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Abstract: Medical image denoising has numerous real-world applications. Despite their widespread
use, existing medical image denoising methods fail to address complex noise patterns and typically
generate artifacts in numerous cases. This paper proposes a novel medical image denoising method
that learns denoising using an end-to-end learning strategy. Furthermore, the proposed model
introduces a novel deep—wider residual block to capture long-distance pixel dependencies for medical
image denoising. Additionally, this study proposes leveraging multi-head attention-guided image
reconstruction to effectively denoise medical images. Experimental results illustrate that the proposed
method outperforms existing qualitative and quantitative evaluation methods for numerous medical
image modalities. The proposed method can outperform state-of-the-art models for various medical
image modalities. It illustrates a significant performance gain over its counterparts, with a cumulative
PSNR score of 8.79 dB. The proposed method can also denoise noisy real-world medical images and
improve clinical application performance such as abnormality detection.

Keywords: medical image denoising; deep-wider residual block; multi-head attention; multi-modal
denoising; deep learning

MSC: 68T07

1. Introduction

Noise is widespread in medical images because of the characteristics of medical imag-
ing, including the image acquisition process and respiratory movement. Such arbitrary
modifications to the acquired images can significantly degrade the perceptual quality by
incorporating numerous artifacts and obscuring salient details. Consequently, the perfor-
mance of image analysis algorithms, such as segmentation, registration, and classification,
are affected. Additionally, these degraded images directly affect the decision-making
processes of medical practitioners. Despite its numerous real-world implications, med-
ical image denoising (MID) is challenging, as it necessitates the preservation of crucial
diagnostic information while effectively reducing noise [1-3].

MID, which is a challenging topic, is widely investigated by the vision community.
Initially, classical image processing techniques such as non-local self-similarity [4], sparse
coding [5], and filter-based approaches [6-8] were employed for MID. However, the current
state-of-the-art denoising methods involve deep learning using two learning strategies:
learning denoising as image-to-image translation and learning residual noise from noisy
images. Although these learning-based denoising methods have shown promising results
compared with classical approaches, their performance remains limited, and they fail in
extreme cases (i.e., Gaussian noise at sigma = 50), as shown in Figure 1.
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Figure 1. Comparison between existing MID and the proposed method. Existing denoising methods

typically yield smooth denoising results with visual artifacts. The proposed method can clean noisy
medical images and address the limitations of existing methods. Left to right: noisy input, AED [9],
ResCNN [10], DnCNN [11], MIDDRAN [12], DAE [13], MMD [3], the proposed method, and the
reference image.

The current image-to-image denoising methods can effectively remove noise from
images. However, these methods typically result in oversmoothing in cases involving
complex spatial distributions. Consequently, essential features and details are not preserved,
which is a critical issue in medical imaging. Meanwhile, residual denoising strategies are
exempt from smooth spatial representations. However, these strategies may generate
visually disturbing artifacts with desaturated complex structures. In general, both existing
MID methods fail to reconstruct detailed, natural-appearing images similar to the reference
ground truths. This underscores the urgency and significance of our study for accurately
preserving the details of medical images.

Despite the severe limitations of existing denoising methods, MID presents numerous
real-world implications. The widespread applicability and importance of MID motivated
us to develop an effective method for managing the diverse and high levels of imaging
noise present in numerous medical imaging modalities. Additionally, the recent success of
transformer [14,15] models inspired us to investigate transformer-based attention in MID
to shift the paradigm of medical image denoising research.

This study proposes a novel deep method to effectively learn MID and address its lim-
itations, thus steering MID research in a new direction. The proposed method introduces a
novel deep and wide residual (DWR) block to learn the underlying noise in medical images.
Despite being deep in architecture, the proposed block leverages a dilated convolution
operation to capture long-distance intrapixel dependencies while rendering the block more
efficient. The proposed DWR block addresses smoothing artifacts, which are widespread in
existing image-to-image translation-based denoising methods. Additionally, the proposed
method leverages a multihead attention (MHA) block [14] to reconstruct denoised images
in the latter half of the proposed network. The proposed MHA addresses the limitations
of residual denoising approaches by reconstructing plausible, high-quality images with-
out generating visual artifacts. The proposed method was extensively investigated and
compared with existing MID methods on different medical imaging modalities. The prac-
ticability of the proposed method was evaluated using noisy real-world medical images.
The contributions of the current study are as follows:

* A novel transformer-attention-based deep architecture is proposed that can address
the limitations of existing MID methods.

* A novel DWR module is proposed to learn long-distance pixel dependencies in order
to perform MID efficiently. Additionally, this study proposes to leverage MHA in the
decoder to mitigate artifacts from denoised images.

*  Dense experiments conducted on numerous medical modalities show that the pro-
posed method substantially outperforms existing MID methods based on qualitative
and quantitative comparisons.
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e The effectiveness of the proposed method is investigated based on real-world noisy
medical images, and its practicability is analyzed for real-world usage.

The remainder of this paper is organized as follows: Section 2 reviews the related
studies, Section 3 details the data simulation and learning strategy, Section 4 presents an
analysis of the experimental results, and Section 5 concludes this paper.

2. Related Studies

MID is considered one of the most challenging enhancement tasks in medical imaging.
Hence, numerous novel approaches for addressing MID have been introduced in recent
years. However, learning-based methods are superior to their classical counterparts. This
section briefly reviews the learning-based approaches.

2.1. Image-to-Image Translation

Deep learning is widely used in MID [3,16,17]. The most recent studies have con-
sidered denoising to be an image-to-image translation task. Gondara et al. proposed a
convolutional autoencoder (CAE [9]), and Walid et al. proposed a denoising autoencoder
(DAE [13]) to learn additive denoising. Chen et al. and Fan et al. proposed a residual
encoder-decoder convolutional neural network [18] and a quadratic autoencoder [19], re-
spectively, to denoise low-dose computed tomography (CT) images. Hyun et al. used U-Net
denoising and k-space correction simultaneously to denoise magnetic resonance images [20].
Similarly, Kidoh et al. designed a shrinkage convolutional neural network (SCNN) and
a deep-learning-based reconstruction (dDLR) network to denoise brain magnetic reso-
nance images [21]. Rawat et al. proposed a feature-guided denoising convolutional neural
network for learning additive noise reduction [22].

A few recent studies have leveraged adversarial training strategies. For example,
Ghahremani et al. [23] comprehensively investigated MID using a U-Net and adversarial
guidance. Zhou et al. proposed a unified motion correction and denoising adversarial
network [24]. Li et al. utilized a conditional generative adversarial network to reduce
random noise in CT images [25]. Similarly, Jianning et al. [26] proposed a multilevel
discriminator to denoise CT images. Notably, such image-to-image translation approaches
typically yield smoother outputs with less-detailed edges and textures compared with their
conventional counterparts.

2.2. Residual-Noise Estimation

Recent studies have addressed the challenge of denoising noisy medical images by
learning the underlying noise patterns instead of relying solely on image-to-image trans-
lation techniques. Jiang et al. [11] employed a denoising convolutional neural network
(DnCNN) [27] that was specifically designed for magnetic resonance image denoising.
Their main aim was to enhance image quality by effectively removing noise while preserv-
ing important image features. Based on this study, Jifara et al. and Walid et al. [3,10] further
improved the performance of a DnCNN by modifying the network architecture such that it
can manage the complex noise patterns inherent in medical images more effectively. Simi-
larly, Kokil et al. [28] proposed the use of a residual learning network to address speckle
noise in medical images. Their method effectively mitigated noise artifacts by leveraging
residual connections while maintaining the image details. More recently, Sharif et al. [12]
introduced a dynamic residual attention network (DRAN) designed to learn residual noise
patterns from multimodal medical images. This approach adapts attention mechanisms
to focus on the relevant image regions, thereby enabling accurate noise removal across
different imaging modalities.

Although these residual denoising methods are promising for generating sharper
and cleaner images, their potential limitations must be acknowledged, particularly in
extreme cases where they may inadvertently introduce visual artifacts. Thus, studies are
being actively conducted to further refine these algorithms so that noise reduction can



Mathematics 2024, 12, 2313

40f21

be achieved simultaneously with the preservation of crucial image features in medical
imaging applications.

The proposed method further extends the possibility of a generic denoising method
that can perform multipattern denoising on multiple imaging modalities. Notably, a generic
denoising method can offer many advantages, such as the sharing of domain knowledge
among numerous imaging modalities. Table 1 shows a comparison between existing
methods and the proposed method.

Table 1. Comparison between existing denoising methods and proposed two-stage network.

Method

Learning Strategy Strengths Weaknesses

. Tends to yield smooth im-

U Can outperform conventional (non- . .
P v ( ages with fewer details

Image-to-image Translates noisy image into - i
g 8 . yimag deep learn'mg) app roaches ¢ Limited to specific noise
translation clean image e  Easy to train and infer .
types/modality
*  Yields visual artifacts in ex-
. .. Learns underlying noise ® Can achieve sharper images treme cases (high noise)
Residual denoising - . - . (e
from noisy image ¢ Well-known for Gaussian denoising ~®  Can estimate only a specific

noise pattern

Proposed method

*  Outperforms existing MID methods in
visual and quantitative comparison

Denoises medical images ®  Modality-independent deep de- e  Optimized for desktop-
utilizing DWR and MHA noiser that can manage real and class hardware

synthetic data
. Computationally lightweight

3. Method

This section describes the process of preparing the data for learning MID. Additionally,
insights into the proposed novel deep model and its components are presented.

3.1. Data Preparation

The preparation of large-scale data samples to learn MID is challenging. Only a few
real-world data samples are available for open MID research. Therefore, in this study, we
obtained large-scale MID data samples and simulated Gaussian noise to learn generic MID.

3.1.1. Data Acquisition

One of the main motivations of this study was to generalize and illustrate the practica-
bility of deep denoising in diverse medical imaging modalities. Therefore, we investigated
the following modalities to learn MID efficiently:

¢ X-ray imaging is widely used for diagnosing bone fractures, joint problems, lung
conditions, dental issues, etc. This study leverages the well-known Chexpert [29]
dataset to represent X-ray images.

*  Magnetic resonance imaging (MRI) is an effective medical imaging technique that uses
magnetic fields and radio waves to generate detailed images of the body’s internal
structures. It is crucial for diagnosing various conditions from brain tumors to joint
injuries. This study leverages the dataset presented in [30] to learn MID for MRI.

¢ (CTis a diagnostic imaging method that uses X-rays to create cross-sectional images
of the body, thus providing detailed views of internal structures and aiding in the
detection and diagnosis of various medical conditions such as fractures, tumors,
and internal bleeding. The scan dataset presented in [31] was used to learn MID in
CT images.

*  Microscopy provides high-resolution images that reveal the intricate details of minute
biological structures, cells, tissues, and microorganisms, and it is essential for ad-
vancing our understanding of biology, medicine, and various scientific disciplines.
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Furthermore, microscopic images typically contain Gaussian noise, which exhibits
various pixel intensities, thus complicating accurate analyses and interpretations in
fields such as biology and materials science. Thus, protein atlas scans [32] were used
to investigated MID.

We obtained 20,000 random images for training and 1000 images for validation while
learning MID. An additional 4000 samples from the obtained data (1000 images from each
modality) were used for an extensive evaluation with various noise factors. Figure 2 shows
the representative images of the imaging modalities used in this study. Notably, a fixed
noise deviation was used to test the deep model in the testing phase and to realize an
unbiased comparison among the deep models. However, noise was randomly generated
during training to diversify the data and avoid overfitting. We simulated Gaussian noise
in these samples to learn MID and to analyze the performance of the deep networks.
Notably, the proposed study leveraged only imaging modalities that are commonly used
for diagnoses and incorporated Gaussian noise.

()

Figure 2. Representative images obtained via each imaging modality: (a) X-ray; (b) MRI; (c) CT;
(d) microscopy.

In addjition to simulating noise for extensive evaluation, we incorporated noisy medical
images to illustrate its practicability in actual applications.

3.1.2. Noise Simulation

Noise in medical images is typically considered an additive factor and can be repre-
sented as

ns ~ N (Ig|u, 0?) (1)

Here, y and 0% denote the mean and variance of the Gaussian distribution (), respectively.
Considering this basic principle, we added Gaussian noise to a clean image Ig. To learn
MID efficiently, we simulated noise in the acquired data samples. Therefore, reference
noisy image pairs must be formulated by contaminating them with artificial noise. In this
study, a uniform noisy image Iy was generated from a noise-free image I as follows:

Iy = IR +ns 2)

The illustration presented in Figure 3 shows an example of a noisy—clean image
pair alongside the corresponding generated noise. Notably, the noise simulation process
incorporates a crucial element: the random standard deviation of the noise distribution. We
tuned 7, such that the standard deviation varied randomly from 0 to 75. This wide range
of noise deviation allowed us to extensively evaluate the capability of deep models for a
diverse range of noise patterns and levels.

This method was deliberately designed to introduce variability in the intensity of the
generated noise. It aims to mimic the diverse spectra of noise encountered in real-world
scenarios. This variability is essential for creating a realistic representation of noise that
reflects the nuances observed in practical settings.



Mathematics 2024, 12, 2313

6 of 21

Noise-free Image Generated Noise Noisy Image

Figure 3. Gaussian noise simulation for learning medical image denoising. This study incor-
porated noise simulation to learn and evaluate MID methods using numerous medical imaging
modalities. From left to right: clean image, random noise (simulated), and noisy image (clean
image + generated noise).

3.2. Learning from Data

The proposed method introduces a novel deep architecture to learn MID effectively.
The proposed network aims to learn MID as M : Iy — I¢. Here, the mapping function (M)
learns to generate a clean medical image (Ic) from a noisy input (Iy) as Ic € [0, 1]7*W>3,
Meanwhile, H and W represent the height and width, respectively, of the input and
output images.

3.2.1. Network Architecture

As shown in Figure 4, the proposed network regards MID as an image-to-image
translation task. The proposed deep network is designed to leverage the advantages of
a feature pyramid structure [33] with a DWR module and the MHA to obtain plausible
images. The proposed DWR module allows the method to perceive long-distance pixel
correlations to understand the spatial relations between neighboring pixels. Additionally,
the proposed MHA enables the proposed method to exploit learned long-distance pixel
dependencies while performing image reconstruction through decoding. Meanwhile,
the features learned at different feature levels are propagated using a contextual gating
mechanism to leverage spatial awareness and reduce the underlying noise of the encoder
blocks. Notably, the early layer of the denoising networks encodes raw noise and salient
features. Therefore, propagating such features to decode a clean image can result in noisy
images, despite efficient feature encoding. This study leverages a feature gate to refine the
encoded features and address this limitation.

Additionally, the proposed deep network presents a fully convolutional encoder—
decoder architecture [34,35] that features convolutional skip connections. The initial layer
of the generator transforms the input image (I ) into a 64-depth feature map. This input
convolutional layer employs a kernel size of 3 x 3, padding of 1, and stride of 1. Meanwhile,
the encoder comprises four consecutive feature levels with alternating feature depths of
d = 64,96,128,160. Following each DWR block in the encoder, a convolutional downsam-
pling layer is applied as follows:

F = C|(X) (©)]

Here, C | representsa 3 X 3 convolution operation with a stride of 2.

In addition to the encoder, the proposed architecture includes a decoder that efficiently
reconstructs noise-free images. The proposed decoder leverages a DWR block, followed by
an MHA block and an upsampling block. The decoder section of the network mirrors the
encoder in terms of the number of feature levels, with an upsampling layer following each
residual block. The upsampling operation is implemented as follows:

Fr = Ci(X) @)
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Here, F; involves a transpose convolution operation [36], which renders the model
fully convolutional and results in effective restoration.

When traversing the feature levels, the decoder has the same dimensions as the encoder.
Additionally, to propagate features between blocks of the same dimensions for efficient
denoising, we leverage a convolutional gate to refine the features while propagating them
for reconstruction. The convolutional gating mechanism is perceived as follows:

Fe = Cixa1(X) %)

Here, C;41 represents a point-wise convolutional operation with a kernel size of
1 x 1. Finally, the decoder portion culminates in a final convolutional layer, which yields a
three-channel enhanced image based on a convolutional kernel size of 3 x 3, padding of
1, and a stride of 1. This final output layer is activated using a tanh function to obtain the
final images within the [0, 1] range.

S~

H/8 x W/8x192 N,

< (N

- ‘ ‘ Convolution H
N— : N < v
-~ \\; \/ Up Sampling
H/x Wi x 128 H/4 x W/4 x 128 B Down Sampling i
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> \\___‘

-

~——

\4
’

)~
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> > \/ DWR Block |
.~ \\? —  Residual Connection H

H/2 x W/2x 96

e
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\\///
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e

Figure 4. Overview of the proposed novel MID network. The proposed method allows the network
to encode salient features in high-dimensional space and to learn to reconstruct clean images by
decoding the encoded features. The proposed network incorporates a novel DWR module to capture
long-distance pixel dependencies and an MHA block to perform effective reconstruction.

3.2.2. DWR Module

Residual blocks [37] have been proven to be efficient for learning image denoising.
Typically, the residual block learns the input feature X using the following equation:

R=D(X)+X 6)

Here, D(-) represents vanilla residual blocks with consecutive convolutional opera-
tions, which present a few notable limitations. For example, they cannot extract salient
features using a shallow architecture. Therefore, recent studies pertaining to denoising
using residual blocks have used consecutive blocks to create a deeper architecture to learn
denoising effectively. However, we discovered that such an approach renders the convolu-
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tional architecture computationally expensive. Despite their high complexity, conventional
residual blocks cannot capture long-distance pixel dependencies because of their narrow
receptive fields. Hence, we propose a novel residual block to address the mentioned prob-
lems. Figure 5 presents an overview of and a comparison between the proposed DWR and
conventional residual blocks.

As shown in Figure 5, the proposed DWR module replaces the convolutional operation
of Figure 5b with two consecutive dilated convolutions. Here, the proposed dilated convo-
lution operation leverages a dilation of size 4. Significant dilation enables the proposed
DWR module to encompass a wider receptive area and capture long-distance pixel-wise
dependencies. Additionally, consecutive dilated convolutions allow the proposed network
to traverse deeper without incorporating consecutive residual blocks. Apart from capturing
long-distance dependencies, such an architecture can avoid gradient-diminishing problems,
which are inherent in consecutive residual blocks. The proposed DWR module allows
the deep architecture to traverse deeper with a wider receptive field without exponen-
tially increasing the computational complexity. Based on the architectural modifications,
Equation (6) can be derived as follows:

R'=D'(X)+X @)

Here, D incorporates a 1 x 1 convolution and is followed by two convolutions compris-
ing a kernel size of 3 x 3, stride size of 1, padding size of 4, and dilation size of 4. The final
layer of the proposed DWR module is a point-wise convolution. Here, we used point-wise
convolutions to reduce the computational complexity while introducing adaptive channel
interactions to render the architecture more efficient.

Nuee  Ix1 Convolution

W Dilated Convolution

) IxIC luti
N 1x1 Convolution Input

- 3x3 Convolution

W 3x3 Convolution Input

| N \
- ‘
—_— |

l l

Output

Output Output

() (b) (©)

Figure 5. Comparison between vanilla residual blocks and proposed DWR. Proposed DWR block
design captures long-distance pixel dependencies to learn efficient denoising. (a) Residual block;
(b) bottleneck residual block; (c) proposed deep—wider residual block.

3.2.3. MHA

MHA is a pivotal mechanism in artificial intelligence that is prominently utilized
across diverse domains such as natural language processing and computer vision [14,15].
It empowers models to focus concurrently on multiple segments of the input sequence,
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thereby facilitating the capture of intricate dependencies and correlations within the tensor.
At its core, the MHA block processes input embeddings through query, key, and value
matrices and computes attention scores to ascertain the relevance of each element to the
others in the sequence. Through a multistep process involving attention score computation,
softmax normalization, and weighted value aggregation, the MHA enables the model to
simultaneously attend to various aspects of the input, thus enhancing its ability to discern
complex patterns and nuances within the specified tensor.

Considering the widespread success of the MHA, we suggested its incorporation
into the proposed network architecture to efficiently process long-range dependencies and
capture complex patterns extracted by the proposed DWR module. Figure 6 provides an
overview of the MHA block. We conceptualize the MHA as follows:

MHA(Q,K, V) = concat(head, . . ., head, ) W° (8)

where head; = Attention(QW<, KWK, VW) 9)

Attention(Q, K, V) = softmax < QKT> %4 (10)

Y Vix
i R -
4 N
/ Gated Feature b
| (e '.
i T i
, Normalization I
I | HxWxC I
1 \% X > p > :
I > i I
| |
| |
D F r
ecoded Feature ‘ K FC Layer

X | Transpose

L M 4_‘

! P | Position Encoding '
\ /

Figure 6. Overview of proposed MHA, which enables proposed network to reconstruct clean and
artifact-free medical images while performing denoising.

In our approach, we employ three crucial matrices: Q, K, and V, which represent
the query, key, and value matrices, respectively. These matrices contribute significantly to
capturing various aspects of the input data. Each attention head, denoted by head;, yields
an output, thus enabling the model to focus on different input components simultaneously.
To derive the final output, the outputs from all the attention heads are concatenated along
the feature dimension and then multiplied by the output weight matrix W®. Moreover, each
attention head possesses its own set of learnable weight matrices, i.e., WZ.Q, WZ-K, and Wl-V,
thus enabling the model to learn distinct representations for different attention heads.
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The number of attention heads, denoted by h, and the dimensionality of the key
vectors, d, are hyperparameters that affect the capacity of the model to capture intricate
dependencies within the data. Finally, the softmax activation function is used to compute
the attention scores, thereby facilitating the weighted aggregation of values based on their
relevance to the queries.

3.2.4. Learning Objective

We applied pixel-wise reconstruction loss to steer our deep model through a coarse-to-
refined reconstruction process. The L1 or L2 distance typically serves as a pixel-wise loss
function. Whereas both options are commonly used, the L2 loss is directly related to the
peak signal-to-noise ratio (PSNR) and typically yields smoother images [38,39]. However,
because low-light images contain significant sensor noise, we selected the L1 objective
function as the reconstruction loss.

The reconstruction loss can be represented as follows:

Lp=|Irg—Ic | (11)

Here, I represents the output obtained via M, and Ir denotes the reference clean
image. This loss function quantifies the absolute differences between the corresponding
pixels in the output and reference images, thereby allowing the network to minimize these
differences during training.

3.3. Learning Details

The proposed deep network for effective MID was implemented with the PyTorch
framework [40]. We optimized our method in the learning phase with an Adam opti-
mizer [41]. We tuned its hyperparameters as ; = 0.9, B, = 0.99. Initially, we set the
learning rate for the model as 17; = 1 x 10~%. The proposed method was trained for
50,000 steps with a batch size of 24 with synthesized data (for extensive comparison).
We adjusted the learning rate with the ReduceLROnPlateau scheduler [40] by reducing #;
by a factor of 0.1. For the training phase, we utilized image patches with dimensions of
128 x 128 x 3. All experiments were executed on low-end hardware featuring an AMD
Ryzen 3200G central processing unit (CPU) operating at 3.6 GHz, complemented by 32 GB
of random-access memory and an NVIDIA GeForce GTX 3060 (12 GB) graphical processing
unit (GPU).

In addition to tuning the hyperparameters and setting up the hardware, we leveraged
a sophisticated training strategy to ensure the proposed model’s convergence with noisy
data. As Algorithm 1 shows, the proposed method was trained by generating random
noise between 0 and 75 for each mini-batch from the training set Dy,4;;,. Such random
noise generation helps the proposed method avoid overfitting while learning denoising.
The training process iterated over 50,000 training attempts, adjusting the learning rate
every 2500 steps to facilitate convergence. Additionally, objective loss was computed for
each mini-batch, and the model weights were updated using the Adam optimizer. Every
5000 steps, the model weights were saved as checkpoints.

During the training, we observed the convergence of the proposed method by observ-
ing the training loss and the PSNR score for each step. Figure 7 illustrates the training
process of the proposed method. It can be seen that the proposed method learned to address
the noise more precisely with each training step. Besides minimizing the objective loss,
the proposed network improved its PSNR performance. This ensured the convergence of
the proposed method on the given MID data. In the experiment, we found that the pro-
posed method had converged by 50,000 steps, and training beyond that did not drastically
improve the proposed method’s performance. It took less than 24 h to train the proposed
method on our hardware.
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Algorithm 1 Training algorithm of the proposed method

Input: Training set Dy,4;,,, validation set D,
Output: Trained deep model M
Initialize CNN model M with random weights
Initialize learning rate 7o, initial batch size By, number of steps Nsteps, learning rate
decay factor o
0 = 75—maximum standard deviation of Gaussian noise
Initialize step counter e = 1
fori = 1to Nepocns do
if i mod 2500 = 0 then
Update learning rate: r7; = a - ;1
Sample mini-batches By, from Dy, with augmentation
Ry < uniform(0,75)
Birain < nOise(Dtmin/ RN)
for each mini-batch By,;;, do
Compute loss L on By,jy
Update weights of M

ifi mod 2 = 5000 then
Save current weights of M as current weights: current_weights =
M.get_weights()

46

0.200
0.175
44
'

0.150 1
‘
l

; ”*ﬁwmww Wit

0.025

o
o
~
o

°
o
o
o
PSNR (dB)

Training Loss

36
20k 30k 40k 50k

Step Step

(@) (b)

Figure 7. Learning process of proposed network. Proposed method was trained for 50,000 steps.
Convergence was determined by considering training loss and PSNR scores. (a) Training loss vs.
steps; (b) PSNR vs. steps.

4. Experiments

The proposed method was evaluated and compared with existing MID methods to
determine its practicability for diverse medical imaging modalities. The performance of the
proposed method was qualitatively and quantitatively evaluated using noisy real-world
medical images. Furthermore, we evaluated the practicability of the proposed compo-
nents and analyzed the inference performance of the proposed method via sophisticated
experiments.

4.1. Comparison with State-of-the-Art Methods

This section presents a comparison of existing MID methods with the proposed deep
method. The proposed method was evaluated using noisy real-world medical images,
and its parameters were analyzed to demonstrate its practicability for real-world usage.
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4.1.1. Comparison Setup

The MID methods were evaluated using four imaging modalities: MRI, X-ray imaging,
microscopy, and CT. We incorporated Gaussian and speckle noise with distinct noise levels
(i.e., 20, 25, 50, and 75) into each image sample and summarized the performance using the
following evaluation metrics:

*  PSNR: This is commonly used in image denoising to measure the quality of denoised
images based on a comparison with the original noisy image. Higher PSNR scores rep-
resent better visual quality of generated images. Equation (12) presents the derivation

of the PSNR.
MAX2 )

MSE(, 1) (12)

PSNR(L, L) = 1010g10<
where H, W, I, and I¢ represent the image height, image width, ground truth image,
and reconstructed image, respectively. The term c is an index of the image channels.

e  SSIM: This is a widely used metric for image quality assessment. This study utilized
the SSIM to compare the structural information of generated and ground truth images.
A higher SSIM score represents better structural reconstruction. We calculated the
SSIM score as follows:

(2puigpic + 1) (2011 + )
(43 + 13 +c1)(02, + 0L + )

SSIM(Ig, Ic) = (13)

where I and I¢ represent the ground truth and denoised images, respectively; y, and
jiy are the mean values of I and Ic, respectively; 2 and (75 are the variances of I
and I, respectively; 0. is the covariance of I and Ic.

e LLIPS: In addition to the standard quantitative metrics, we used another well-known
perceptual metric, i.e., the LLIPS, to summarize the performance of the deep models
in terms of perceptual perspective. Specifically, we leveraged the LLIPS with Alexnet
pretrained weights. The reference and denoised images were compared quantitatively
by calculating the LLIPS as follows:

Lirps = I — Iy |l1 (14)

We compared the performances of state-of-the-art residual denoising methods (i.e.,
ResCNN [10], DnCNN [11], MMD [3], MID-DRAN [12]) and image-to-image translation
medical image denoising methods (i.e., CAE [9], DAE [13]). It is worth noting that most of
the existing medical image denoising methods are not publicly available. Therefore, based
on their available implementation information, we implemented the existing denoising
methods. Further, we trained all these methods using their suggested hyperparameters and
their suggested datasets to cross-check our implementation. We added only those methods
for which we were able to reproduce their reported results for a fair comparison. Later, we
trained all these methods using the same data samples with their suggested hyperparame-
ters. We tested the performance of these methods and compared them with the proposed
network for numerous medical image modalities and noise levels. We summarized the
performance of these methods using standard metrics. In addition to the quantitative com-
parison, we compared the MID methods with visual comparisons. Therefore, the strengths
and weaknesses of each method can be quantified with visual observations.

4.1.2. Quantitative Evaluation

Table 2 presents a quantitative comparison between the state-of-the-art MID models
and the proposed method. As shown, the proposed method outperformed existing tech-
niques substantially for numerous medical imaging modalities. Notably, the proposed
method demonstrated consistency for all noise levels. In addition to the conventional
evaluation metrics, such as the PSNR and SSIM, the proposed method is superior in terms
of the perceptual evaluation metrics. The proposed method can achieve a higher fidelity
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score than existing methods. Compared with its counterpart MID model, it achieved higher
PSNR, SSIM, and LLIPs values by 8.79 dB, 0.07, and 0.09, respectively. The significant
improvement of the proposed method compared with existing methods for numerous
modalities and noise levels confirm its practicability for generic cases.

Table 2. Quantitative comparison between existing MID models and the proposed deep network.
The proposed method outperforms the existing models by a large margin for MID. Notably, the perfor-
mance of the proposed method is consistent overall when comparing noise levels and imaging modal-

ities.
Model Chexpert CT MRI Microscopy Combined
ode 7 TPSNRT SSIMT LLIPS| PSNRT SSIMT LLIPS| PSNRT SSIMT LLIPS| PSNRT SSIMT LLIPS| PSNRT SSIMT LLIPS,

AED 3043 09178  0.1078 2739 08882  0.1361 3393 09375  0.0680 32.07 09094  0.0784 30.95 09132  0.0976
DnCNN 2619 07812 0.2786 2329  0.6763  0.2260 2653 07131  0.1697 30.34  0.8660  0.0933 2659 07592 0.1919
ResCNN 24.77 0.7455 0.3324 23.92 0.7214 0.1859 26.68 0.7517 0.1610 30.64 0.8710 0.1012 26.50 0.7724 0.1951
DRAN 10 3335 09236  0.0622 36.72 09624  0.0162 3515  0.9442  0.0409 37.11 09693  0.0330 3558 09499  0.0381
MMD 27.63 0.8537 0.1771 25.05 0.7498 0.1582 24.88 0.6848 0.2211 29.55 0.8514 0.1224 26.78 0.7849 0.1697
DAE 24.10 0.8383 0.1968 19.00 0.8008 0.1752 29.72 0.8028 0.1475 27.61 0.6417 0.2169 25.11 0.7709 0.1841
Proposed 37.19 0.9685 0.0130 41.55 0.9856 0.0037 42.55 0.9819 0.0062 43.13 0.9892 0.0053 41.11 0.9813 0.0070
AED 30.51 09150  0.1046 27.09 08709  0.1488 3372 09318  0.0710 3195 09053  0.0795 30.82  0.9057  0.1010
DnCNN 28.01 0.8299  0.2074 2522 0.7448  0.1743 27.82 07689  0.1757 2995  0.8541  0.1246 27.75 07994  0.1705
ResCNN 29.04 08603  0.1676 2650  0.8010  0.1261 2884 07704  0.1993 30.63  0.8449  0.1379 2875 08192  0.1578
DRAN 25 30.84  0.8828  0.1110 32.01 0.8950  0.0657 3438 09270  0.0728 34.91 0.9408  0.0509 33.03 09114  0.0751
MMD 3028  0.8749  0.1336 2684 07929  0.1367 2798 07709  0.1780 31.14  0.8759  0.1080 29.06  0.8287  0.1391
DAE 24.67 0.8389 0.1806 19.17 0.7938 0.1727 29.01 0.7954 0.1857 27.60 0.6542 0.2008 25.11 0.7706 0.1849
Proposed 36.94 0.9670 0.0145 40.07 0.9825 0.0046 40.83 0.9787 0.0082 41.25 0.9841 0.0076 39.77 0.9781 0.0087
AED 3022 09071  0.1108 2727 08778  0.1431 3328 09211  0.0802 31.73  0.8993  0.0860 30.63 09013  0.1051
DnCNN 2810  0.8335  0.2166 26.55  0.8134  0.1330 26.83 07171  0.2805 2720 07543  0.2151 2717 07796 02113
ResCNN 29.27  0.8781  0.1589 27.65 08506  0.1111 26.75  0.6155  0.3075 27.06  0.6417  0.2501 27.68  0.7465  0.2069
DRAN 50 2627  0.7800  0.2542 2794  0.8229  0.1366 3280 08756  0.1512 33.00 0.8785  0.0876 30.00  0.8393  0.1574
MMD 2794  0.8589  0.1907 2567 07745  0.1628 2633  0.6137  0.2789 2680  0.6347  0.2208 26.68  0.7205  0.2133
DAE 24.03 0.8055 0.2080 18.89 0.7720 0.1897 28.00 0.7492 0.2720 27.54 0.6510 0.2029 24.62 0.7444 0.2182
Proposed 36.75 0.9659 0.0160 39.20 0.9804 0.0056 39.83 0.9757 0.0110 39.64 0.9793 0.0104 38.85 0.9753 0.0107
AED 29.95  0.9000  0.1195 2742 08853  0.1376 32.85 09105  0.0912 3152 0.8938  0.0940 3044  0.8974  0.1106
DnCNN 2653 08146  0.2441 25.61 0.8176  0.1458 21.17 03179  0.4531 2128 03096  0.4473 23.65 05649  0.3226
ResCNN 27.05 08392 02312 26.57  0.8261  0.1395 20.53  0.2831  0.4906 20.70  0.2860  0.4903 23.71 0.5586  0.3379
DRAN 75 23.89  0.6918  0.3738 2732 08158  0.1595 31.03  0.7946  0.249%4 31.75  0.8151  0.1388 2850 07794  0.2304
MMD 26.09  0.8039  0.2760 25.21 0.7915  0.1700 21.13  0.3085  0.4490 2129 03065  0.4303 2343 05526  0.3313
DAE 2292 0.7681 0.2595 18.49 0.7507 0.2143 27.55 0.7130 0.3309 27.09 0.6142 0.2350 24.01 0.7115 0.2599
Proposed 36.57 0.9653 0.0164 38.66 0.9789 0.0063 38.97 0.9703 0.0139 38.79 0.9763 0.0124 38.25 0.9727 0.0122
AED 30.28 09100  0.1107 2729 08806  0.1414 3345 09252  0.0776 31.82 09020  0.0845 30.71 09044  0.1035
DnCNN 27.21 0.8148  0.2366 2517 07630  0.1698 2558  0.6292  0.2698 2719  0.6960  0.2201 2629 07258  0.2241
ResCNN 2753 08308  0.2225 2616  0.7998  0.1407 2570  0.6052  0.2896 2726  0.6609  0.2449 26.66 07242 0.2244
DRAN  Avg. 2859 08196  0.2003 31.00  0.8740  0.0945 3334 08854  0.1286 3419 09009  0.0776 31.78  0.8700  0.1252
MMD 27.98 0.8478 0.1943 25.69 0.7771 0.1569 25.08 0.5945 0.2818 27.20 0.6671 0.2204 26.49 0.7216 0.2133
DAE 23.93 0.8127 0.2112 18.89 0.7793 0.1880 28.57 0.7651 0.2340 27.46 0.6403 0.2139 2471 0.7493 0.2118
Proposed 36.87 0.9667 0.0150 39.87 0.9819 0.0050 40.54 0.9767 0.0098 40.70 0.9822 0.0089 39.50 0.9769 0.0097

In contrast to the proposed method, existing MID models are inconsistent when
confronted with diverse noise levels. Furthermore, their performance can vary depending
on the imaging modality. For instance, DRAN demonstrates promising performance at
low noise levels (i.e., o = 10,25). It dominates the existing MID models for such noise
levels. However, AED outperformed DRAN at extreme noise levels (i.e., ¢ = 50,75).
These experimental results further confirm the limitations of existing MID methods under
diverse noise patterns. By contrast, our proposed method can manage realistic diverse
noise patterns, thus outperforming its counterparts.

4.1.3. Qualitative Evaluation

We extensively evaluated the MID models to quantify their strengths and weaknesses
for numerous medical imaging modalities. Figure 8 shows a subjective comparison among
MID models. As shown, existing image-to-image translation models tend to yield blurry
images in Gaussian denoising. By contrast, the residual models demonstrate color discre-
tion. In general, the existing models yield implausible images with visually disturbing
artifacts. The proposed method addresses both limitations via an effective denoising net-
work. Notably, the proposed DWR module and MHA-guided reconstruction enable the
proposed model to yield sharp, clear, and plausible medical images. The proposed model
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is superior for all compared modalities. It can denoise medical images without generating
visual artifacts, even under a high noise proportion (i.e., ¢ = 50). A qualitative compar-
ison confirmed the practicability of the proposed method for generic MID in real-world
applications. Notably, the performance of the proposed method was consistent across
numerous imaging modalities. This consistency indicates that the proposed method can be
leveraged for any imaging modality, particularly those that incorporate noise patterns such
as Gaussian noise.

ResCNN MIDDRAN

Figure 8. Comparison between deep medical image denoising methods. Existing denoising methods
tend to yield smooth denoising results with visual artifacts. Proposed method can clean noisy medical
images and address limitations of existing methods. Left to right: noisy input, AED [9], ResCNN [10],
DnCNN [11], MIDDRAN [12], DAE [13], MMD [3], proposed method, and reference image.

4.2. Real-World MID

We evaluated our method using real-world noisy CT images [33,42,43] and synthe-
sized noisy images. Therefore, the model was tuned to noisy real-world medical images.
The proposed method was retrained by leveraging transfer learning with low-dose sharp
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kernel CT images. We used 15,824 images from the dataset presented in [42] to tune the
proposed method for real-world denoising. Notably, the training samples comprised sharp
and soft kernel images with 1 and 3 mm capture settings. We regarded the full-dose images
as the reference clean images and the quarter-dose images as noisy inputs, as suggested for
previous methods. Additionally, we used 500 samples from each kernel (sharp and soft)
and their subcategories (1 and 3 mm) to perform quantitative and qualitative comparisons.

Table 3 presents a quantitative comparison between images yielded by the proposed
method and input low-dose images. The proposed method effectively denoised noisy
images and significantly improved their quality. Across all the subcategories, the proposed
method substantially improved the quality of the noisy images. In particular, the proposed
method improved the low-dose noisy images in terms of the PSNR, SSIM, and LLIPS by
5.88 dB, 0.15, and 0.02, respectively. The proposed method not only performed denoising
but also significantly improved the structural quality, as indicated by the metrics. In addi-
tion to structural improvements, the proposed method can improve the perceptual quality
of noisy real-world images. The notable performance of the proposed method confirms its
practical usage in widespread medical applications and diagnostic processes.

Table 3. Quantitative performance of proposed model for real-world noisy MID. Proposed method
substantially improved quality of noisy real-world images.

Kernel Wavelength Method PSNR?T SSIM1 LLIPS|
1 mm Input 36.31 0.8799 0.0802
Sof Proposed 40.71 0.9543 0.0431
oft
3 mm Input 36.29 0.8832 0.0777
Proposed 40.80 0.9556 0.0414
1 mm Input 28.53 0.6768 0.1342
Sh Proposed 34.90 0.8462 0.1180
ar
P . Input 28.55 0.6751 0.1354
Proposed 34.77 0.8459 0.1175
1 mm Input 32.42 0.7783 0.1072
Proposed 37.81 0.9003 0.0806
Combine
3 mm Input 32.42 0.7791 0.1066
Proposed 37.79 0.9007 0.0795
Average 1 mm/3 mm Input 30.47 0.7275 0.1207
& Proposed 36.35 0.8732 0.0993

In addition to a quantitative comparison, we performed a visual comparison, as shown
in Figure 9. The proposed method proved to be superior for real-world MID. In particular,
it yielded clearer and more visually plausible images than the inputs for all subcategories.
In complex spatial regions, it maintained the salient information. Additionally, it generated
cleaner images and ensured perceptual quality. The performance demonstrated by the
proposed method in real-world MID confirms its applicability beyond synthetic datasets.
The proposed method can be leveraged in real-world applications, including computer-
aided diagnosis (CAD) applications [12], to shift medical imaging to a new paradigm.
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Sharp Kernel

Input Proposed Input Proposed

Figure 9. Performance of proposed method in real-world noisy MID. Proposed method can manage
real-world noise. In each pair, left represents noisy input and right represents image denoised by
proposed method.

4.3. Real-World Application

Medical image denoising has many real-world implications. A sophisticated denoising
method can substantially improve the diagnosis process for medical experts by enhancing
the medical images. In addition, the common noise in medical images can deteriorate
the performance of computer-aided diagnosis systems such as segmentation, detection,
etc. To further confirm the application of denoising in CAD application, we incorporated
our proposed method to improve real-world noisy medical images. Further, we studied
the state-of-the-art detection method (i.e., Yolo-V8 [44]) on red blood cells (RBCs), white
blood cells (WBCs), and platelets in blood cell images. Table 4 illustrates the performance
of Yolo-V8 on the RBC and WBC blood cell detection dataset [45]. It can be seen that the
proposed method significantly improves the detection performance by reducing noise
from the original images. Overall, the proposed method improves the performance of the
Yolo-V8 (small) model in the RBC and WBC blood cell detection dataset. The performance
improves by 0.06 for a mean average precision of 50.
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Table 4. The proposed method was used to determine the performance of the Yolo-V8 (small) model
on the RBC and WBC blood cell detection dataset on real-world noisy medical images and denoised
images. The proposed method can significantly improve the detection accuracy of the Yolo-V8 model
by reducing the noise that commonly contaminates medical images.

Input Class Box (Precision) Recall mAP (50) mAP (50-95)
Platelets 0.8240 0.8150 0.8550 0.4620
Original [45] RBC 0.7480 0.7440 0.7870 0.5770
& WBC 0.9830 0.8840 0.9140 0.7880
All 0.8510 0.8140 0.8520 0.6090
Platelets 0.8730 0.8380 0.9120 0.4720
Enhanced RBC 0.7490 0.8260 0.8590 0.6200
WBC 0.9800 0.9830 0.9840 0.8290
All 0.8680 0.8820 0.9180 0.6400

4.4. Inference Analysis

The results presented in Table 5 provide a comprehensive overview of the compu-
tational efficiency and performance of the proposed two-stage denoising method, which
showecases its superiority over existing denoising techniques while remaining highly com-
putationally efficient. Featuring only 12.54 million trainable parameters, the proposed
method balances model complexity and computational overhead, thus rendering it a
promising solution for practical deployment.

Table 5. The inference and parameter analysis of the proposed network. In addition to illustrating a
significant performance improvement over existing methods, the proposed method is also computa-
tionally efficient. It comprises only 12.54 million trainable parameters and takes less than 10 ms to
denoise a medical image on mid-level hardware.

Dimension 128 x 128 x 3 256 x 256 x 3 512 x 512 x 3
Flops (G) 17.42 69.68 278.74
Gmacs 16.22 64.90 259.59
Parameters (M) 12.54
Inference Time (ms) 9.56 31.80 119.99

The fact that the proposed method has 12.54 million trainable parameters indicates its
ability to process data efficiently without imposing an excessive computational burden. This
efficiency translates into real-time performance, as evidenced by the mere 9.56 ms to denoise
an input image measuring 128 x 128 x 3 pixels. Notably, the proposed method is fully
convolutional. Therefore, it does not incorporate pre- or post-processing. Consequently,
the inference time is expected to remain constant for similar hardware (such as ours).
However, network optimization techniques and more efficient hardware will allow the
proposed network to operate faster and more efficiently for specific use cases.

These results underscore the feasibility of integrating the proposed method into
real-world applications, where performance and computational efficiency are paramount.
By offering a significant performance gain over existing denoising methods while maintain-
ing computational frugality, the proposed approach is promising for various applications
ranging from image processing in consumer electronics to medical imaging [12]. This bal-
ance between efficacy and efficiency renders the method a compelling option for addressing
real-world denoising challenges.

4.5. Ablation Study

An ablation study was performed to evaluate the practicability of the novel component
and the proposed MHA-guided reconstruction mechanism. Therefore, the proposed DWR
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block was replaced with a vanilla residual block, and the MHA was removed from the
proposed architecture. Table 6 presents the performance of the proposed network with
and without its novel components. The base model incorporates the vanilla residual block
without MHA in the decoder. The DWR variants of the proposed network incorporate a
DWR block into the encoder and decoder. As shown, the proposed DWR block significantly
improved the performance of deep networks with residual blocks. Additionally, the pro-
posed MHA block in the decoder further enhanced the performance of the proposed model.
Notably, the contributions of the proposed modules and mechanisms were independent of
the imaging modalities. Consequently, the practicability of these modules and mechanisms,
independent of the imaging type, can improve MID performance for any imaging modality.

Table 6. Quantitative evaluation of proposed components for different medical imaging modalities.
Proposed modules substantially improved performance of proposed deep network, thus allowing
proposed network perform consistently across numerous imaging modalities.

Model Chexpert CT MRI Microscopy Combined
ode 4
PSNRT SSIM?T LLIPS, PSNRT SSIM?T LLIPS| PSNR?T SSIMt LLIPS| PSNR?T SSIMt LLIPS| PSNRt SSIMtT LLIPS)
Base 20.61 09125  0.0591 18.42 0.8761  0.0614 31.21 0.6852  0.1111 30.45 0.6284  0.1352 25.17 0.7756  0.0917
DWR 10 35.90 0.9588  0.0312 36.75 0.9643  0.0183 38.33 0.9433  0.0182 40.21 0.9416  0.0116 37.80 0.9520  0.0198
Proposed 37.19 0.9685 0.0130 41.55 0.9856 0.0037 42.55 0.9819 0.0062 43.13 0.9892 0.0053 41.11 0.9813 0.0070
Base 20.64 0.8230  0.2419 18.18 0.7610  0.1697 36.02 09168  0.0338 23.28 0.3492  0.4364 24.53 0.7125  0.2204
DWR 25 35.37 0.9524  0.0346 35.69 0.9544  0.0202 24.28 0.3925  0.3393 37.80 0.9036  0.0122 33.28 0.8007  0.1016
Proposed 36.94 0.9670 0.0145 40.07 0.9825 0.0046 40.83 0.9787 0.0082 41.25 0.9841 0.0076 39.77 0.9781 0.0087
Base 19.38 0.6432  0.5316 17.22 0.6318  0.3511 17.84 0.2048  0.6275 17.64 0.1963  0.7461 18.02 04190  0.5641
DWR 50 34.11 0.9431  0.0476 33.82 0.9399  0.0306 33.77 0.8714  0.0698 34.92 0.8505  0.0244 34.15 0.9012  0.0431
Proposed 36.75 0.9659  0.0160 39.20 0.9804  0.0056 39.83 0.9757  0.0110 39.64 0.9793  0.0104 38.85 0.9753  0.0107
Base 17.93 0.5380  0.6938 16.22 0.5622  0.4754 14.71 0.1395  0.7954 14.51 0.1344  0.8834 15.84 0.3435  0.7120
DWR 75 20.59 0.6200  0.5963 20.94 0.6804  0.3626 15.40 0.1494  0.7511 15.21 0.1455  0.8582 18.04 0.3988  0.6420
Proposed 36.57 0.9653 0.0164 38.66 0.9789 0.0063 38.97 0.9703 0.0139 38.79 0.9763 0.0124 38.25 0.9727 0.0122
Base 19.64 0.7292  0.3816 17.51 0.7078  0.2644 24.95 0.4866  0.3919 21.47 0.3271  0.5503 20.89 0.5626  0.3971
DWR Avg. 3149 0.8685  0.1774 31.80 0.8847  0.1079 27.94 0.5892  0.2946 32.03 0.7103  0.2266 30.82 0.7632  0.2016
Proposed 36.87 0.9667 0.0150 39.87 0.9819 0.0050 40.54 0.9767 0.0098 40.70 0.9822 0.0089 39.50 0.9769 0.0097

In addition to a quantitative evaluation, we visually compared the effects of the
proposed components. Figure 10 shows the denoising comparison between the proposed
network and its variants. As shown, the proposed DWR block facilitated the proposed
method to mitigate imaging noise as compared with its vanilla counterpart. Additionally,
the proposed MHA-guided reconstruction enabled the proposed method to leverage the
salient features of the DWR module for reconstructing visually plausible images. In general,
the proposed modules substantially improved the performance of the proposed network
and addressed the limitations of conventional MID methods.

Input Base DWR Proposed GT

Figure 10. Ablation study on proposed network. Proposed DWR facilitates deep network to learn
to mitigate noise by leveraging long-distance pixel dependencies. Proposed MHA block aims to
reconstruct plausible, clean images by exploiting salient features extracted by proposed DWR module.
From left to right, the Input image, base network (without DWR + MHA), DWR network (without
MHA block), the proposed deep network (DWR + MHA), and the reference image.
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4.6. Discussion

The proposed method reveals the limitations of existing MID models. It proposes a
novel DWR module and a transformer attention module to achieve effective multimodal
MID. Additionally, it demonstrates that a transformer-based attention module with a
vanilla CNN can be extremely effective for multimodal MID. In addition to its significant
improvements over conventional deep models, the proposed model is computationally
effective. It comprises only 12.54 million trainable parameters and requires only 31 ms for
denoising a medical image using mid-level hardware. Notably, the proposed model was
utilized without incorporating any model optimization, such as quantization and pruning.
Therefore, the inference speed of the proposed method can be substantially improved by
leveraging optimization techniques.

In addition to learning and testing the proposed method on x64 architectures, it can
be deployed on edge devices [46]. Such deployment and the leveraging of edge devices
for MID can further advance MID research. An efficient MID method for edge platforms
can significantly facilitate CAD applications [47]. Additionally, such an optimized network
should allow edge vision developers to develop optimized and portable medical image
enhancement devices [48]. The evaluation and optimization of the proposed method for
edge devices would be an interesting research direction.

In addition to edge optimization, the proposed method focuses on the most common
noise patterns in two-dimensional images. However, the proposed model can be adjusted
to manage three-dimensional (3D) medical images, thus resulting in more sophisticated
MID. Future studies are planned to apply the proposed method to 3D MID.

5. Conclusions

In this study, a novel MID method that leverages end-to-end deep learning to perform
denoising in diverse medical imaging modalities was proposed. The proposed method
incorporates an efficient residual block with dilation to capture long-distance pixel-wise
dependencies and mitigate extreme noise from medical images. Additionally, it proposes
utilizing MHA to leverage the salient features extracted by the proposed DWR module
to obtain plausible images. The proposed method can denoise medical images without
generating visual artifacts and can yield clean images that are similar to the reference
images. The practicability of the proposed method was extensively evaluated using synthe-
sized and noisy real-world medical images. The proposed method outperformed existing
methods based on both quantitative and qualitative comparisons. Studies have been
planned to investigate the practicability of the proposed method for 3D medical images
and edge devices.
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