the other modules while ensuring
structural consistency for the refiner. The proposed framework’s GAN generator model is
effective in distilling input features through stacked convolutions and extracting rich local
patterns. Ultimately, the sigmoid layer ensures that outputs are normalized. Therefore, the
model can also be used for segmentation or mask generation tasks. To train the generator, we
have utilized an adversarial loss, which encourages the generator to produce sharper and more
realistic images of the denoised input by learning the data distribution from the discriminator's
feedback. This will improve the fine features and the realistic look of the images beyond the
structural similarity index.
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2.2 U-Net Refiner with Dual Attention mechanism

The U-Net refiner with the Dual Attention Mechanism is the second stage of the
proposed model, named FR-GAN. The purpose of this stage is to improve the structural
accuracy and recover the details of the anatomy of the image, which might have been lost during
the coarse denoising of the generator. The U-Net Refiner with the Dual Attention Mechanism
consists of the following: (a) U-NET Encoder, (b) LRLWA, (c) PFFA, and (d) U-NET Decoder.

2.2.1 U-Net Encoder

The U-Net encoder progressively captures contextual information from the input image
at different levels while simultaneously reducing spatial resolution. The encoder is composed
of a chain of convolutional blocks. Each block typically consists of two 3%x3 convolutions,
followed by a ReLU activation and batch normalization, with the same padding to preserve
spatial dimensions. Then, a 2x2 max pooling operation is performed after each stage, reducing
the spatial resolution by half while doubling the number of feature channels. This pyramid
system allows the network to obtain more abstract representations. Nevertheless, the first layers
are more concerned with semantic patterns, and the deeper layers concentrate on fewer edges
and textures. In addition, the encoder produces intermediate feature maps at each resolution via
skip connections which are used by the decoder. These skip connections contain fine grained
localization information that may be lost during downsampling. The U-Net encoder was an
important element of our proposed method, as it provides the network with a sequence of multi-
scale contextual features extracted from the generator output and gradually decreasing spatial
resolution. The repetition of the convolutional and pooling layers is successful in learning both
the minute details of the local structures and the high-level semantic patterns. Moreover, the
feature representation that was produced was colorful and informative. The skip connections
added at every encoder step locally preserve essential cues that are subsequently added at the
decoder to produce high-quality, refined outputs. Such a design makes the encoder a potent
feature extractor and a generator of spatial richness, which raises the accuracy, robustness and
effectiveness of the model directly. The U-Net encoder’s first stage is expressed as,

E; = maxpoolyy,(BN(6(convsy3(BN(6(convsy3(Gy))))))) (2)

where E is the output of the first stage of the U-Net encoder, maxpool represents the
maxpooling operation, and BN denotes batch normalization. The E; is fed to the second stage
of the U-Net encoder, and the output of the second encoder block is defined as,

E, = maxpoolyy,(BN(8(convsy3(BN(5(convsy3(E1))))))) (3)

where E» denotes the output of the second encoder block, which is further applied to
the third stage of the U-Net encoder, the production of the third stage of the encoder is described
as,

E5 = maxpoolyy, (BN (8(convzy3(BN(8(convsy3(E>))))))) 4)

where E3 is an output of the third stage of the U-Net encoder. The Ej is fed to the fourth
stage of the encoder, and the output of the fourth stage of the encoder is expressed as,

E, = maxpoolyy,(BN(6(convsys(BN(6(convsys3(E3))))))) (%)
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where E4 represents the output of the fourth stage of the encoder. The U-Net encoder
output is given to LRLWA.

2.2.2 Low Rank Local Window Attention Block (LRLWA)

The feature output from the last stage of the U-Net encoder served as input to the
LRLWA block. Padding is applied to the input so that the image's spatial dimensions align with
a window size of about 7X7, enabling uniform and efficient window-based processing.
Furthermore, three separable convolutions are applied to generate the query (Qsep), key
(KT sep)» and value (V). Feature maps with the query and key reduce the channel dimension
to enforce a low-rank representation. These feature maps are partitioned into non-overlapping
local windows, and each window is reshaped into a sequence of tokens. Within each window,
attention weights are computed by taking the scaled dot product of queries and keys, followed
by a Softmax normalization, which is described as follows:

A = softmax (M> |74 (6)
va sep

where A denotes the attention mechanism, softmax is the softmax function, T variable
represents the transpose operation applied to the key vector, and d is the dimension of the key
vector. These weights are then used to aggregate the values, producing context-aware features
for each window. Finally, the outputs from all windows are reshaped and merged back into the
original spatial layout, yielding an attention-enhanced feature map that preserves locality while
reducing computational cost. The output of the LRLWA block is expressed as,

Ly = Ry (A(Dyow (Fy(E4)))) (7

where L, is an output of the LRLWA block, R, denotes low rank approximation, D;,,,
represents low rank projection, and P,, is a partitioning operation. The LRLWA module plays
a significant role in the proposed model, as it helps refine highly efficient local features at a
lower computational cost. However, it uses separable convolutions to produce low-rank queries
and keys, achieving lightweight attention without sacrificing representational capacity.
Dividing the input into windows enables the model to capture spatial dependencies at a fine-
grained level, which is essential for vision tasks. Finally, this module enhances both the model's
precision and its scalability, serving as a pivotal creative feature that harmonizes efficiency and
performance.

2.2.3 Progressive Feature Fusion Attention (PFFA)

The PFFA block is integrated with the skip connections of the U-Net network to better
enhance salient features and reduce extraneous noise in the U-Net's intermediate outputs.
Figure 2 illustrates the progressive feature fusion attention (PFFA) block for feature extraction
from noisy images. In the PFFA block, all encoder skip connections are sequentially fed into a
feature refinement framework that begins with 1x1 and 3x3 separable convolutions. A 1x1
separable convolution followed by a ReLU activation is used to concisely compress and mix
channel information. The 3x3 separable convolution followed by ReLU is then used to extract
local spatial patterns.
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Progressive Feature Fusion Attention (PFFA)
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Figure 2. Progressive Feature Fusion Attention (PFFA) Block

These combined operations make up the progressive feature extractor. Smoothed
features are then pooled using global average pooling (GAP), which serves as a channel
descriptor by averaging across the spatial dimensions of the input. The descriptor output is then
passed to two dense layers: the first, followed by the ReLU function, reduces dimensionality,
while the second restores the original channel dimensionality. A sigmoid activation yields
normalized weights in the range of (0, 1), indicating the level of each channel. These weights
are then multiplied by each channel's corresponding weight to learn the importance of specific
features. Finally, the module includes a residual connection by adding the scaled features. This
ensures stability, retention of original information, and ease of gradient flow during training.
The input feature map initiates the operation necessary for progressive convolution refinement
and channel-wise attention expressed as,

S1 = [conv, 1 (E7) @ a(W6(W1GAP(convyixy (E1) @ convsys(E1))))] D
[convzy3(E) & a(W6(W,GAP(convyxq(Er) @D convsys(E1))))]  (8)

where S; is the combined output of the first PFFA, conv 1x1 denotes a 2D convolution
with kernel size 1x1, @ represents element-wise multiplication, W2 is the second dense layer,
W1 is the first dense layer, GAP is global average pooling, @ and denotes element-wise
addition. The output S; from the first PFFA is provided to the last stage of the U-Net decoder
via a skip connection. The same workflow applies to other PFFAs and their respective stages
of the U-Net decoder. The output of the second PFFA is expressed as,

Sy = [convy 1 (Ez) & a(Wr6(W,GAP(convyxq(Ez) @ convsys(E;))))] D
[convzy3(E;) @ a(W,8(W1GAP(convyy,(Ez) @ convsys(E3))))] ©)

where S, denotes the output of the second PFFA, which is connected to the third stage
of the decoder, the output of the third PFFA is mathematically described as,

Sz = [convyx1(E3) @ a(W,8(W,GAP(convyxq1(E3) @D convsys(E3))))] D
[convzy3(E3) @ a(W,8(WiGAP(conv, 1 (E3) @ convsys(E3))))] (10)

where S3 represents the output of the third PFFA block connected to the second stage
of the decoder. The output of the fourth PFFA block is expressed as,

S4 = [convixq(Ey) @ a(Wo8 (W, GAP(conv, 1 (E,) @ convsys(Ey))))] D
[convzy3(Ey) @ a(Wo8(W1GAP(conv, 1 (Es) D convsys(Ey))))] (11)

where S, denotes the output of the fourth PFFA block, which is connected to the first
stage of the decoder. This concise description underlines the modules in two ways: progressive
convolutional refinement through separable convolution and channel-wise attention via the
GAP, MLP, and sigmoid pathway. By merging these two methods, PFFA increases the
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representational power to the extent that the network can highlight informative channels
through stable residual learning. The PFFA block plays a crucial role, facilitating feature
enrichment by combining progressive convolutional refinement and adaptive channel attention.
Therefore, it enables the network to focus on the most informative features and discard less
useful ones, thereby enhancing its discriminative power. The residual connection ensures
stability and preserves the original data, making the model more robust during training. In
addition, PFFA boosts feature fusion and thus allows for performance gains in the segmentation
task. The combined use of LRLWA and PFFA ensures balanced denoising, preserving both
global fidelity and local diagnostic clarity.

2.2.4 U-Net Decoder

The decoder generates the segmentation map by progressively increasing the encoded
features to the original resolution. Initially, the feature map is upsampled using a simple
interpolation method at each stage. Then, this upsampled version is combined with the
corresponding encoder feature map via skip connections, thereby preserving the fine details of
the localization. The merged features are then passed through several convsyslayers with
ReLU activations, which refine the representation and remove artifacts. The same procedure is
performed at all the decoder stages and the input resolution is restored stepwise. Finally, a
conv,x, layer converts the refined features into the required number of output channels,
yielding pixel-wise predictions. Using ReLU-activated convolutions allows the decoder to
bypass checkerboard artifacts and deliver smoother, more stable reconstructions while still
leveraging the encoder's contextual information. The workflow of the U-Net decoder is
mathematically expressed as,

D, = 6(C07w3x3(54 @D L1)) (12)

where D; is the output of the first stage of the decoder, which is fed to the second stage
of the U-Net decoder. The output of the second stage of the decoder is given as,

D, = 6(convzx3(S3 @ (6(convsy3(D1))))) (13)

where D, denotes output from the second stage of the decoder. The D,is applied to the
third stage of the U-Net decoder. The output of the third stage of the decoder is mathematically
represented as,

D3 = 8(convzy3(S; D (6(convsys(D2))))) (14)

where D3 is an output from the third stage of the decoder, which is further applied to
the fourth stage of the decoder. The output from the fourth stage of the decoder is expressed as,

Dy = 6(convzx3(S; @D (6(convsy3(Ds))))) (15)

where D, represents the output of the fourth stage of the decoder, D, is fed to the
classification layer to provide completely refined dental images. The output from the
classification layer of the U-Net decoder is expressed as,

Ds = a(convyx;(D4)) (16)

The significance of using the U-Net decoder in our proposed method is that it helps the
model produce high-resolution outputs while preserving localized details. When the decoder
receives the feature maps from the PFFA, integrated with a skip connection at a lower
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resolution, it first upsamples them in steps and then fuses the upsampled features with the
corresponding skip connection from the encoder. Therefore, the decoder not only receives the
context learned during compression but also the spatial precision of the original signal via skip
connections. Using ReLU-activated convolutions instead of transposed convolutions makes the
proposed model's training more stable and reduces artifacts, resulting in smoother
reconstructions. Such a design directly improves the precision and reliability of our technique.
Further, it can be used for tasks where boundary precision and pixel-level predictions are
essential.

2.3 ResNet-based Discriminator

The ResNet-based discriminator is augmented with two blocks: a ResNet block and a
GAN discriminator block.

2.3.1 ResNet Block

The ResNet block serves as a primary component of residual networks. Its main aim is
to reduce the vanishing gradient issue by enabling the training of very deep network
architectures. The input feature map is processed inside the ResNet block through two different
parallel paths, the main path, and the shortcut path. The shortcut path uses conv; «; convolution
proceeds by batch normalization to ensure the dimension of an input must match the main path
output. The main path comprises of two consecutive convsy; convolutions. Each convolution
layer followed by a batch normalization. The ReLU activation added after the convolution to
add nonlinearity. The output of the shortcut and the main paths are combined elementwise and
constitute the residual connection after which is follows a final ReLU activation of the
compounded feature map and the output of a block is obtained. By facilitating the direct
passage of gradients through the shortcut path, the ResNet block not only accelerates network
convergence but also stabilizes training and enhances the network representational power. This
1s highly useful in intense networks, where one must preserve both contextual information and
fine details. The ResNet block is expressed as,

R, = (BN(8(convsx3(BN(8(convsys3(Ds))))))) @D (BN(convixi(Ds)))  (17)

where, R, represents the output of the ResNet block. In our proposed method, the
ResNet block is important because it improves both the model's learning efficiency and
representational capacity. Adding a residual connection block enables the model to focus on
learning as a variation of the identity mapping, rather than relearning the entire transformation
to achieve optimization and faster convergence. The shortcut route maintains dimension
alignment and provides a direct gradient flow, whereas the main path refines features through
successive convolutions and ReLU activations. This block significantly reduces the vanishing
gradient problem and allows deeper layers to have a greater effect. Further, this leads to higher
accuracy, better robustness, and generalization across different tasks.

2.3.2 GAN Discriminator

In FR-GAN, the discriminator offers adversarial supervision to the generator and
refiner. Therefore, the denoised images produced are indistinguishable from genuine original
radiographs. The ResNet-inspired discriminator stabilizes adversarial training and prevents
vanishing gradients. Such a combination helps the discriminator learn deep hierarchical
representations without any performance degradation as the network depth increases. The final
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classification layer applies a sigmoid activation to produce a probability score, which indicates
whether the input image is real or generated. The final denoised image is described as,

D = o(flattening(6(convsx3(8(convsx3(8(convsx3(8(R1))))))))) (18)

The generator and refiner are trained to minimize the adversarial loss, thereby
increasing the realism of the output. The discriminator is crucial for ensuring perceptual realism
in dental panoramic radiographs. While reconstruction losses, such as mean squared error, help
promote pixel-wise similarity. However, such losses tend to generate very smooth images that
lack texture. The discriminator rebalances this by disallowing outputs that are far from the
distribution of real radiographs, hence indirectly encouraging the generator and refiner to make
images with real-like textures and structural details. Residual learning in the discriminator also
helps stabilize and enhance the adversarial training procedure. Therefore, the discriminator is
the supervisory stage of FR-GAN that keeps the generator and refiner on the right track to
produce clinically realistic denoised output.

3. Experimental Analysis
3.1 Materials and Methods

The original dataset consists of 100 images collected from Al-Badar Dental College and
Hospital, Kalaburagi.We limited the dataset to 100 panoramic dental X-ray images due to
availability constraints and the need for consistent quality and annotation across samples. For
this study, we have used the collected 100 images that was corrupted to two different Gaussian
noise level of 20 dB and 40 dB which create two different datasets. For better quantitative
comparison of various deep learning models and our proposed method. Specifically, Gaussian
noise levels of about 20 dB and 40 dB are used in this study because these values are widely
adopted benchmarks in image denoising research.

3.2 Experimental Setup

All models were implemented and executed in a Jupyter Notebook environment. The
experiments were performed using TensorFlow and ran on a GPU desktop computer with an
NVIDIA GeForce RTX 3070 and CoLab. The CUDA deep neural network library (cuDNN)
was used for the GPU implementation. The same hyperparameters were used for all the models,
including our proposed model. During training, we chose a batch size of 2, a patch size of 16,
an Adam optimizer, and an epoch size of 100. We tested two batch sizes of 1 and 2. Our
experimental results show that a batch size of 2 performs better. However, GAN convergence
is not strictly a matter of this parameter. Smaller batches result in noisier but faster updates,
while larger batches yield smoother gradients. A batch size of 2 is usually chosen for our
experiment because it offers better performance and because GPU memory is limited. Further,
full image denoising with a patch size of 16 is used to balance computational efficiency and
local detail preservation.

3.3 Results and Discussion

Table 1 shows the performance metrics, such as peak signal-to-noise ratio (PSNR),
structural similarity index (SSIM), mean squared error (MSE), and mean absolute error (MAE),
that are used to compare the proposed method with other existing approaches.
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Table 1. Represents the Description of Performance Metrics Used to Evaluate the Models

Metrics Definition Mathematical Formula
Mean Squared Measures the average of the squared difference 1 M N
Error (MSE) between the original image (Ii, j) and the noisy | MSE = — Z Z[l(i,j) - K@i, NN?
image K (i,j). MN is the image dimension. i=1 j=1

Peak Signal-To-
Noise Ratio
(PSNR)

It is a logarithmic measure of the ratio between
the maximum signal and noise power that is
derived from MSE

(Peakval)?

PSNR = 10logyo~—

Structured

Similarity Index
(SSIM)

Measures perceptual similarity by considering
luminance (u), contrast (g), and structure (C).
L is a dynamic range of pixel values.

SSIM (x,y)
— (Zﬂxﬂy + Cl)(zaxy + CZ)
(e tpy® + C) (02 + 0% + C)

Mean Absolute
Error (MAE)

Measures the average of the difference
between the original image (/i, j) and the noisy

1 M N
MAE = N ZZI[(i,j) - K@, )|

image K (i, J).

i=1 j=1

In this paper, computational time was not reported because this study prioritized
validating denoising quality and architectural effectiveness over runtime analysis. The
proposed FR-GAN structure consists of dual attention fusion and a ResNet is employed as a
discriminator to support the training process and assist the model in enhancing the feature
refinement. The model also progressively incorporates multi-scale characteristics and noise
reduction while preserving fine anatomical details in dental panoramic X-rays, outperforming
conventional CNN and GAN approaches. The lower the values of MSE and MAE, the less the
difference in pixels between the denoised and original images can be seen. The increase in
PSNR values proves that the presented approach is efficient in reducing noise without affecting
the sharpness and clarity of diagnostic structures. Nevertheless, the improved values of SSIM
denote the similarity of images after denoising and confirm the maintenance of the boundary
of the tooth. Moreover, the performance metrics focus on the strength and accuracy of FR-GAN
regarding clinical denoising problems. The proposed method provides a high level of clarity in
diagnosis compared to the current models and offers a valid interpretation of complicated dental
structures.

Conversely, FR-GAN is more appropriate for denoising medical images because it
optimally balances accuracy and perceptual quality in cases where the source images were
corrupted with Gaussian noise whose variance is about 40 dB. However, true clinical realism
requires expert validation by radiologists or clinicians, which goes beyond automated metric
evaluation. Thus, while noisy—clean pairs support quantitative assessment, clinical realism
must be judged through human expertise. Figure 3 illustrates the qualitative results for
denoising dental images, comparing the proposed method with existing methods. The
illustration is separated into two sections: (a) represents the results of Sample 1, and (b) shows
the results of Sample 2. Three different images are shown in each case: the original image, the
noisy image corrupted by Gaussian noise, and the denoised images obtained by the proposed
method and existing methods. For Samples 1 and 2, the quality of the noisy images is drastically
degraded, and the structural details of the original images are lost due to the overlay of random
fluctuations. The traditional denoising methods can partially reconstruct the original image.
However, they leave behind some noise, blurring edges, and lowering sharpness. To compare
and visualize, small regions of the denoised images obtained using the proposed method and
existing methods are zoomed in as depicted in Figure 3. The proposed approach, in contrast
with existing methods will give reconstructed images that resemble the original images much
more closely while maintaining a balance between noise elimination and preservation of detail.
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Sample 1 Sample 2

Original
Image

Noisy
Image

GAN [4]

Wavelet
[8]

DPS
4]

SimMIM
(10]

IDDNET
[11]

DBBCS
(12]

Proposed
Method

Figure 3. Denoising Comparison at 40 dB Gaussian Noise
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Table 2 provides the quantitative demonstration of the proposed method against some
of the existing methods in the presence of 40 dB Gaussian noise. Combined, these metrics are
a measure of quantitative accuracy and perceptual quality of the reconstructed images.
Evaluation metrics confirm that the proposed method is better than all other models in noise
reduction and signal retention, and it has the highest PSNR of 31.705. Similarly, the proposed
method has more structural consistency and perceptual similarity with the original image than
other methods, which is supported by the SSIM value of 0.826. The proposed technique has
the least MSE of 0.0007 and the least MAE of 0.0195, meaning that it minimizes pixel-level
error and preserve the local fine detail of the image. The proposed method has 7.8 million
parameters, whereas large models, like DBBCS with 31.4M parameters and Wavelet with
17.5M parameters, illustrate a trade-off between performance and the number of parameters
that highlights the efficiency of the proposed model.

Table 2. Represents the Evaluation Metrics for Proposed Methods with Respect to Various Existing
Methods for Gaussian Noise of About 40 dB

SL.No. Model PSNR SSIM MSE MAE Parameters
1. GAN [4] 27.780 0.737 0.0013 0.0278 1,604,034
2. Wavelet [8] 28.410 0.748 0.0014 | 0.0288 17,502,596
3. DPS [9] 29.315 0.758 0.0012 | 0.0255 1,946,305
4, SimMIM [10] 27.580 0.788 0.0017 | 0.0317 2,436,993
5. IDDNET [11] 29.850 0.792 0.0011 0.0240 15,807,457
6. DBBCS [12] 30.300 0.797 0.0009 | 0.0230 31,401,946
7. Proposed Method 31.705 0.826 0.0007 | 0.0195 7,879,419

Figure 4 illustrates the denoised images from the proposed method and other existing
methods at a Gaussian noise level of approximately 20 dB. Figure 4 also consists of two
samples: (a) represents denoised images for Sample 1, and (b) illustrates denoised images for
Sample 2. Each sample shows the original image, the noisy image with Gaussian noise, and the
denoised images produced by the proposed method and other standard methods. In both
samples, the noisy images are severely degraded, with high-intensity noise obscuring fine
structural details. Most denoising methods recover some parts of the image, but they also
introduce blurring artifacts. As a result, the tooth edges become less sharp, and the texture loses
its fidelity. In contrast, the proposed method clearly outperforms existing methods in
reconstruction quality, with noise almost completely removed. Moreover, the details are
extremely fine, and the accentuated edges are more defined. Additionally, the proposed
approach provides a better trade-off between the minimization of noise and the preservation of
detail. Table 3 presents a comparative analysis of the proposed method and various state-of-
the-art methods for images corrupted by Gaussian noise of approximately 20 dB. The
evaluation metrics assess the capability of the proposed model to eliminate noise in images and
generate denoised images that are most similar to the original images. Our proposed method
achieves the highest PSNR value of 32.897, surpassing other competing methods such as
DBBCS with 32.640 and DPS with 32.105. This implies that the offered approach yields
superior quality images, as more original details are restored despite the presence of significant
noise. Moreover, the SSIM of our proposed method is equal to 0.861, which is quite competitive
with current models and allows us to conclude that both structural and perceptual features have
been retained quite well. The value of the residual also demonstrates the great performance of
our proposed method, which achieves a very low MSE of 0.0007 and an MAE of 0.0184,
indicating that it can decrease the distance between original and denoised images at the pixel
level while preserving texture information. An important aspect of this assessment is the
quantity of parameters, which is an indicator of effectiveness in the model. As shown in Table
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3, the evaluation metric values for DBBSC and the proposed method are nearly identical, but
the proposed method uses far fewer parameters than the DBBSC model. Furthermore, it is able
to reconstruct very high-quality images while utilizing only a moderate number of parameters.

Sample 1 Sample 2

Original
Image

Noisy
Image

GAN [4]

Wavelet
[8]

DPS
1

SimMIM
[10]

IDDNET
1]

DBBCS
(12]

Proposed | LB e
Method TR ) R

Figure 4. Denoising Comparison at 20 dB Gaussian Noise
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Table 3. Demonstrates the Evaluation Metrics for the Proposed Methods Relative to Various Existing
Methods for Gaussian Noise at About 20 dB

SL.No. Model PSNR SSIM | MSE MAE Parameters
1. GAN [4] 28.490 0.822 | 0.0014 0.0292 1,604,034
2. Wavelet [8] 31.350 0.856 | 0.0007 0.0209 17,502,596
3. DPS [9] 32.105 0.860 | 0.0006 0.0187 1,946,305
4, SimMIM [10] 30.950 0.893 | 0.0008 0.0217 2,436,993
5. IDDNET [11] 31.872 0.848 | 0.0007 0.0196 15,807,457
6. DBBCS [12] 32.640 0.857 | 0.0005 0.0182 31,401,946
7. Proposed Method 32.897 0.861 | 0.0007 0.0184 7,879,419

Consequently, the proposed method is demonstrated to be efficient and effective,
making it well-suited for situations where image restoration is needed even when the noise is
as strong as Gaussian noise.

3.4 Ablation Study

The ablation study compared the effects of architectural variations, especially with or
without attention mechanisms, in the UNet refiner. Table 4 demonstrates the case study of the
proposed FR-GAN framework tested at a 20 dB Gaussian noise level. Performance is measured
using standard metrics such as PSNR, SSIM, MSE, MAE, and the number of parameters. The
baseline setup of the GAN generator, UNet refiner, and GAN discriminator achieves a PSNR
0f32.1597 and an SSIM of 0.851, indicating reasonable denoising. When the PFFA is removed,
performance degrades slightly, with the PSNR falling to 32.0249 and the SSIM to 0.848. This
shows that PFFA helps to achieve better integration of multi-scale features and structural
preservation. On the other hand, eliminating the LRLWA causes the performance to drop
significantly, whereby the PSNR goes down to 30.8754 even though the SSIM of 0.8611 goes
up slightly. Further, LRLWA is a significant factor in acquiring highly detailed local texture
and in removing fine-scale noise. However, the proposed method, which integrates both PFFA
and LRLWA into the U-Net refiner, produces the highest-quality image across all criteria, with
a PSNR of 32.897, an SSIM of 0.861, an MSE of 0.0007, an MAE of 0.0184 and parameters
of about 7,879,419.

Table 4. Represents the Case Study of the Proposed Method on Noisy Images with 20 dB Gaussian Noise

SIl. No | Model PSNR | SSIM MSE MAE Parameters
1. GAN generator+ UNet refiner+GAN 32.159 0.851 0.0007 | 0.0215 7,775,579
discriminator

2. GAN generator+ UNet refiner without 32.024 | 0.848 | 0.0007 | 0.0209 7,551,619
PFFA+GAN discriminator
3. GAN generator+ UNet refiner without 30.875 | 0.8611 | 0.0008 | 0.0217 7,156,099
LRLWA-+GAN discriminator
4. Proposed Method 32.897 | 0.861 | 0.0007 | 0.0184 7,879,419

4. Conclusion

In this paper, we have presented FR-GAN, which is a novel architecture for denoising
noisy dental panoramic X-ray images corrupted by Gaussian noise. Moreover, progressive
feature fusion attention (PFFA) is used for improving multi-scale feature aggregation via skip
connections, while low-rank local window attention (LRLWA) is applied to refine local
textures in the bottleneck. We have evaluated the performance of FR-GAN on 100 noisy dental
panoramic radiographs corrupted by Gaussian noise with 20 dB and 40 dB intensities. Under
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40 dB Gaussian noise, the performance of FR-GAN is evaluated as PSNR = 31.705 dB, SSIM
= 0.826, with low reconstruction errors of 0.0007 for MSE and 0.0195 for MAE. Compared
with the best baseline method, namely DBBCS, which has PSNR = 30.300 dB and SSIM =
0.797, FR-GAN improves PSNR by 1.405 dB and SSIM by 0.029 while maintaining low pixel-
level reconstruction errors. In addition, under 20 dB Gaussian noise, FR-GAN has achieved
PSNR = 32.897 dB, SSIM = 0.861, with low reconstruction errors of 0.0007 for MSE and
0.0184 for MAE. The number of parameters in the proposed model is approximately 7.88
million, which is much fewer than the parameters in the diffusion-based method, such as the
31.4 million parameters in the DBBCS method. This proves the efficiency of the model. FR-
GAN achieves a proper trade-off between the accuracy of the model, the structure, and the
efficiency, which makes the model applicable to medical image restoration tasks.
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