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Medical image denoising must suppress modality-dependent noise while preserving subtle
anatomical and pathological structures. This study presents U-Transformer, a hybrid U-Net
and transformer architecture for multi-modality medical image enhancement. The
convolutional encoder-decoder extracts multiscale local features through residual blocks
and skip connections, whereas a transformer bottleneck models long-range spatial
dependencies before residual image reconstruction. A dataset of 21,180 images spanning
radiography, magnetic resonance imaging (MRI), computed tomography (CT), ultrasound,
dermatology, and microscopy was assembled from public sources. Modality-specific
synthetic degradation was introduced using Rician, Gaussian-Poisson, Poisson-Gaussian,
speckle, and Gaussian noise models, together with brightness and contrast perturbations. U-
Transformer was trained with a composite L1, MS-SSIM, and perceptual loss using an
80:10:10 training, validation, and test split. Performance was assessed using peak signal-to-
noise ratio (PSNR), structural similarity index (SSIM), and colour difference (AE). On
radiology, dermatology, and microscopy subsets, the proposed model achieved PSNR
values 0f 42.37, 41.47, and 39.65 dB; SSIM values of 0.9785, 0.9507, and 0.9875; and AE
values of 2.14, 4.89, and 0.87, respectively. Across the reported comparisons, it obtained
the highest PSNR and SSIM and the lowest AE for all three image groups. Ablation results
further supported the contribution of the transformer bottleneck to restoration performance.
These findings indicate that U-Transformer is a promising approach for enhancement of
synthetically degraded medical images; validation on raw clinical acquisitions remains

necessary.

1. INTRODUCTION

Medical imaging has become one of the indispensable
components of the current healthcare, a tool that is necessary
in clinical diagnosis, in treatment planning, as well as in post-
operative follow-up. The computed tomography (CT),
magnetic resonance imaging (MRI), ultrasound, and digital
pathology techniques all yield an important percentage of the
data on which clinical decisions are made [1]. These images,
however, are primarily relied on in terms of their quality in
order to be effectively used as a diagnostic tool. Suboptimal
image resolution, contrast, or signal-to-noise ratio negatively
affects the ability of a clinician to detect fine pathological
details and has a direct effect on the quality of the diagnosis
and, by extension, patient outcomes [2]. Medical image
enhancement can be taken in this context as a discipline of
study that has significant scientific and clinical value.

Medical images are nevertheless susceptible to a variety of
distortions and effects that limit their quality, despite advances
in imaging equipment and acquisition methods. It has been
reported that noise due to factors like the reduction of photons
in CT or change in temperature due to thermal variation in
MRI, is a major impediment to the correct interpretation of
anatomical structures especially in low-contrast areas [3]. In
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the same manner, there can be a lack of contrast between
tissues of different densities or magnetic properties, which
complicates the definition of lesions and decreases the chances
of detecting disease as early as possible. Past experience has
shown that such quality issues are not unique to each imaging
modality, but are endemic to all phases of medical imaging
and, therefore, require strong and universal optimization
strategies [4, 5].

The classical image improvement methods have been used
to solve the image quality problem in medical imaging over
the years. Some of the most widespread algorithms in contrast
enhancement of medical images are the histogram equation
(HE) and a more adaptive variant, the Contrast-Limited
Adaptive Histogram Equation (CLAHE), since they are
computationally efficient and can enhance contrast in local
areas dynamically [6-8]. In addition, spatial filtering methods
that include binary filtering and adaptive denoising schemes
including Kalman filters have been shown to be useful in
reducing noise, maintaining edge information as shown by
new comparative studies [9, 10]. Nevertheless, classical
approaches are also typically defined by the fact that they use
manually developed criteria and are not adaptable to the
heterogeneity of medical images. Multiscale signal analysis
Frequency-domain methods, including wave-based denoising
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can be complementary to other approaches. These are however
also limited to predefined transformation rules and they might
not sufficiently reflect the contextual and semantic properties
of anatomical structures [11].

The latest developments in deep learning have radically
changed the field of medical image enhancement, and complex
architectures have proven impressive potentials to enhance the
quality of diagnostic images. convolutional neural networks
(CNNs) have been shown to be remarkably effective at
reducing noise and improving image quality when paired with
automated noise-reduction encoders. With a peak signal-to-
noise ratio (PSNR) of 35 dB, compared with 30 dB for
traditional approaches, their use resulted in a 40% decrease in
noise and a 30% increase in resolution [12]. It has been shown
that some imaging modalities, especially those based on
generative adversarial networks (GANs), can improve cardiac
MRI pictures through training. The combined treatment of
Gaussian noise, noise reduction, and artifact removal has been
the main emphasis of this study [13]. Moreover, contrast has
been greatly enhanced through multimodal learning
techniques based on periodic competitive generative networks.
Better outcomes with low-contrast T2-weighted MRI scans,
which rely on features from high-contrast T1-weighted images,
serve as evidence of this [14]. Among the best-known high-
resolution techniques that show promise for improving the
precision and quality of medical images are the SRCNN,
VDSR, and ESRGAN algorithms [15]. Additionally, using
residual gate mechanisms with comprehensive learning
techniques across medical imaging modalities can enhance
existing learning strategies by 5-7 dB [16]. Although these
learning-based methods have produced significant quality
image metrics, their application in the clinical setting should
be validated with care through the implementation of various
imaging regimes and types of patients to guarantee a sound
generalization.

Clinical implications of bettering the quality of medical
images go beyond the technical quality improvement; they are
intertwined with the endpoints of diagnostic accuracy and
healthcare equity. It has been shown empirically that better
image quality relates positively to the higher accuracy of
diagnostic agreement between radiologists, decreases inter-
viewer variability a contributor to the level of doubt
experienced in radiology practice [12]. Moreover,
computationally efficient optimization approaches, as an
effective means of improving the diagnostic capability of the
clinic with minimal capital expenditure on equipment
upgrades, may be a viable solution to the resource constrained
clinical setting [17]. These reflections demonstrate the
significance of creating optimization methods, which are both
technically sound and can be implemented in clinical practice
in practice.

Although there have been critical developments in the
conventional as well as deep learning-based image refining
techniques, there are still apparent gaps and shortcomings in
the published literature. Most modern deep learning methods
are tested on single-mode data, and the transferability between
modes is also not extensively explored [18, 19]. Moreover,
most of the existing improvement frameworks do not have
thorough clinical validation research on how the framework
affects the subsequent diagnostic task performance. The lack
of standardized performance measurement procedures and the
partiality in using task-oriented quality metrics are another
weakness to make comparisons of studies meaningful. With
these constraints, this study will seek to fill these loopholes in

1474

the current discourse with a well thought methodology that is
empirically based.

Although there has been a notable advance in the field of
deep learning-based medical image improving, the majority of
the existing approaches use supervised learning with distorted
images, which operate on the assumption that the noise
distributions are known, like either Gaussian or Poisson noise.
Nevertheless, the medical images in the real world may be
distorted by complicated and unobservable factors such as
uneven lighting, device-dependent distortions, and mixed
noise, which reduces the extrapolation of existing models. The
main value of this study lies in the development of a new
hybrid architecture called U-Transformer, which was specially
aimed at solving the difficult issues of improving and
denoising medical images. The main contributions of this
work may be summarized in the following way: 1. We propose
a hybrid architecture that combines CNNs with a lightweight
transformer. This approach integrates local spatial features and
overall contextual representation. It allows us to preserve long-
term structural linkages and restore the microstructure of
medicinal tissues. 2. In contrast to standard medical image
enhancement programs that add generic Gaussian or Poisson
noise, our pipeline uses physically driven, modality-specific
noise simulation for six imaging modalities to inject noise
patterns that correspond to the real physics of each device.

2. RELATED WORKS

The technologies of medical image enhancement have
evolved in an impressive way during the last several decades,
developing the traditional signal processing frameworks to the
advanced deep learning systems. The evolution is an
indication of the technological growth and the increasing
clinical need to have quality diagnostic images that will aid in
the proper interpretation of different imaging modalities. The
evolution path may be divided into two main groups: the
traditional approaches, which were prevailing in the sphere
until the middle of 2010s, and the modern deep learning
solutions, which have been transforming the world of medical
image processing since that time.

Histogram-based approaches have always been one of the
foundations of medical image enhancement over decades, with
CLAHE becoming the most popular method in medical
practice. Contrary to the global histogram equalization,
CLAHE can work on small blocks of the image, and localized
contrast enhancement is applied and a clipping limit
mechanism is used to ensure the method does not over-enlarge
the blocks [20]. More recent uses have also shown the
sustained applicability of CLAHE; Nia and Shih [21] proposed
Global-CLAHE (G-CLAHE) a clever version that integrates
global and local characteristics in order to balance the demand
to retain the overall image context and fine detail in
radiography. Their experiments with chest X-rays
demonstrated that they performed better than traditional
CLAHE especially in the ability to detect subtle anatomical
structures without compromising the overall coherence.
Besides the concept of histogram, the concept of a hybrid
method with a combination of various classical techniques
have also received growing interest. Liu and Nguyen [22]
showed that synergistic gains can be attained on the basis of
integrating CLAHE and wavelet transform decongestion
based on nonlocal averages because wavelet analysis can give
a multi-resolution analysis, whereas nonlocal averages can



maintain structural information during decongestion. Their
performance on the fracture and bone images datasets
demonstrated that there was a significant enhancement in
diagnostic image quality in comparison to the use of a single
method. This paper demonstrates how the traditional
approaches, applied thoughtfully can provide the competitive
performance of certain clinical tasks. Although they are
computationally simple, these techniques are disadvantaged
by depending on manual parameters that are not easily
changed without manual adjustment, and thus do not allow the
methods to be flexible enough to the large clinical
heterogeneity.

The advent of deep CNNs has completely redefined the
paradigm of medical image enhancement, by allowing
learning in a holistic manner of the multifaceted interrelations
between degraded images and enhanced images. Zhou et al.
[23] have extensively reviewed this change and recorded it,
stating that the representational learning emphasis of deep
learning as opposed to explicit models has been extremely
useful in terms of handling the heterogeneity of medical image
distortions. Image enhancement was also one of the areas
where deep networks have exhibited a substantial practical
effect as the researchers named it among the main applications
in conjunction with segmentation and classification tasks.
Wang et al. [24] organized a review of the versions of GAN
by applying it to medical imaging. They disclosed that
conditional generative adversarial networks (cGANs) and
CycleGANSs were especially useful in enhancing the quality of
images that were specific to each imaging mode and images
between different imaging modes. They pointed out in their
analysis that the twofold benefit of competitive training was
that the discriminator trains to offer a learned loss function that
more accurately predicts the quality of clinical images than the
standard pixel metrics whereas the generator trains to create
images under the statistical distribution of high-quality
medical scans. Nevertheless, the researchers also noted that
there were still persistent problems, such as instability in
training, mode collapse, and the inability to create high-
resolution images with anatomically meaningful fine details.

The achievement of the transformer architectures in natural
language processing has led to their application to medical
imaging problems, where self-attention mechanism presents
benefits in the identification of long-range spatial relationships.
Wang et al. [25] conducted a review of incorporation of
transformers into medical image processing pipelines,
observing that they are especially useful in applications in
which global context sensitivity, inaccessible to only CNN
designs, is needed. Swain transformer architecture has been
found to be especially useful in image recovery, such as
resolution enhancement and noise reduction, and it uses
hierarchical feature learning by using offset windows [26].

3. METHODOLOGY

The objective of this study is to create a technique of
enhancing medical image quality, with the help of a hybrid
deep neural architecture, which is a mixture of U-Net networks
and Transformers features. This architecture seeks to solve the
recurring problems of medical imaging including noise, but
maintain the correct diagnostic information. An improved
quality of images is achieved by using a composite loss
function to train the model to achieve optical quality and
clinical integrity of the model. Figure 1 demonstrates the
general block of the proposed method.

The suggested architecture is referred to as U-Transformer
improved which use the U-Net architecture and the
transformer bottleneck are used because, in contrast to local or
channel-only attention, the transformer bottleneck captures
long-range dependencies across the whole image. It
successfully models patch-wise relations and whole-scene
semantics, critical for non-uniform degradations, by balancing
global receptive field and computational cost with spatial
down sampling. Unlike pure transformers, U-Net offers a
multi-scale hierarchical backbone with skip connections that
avoid over-smoothing and maintain high-frequency features.
This section explains the propose architecture and databases
preparation and training:
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Figure 1. The general architecture of the proposed method

3.1 Encoder phase

The hierarchical multi-stage encoder proposed in the
architecture is meant to extract multiscale structural
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characteristics of medical images. The encoder path is
specifically designed to preserve edges and spatial accuracy,
in contrast to traditional CNNs, which often result in the loss
of fine anatomical details and significantly reduce image size.



The input image is convoluted with two convolutional blocks
to obtain the multiscale features. Every block is made up of
two sequential layers that are convolutional with Kernel Size
(3 x 3), Stride (1), and Padding (1) with a Shortcut path. Both
convolutional layers are preceded by BatchNorm and GELU
which are used to extract local patterns (vascular edges) as
demonstrated in Figure 2. The result of every block is sent to
MaxPool2d so as to cut the image by half at every level,
enabling the network to view bigger and more global patterns.
The features in each level are stored and transmitted directly
to the decoder in order to ensure details are fined with Skip
Connections.

3.2 Transformer bottleneck phase

The bottleneck section represents the heart of the proposed
architecture, where the transition from local convolutional
processing to global context modeling takes place. This
section is designed to link the spatial features extracted from
the encoder via a self-attention mechanism [27], allowing the
network to understand long-range interrelationships between
medical tissues, as illustrated in Figure 3. To prepare the
feature maps for the transformer phase, a 1 x 1 convolutional
layer is used to increase the channel depth from 128 to 256
channels. This process, known as bottleneck projection, aims
to expand the feature space, giving the transformer greater
capacity to represent complex details and nonlinear
relationships before initiating the attention process and then
pass through two blocks of transformer. Since transformers
handle data as sequences, a reshape operation was applied to
transform the (48 x 48 x 256) feature maps into a linear
sequence with dimensions (2304 x 256). At this stage, 2304
represents the number of spatial pixels (sequence elements),
while 256 represents the length of the descriptor vector for
each pixel. Positional encoding was then incorporated to
ensure the network retained the spatial information and
geometric arrangement of the medical organs within the
sequence. After processing the data within the transformer
blocks using 8-head attention, a reshape to feature map
operation was performed to revert the processed sequence to
its original spatial form (48 x 48). This step ensured the
restoration of the topological order of the features, allowing
the decoder to handle them as two-dimensional image maps.
In the final stage of the bottleneck, another convolutional layer
(1 x 1 Conv) is used to reduce the channel depth from 256 to
128 channels. This up-projection process compresses the
focused information extracted by the converter, preparing it
for integration with the skip connections coming from the
encoder, thus ensuring a balanced flow of information towards
the final reconstruction stage.

3.3 Decoder phase

The process of encoder is reversed during the process of
decoding and Convolutional Transposed Layers are used to
expand the size of feature maps in space. The maps created by
the encoder (Connections Skip) are then concatenated with the
encoder feature maps that have been upscaled by the decoder.
Such combination enables the decoder to draw on both high-
level features (the bottleneck) and low-level features (the
encoder) hence the ability of retrieving fine image details. The
decoder also has each block which corresponds to a
convolution block (ConvBlock) like the one used in the
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encoder. The last layer will be a 1 x 1 convolutional layer
which converts the recovered feature maps to the final
enhanced image. The step that comes before the generation of
the final image is Residual Learning that adds the output with
the input by use of Residual Addition. This is an advantage
since it shows that the network does not distort the image
content but only enhances it. The architecture of the decoding
block applied in the model is shown in Figure 4.

Table 1 shows the layers from which the proposed method
was built.

Table 1. Layers of the proposed method

Phase Layers Filter Size
Shortcut Conv 1x1
Encoder Blocki: convi 3x3
Encoder MaxPooling 2x2
Encoder Blockz: convz 3x3
MaxPooling 2x2
Projection: Conv 1x1
Bottleneck Transformer Block 8-head Self - 256 .
Attention Embedding
Up- Projection: Conv 1x1
ConvTransposed2d 2x2
Concatenation; Skip from
Encoder2
Decoder Dcoder Blocki: Conv 3x3
ConvTransposed2d 2x2
Concatenationz Skip from
Encoder;
Dcoder Blocka: Conv 3x3
Output Conv 1x1

Input: HxWxCy,

/\

Shortcut:Conv1x1

Conv3x3,5=1,p=1

y

Batch Normalization

v

GELu Activation

)

Conv3x3,5=1,p=1

!

Batch Normalization

v

Sum=Output+Shortcut

\

GELu Activation

v

GELu Activation

)

Output: HXWxCgyt

Figure 2. The architecture of the one encoder block
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Figure 4. The architecture of the decoder phase

Algorithm 1: Complete U-Transformer Forward Pass

Input: xeR"B x 3 x 192 x 192)

Output: yeRNB x 3 x 192 x 192)
Procedure UTransformer(x, base_dim=64):
//Encoder
S1<ConvBlock(x, in_channel=3, out _channel= base dim)
el«—MaxPool2d(s1, kernel size=2, stride=2)
s2«—ConvBlock(el,in_channel=base_dim, out_channels=base dim*2)
e2«— MaxPool2d(s1, kernel size=2, stride=2)
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//Transformer Bottleneck
b, ¢, h, weShap(e2)

t seq«Flatten(e2 proj, start dim=2)
t_seq«—Transpose(t_proj, diml=1, dim2=2)
fori—1to2do

t norm«LayerNorm(t seq)

t seqet seqtt attn

t norm2«LayerNorm(t_seq)

mlp hidden<Linear(t norm2, 256, 1024)
mlp act—GELU(mlp_hidden)

mlp out«Linear(mlp_act, 1024,256)

t seqet seq+mlp out
t_seq<—Transpose(t_seq, diml=1, dim2=2)
t spatial—View(t seq, shape=[b, -1, h,w])

//Decoder

d1_concat«—Concatenate([d]1 up, s2], dim=1)

d2_concat«—Concatenate([d2_up, s1], dim=1)

y«—CLAMP(x+ residual, min=0.0, max=1.0)
return y

e2_proj«—Conv2d(e2,kernel size=1, n_channel=base dim*2, out_channels=base dim*4

t attn, «MultiheadAttention(t norm, t norm, t norm, embed dim=256, num_head=8)

t out——Conv2d(t spatial, kernel size=1, in _channel=base dim*4, out channels=base dim*2)
dl_up<—ConvTranpose2d(t_out, kernel size=2, stride=2, in_channel=base_dim*2, out channels=base dim*2)

dl—ConvBlock(dl concat, in_channel=base dim*4, out channels=base dim)
d2_up« ConvTranpose2d(dl, kernel size=2, stride=2, in_channel=base_dim*2, out channels=base dim)

d2—ConvBlock(d2 concat, in_channel=base dim*2, out channels=base dim)
residual«—Conv2d(d2, kernel size=1, in_channel=base dim, out_channels=base dim)

4. PREPARATION AND TRAINING OF DATABASES

We were able to collect approximately more than 21,000
medical images from the open web, reflecting a range of
technologies used to take them, because there was no specific
and easily accessible dataset for the proposed method. Three
primary categories were created from the gathered images: 1)
radiology (X-rays [28], MRI [29], CT [30], ultrasound [31]).
ii) dermatology (skin imaging [32]), and iii) microscopy
(protein atlas [33], histopathologic [34]) images.

To address the lack of a specific medical images dataset for
perceptual improvement research, noise was added to images
through a simulation process to create a training dataset. Six
modality-specific noise patterns were used, each based on the
physical model of the respective medical imaging modality.
For example, MRI uses Rician noise with complex distribution
is applied at a level of [5, 25] to reflect its complex-valued
signal nature in magnetic fields. CT employs a hybrid
Gaussian-Poisson model at [10,40], while X-ray radiography
applies an inverse Poisson-Gaussian mixture at [8,35].
Ultrasound requires multiplicative Speckle noise at [0.1, 0.3]
to simulate multi-path acoustic wave interference. Microscopy
and dermatology, due to controlled lighting conditions, utilize
Gaussian-Poisson mixtures (1.96%-7.84%) and pure Gaussian
noise (1.18%-5.88%), respectively. This noise-centric
approach is enhanced by an intensity layer that adjusts
brightness and contrast by a factor of [0.9, 1.1]. 21,180
medical images gathered from various imaging modalities
make up the entire dataset creation execution. To guarantee
complete repeatability, they were divided with an 80-10-10
ratio, producing 16,944 training images, 2,118 images for
validation and test respectively.

The optimization criterion applied a well-balanced hybrid
loss criterion which is a synergistic combination of pixel
resolution, perceptual quality and structural preservation. This
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synthetic =~ formula dealt with the long-established
shortcomings of using error measurements alone per pixel,
which do not as a rule represent important perceptual image
elements in medical diagnosis [35]. The total loss (Ltotal) was
given by:

ototal = OL1+0.5% (1- dMS — SSIM) +0.01x 6 perceptual (1)

The L1 component summed the relative distance between
the projected and target images and gave useful gradient
signals that are not prone to distraction by anomalies as L2 loss.
multiscale structural similarity multiscale structural similarity
(MS-SSIM) evaluated compliance with a number of measures
of resolution - which is paramount to medical imaging in
which diagnostically significant features may exist at varying
spatial frequencies. The extracted pre-trained VGG19
convolutional layers perceptual term was used to maximize the
model outputs according to the learnt semantic representations
and thus to improve perceptual realism [36, 37]. The
optimization of the parameters used was AdamW variable
with discrete weight decay, which was initialized with learning
rate of 2 x 10 and weight decay of 1 x 10 with momentum
parameters of 0.9 and 0.999. To avoid rapid convergence in
the early training cycles and the optimization of the parameters
more accurately in the later training cycles, the learning rate
was scheduled based on cosine annealing with Tmax = 100
training cycles used to gradually decrease the learning rate of
its initial value to zero [38]. Training was done using 100
cycles with a batch size of 8 and a 80-10-10 split between the
training set, validation set and testing set respectively.

All the training process was done in PyTorch 2.0, relying on
CUDA -accelerated tensor operations on 16 GB NVIDIA Tesla
V100 GPUs. Auto-Accelerated Multi-Precision (AMP)
computation utilizing multi-precision training at numerical
stability was used [39]. Convergence training required a total



of 22 hours to complete a 100-cycle training schedule and
checkpoints were taken every 10 cycles. Based on the standard
supervised learning protocols, the model with the minimal loss
in verification was kept as the final training network.

5. RESULTS AND DISCUSSION

A disadvantage of this study is that the noisy photos were
generated by artificially introducing noise into publicly
accessible datasets rather than obtaining raw noisy images
directly from medical imaging equipment. While the noise
models used in the literature are prevalent in the literature and
intended to replicate authentic acquisition settings, they may
not comprehensively represent all attributes of real-world
noise produced by various imaging equipment, acquisition
techniques, and patient circumstances.

Medical images that were gathered were used to assess the
effectiveness of the suggested enhancement technique. The
study's findings demonstrate an improvement in the quality of
the processed medical pictures, as verified by objective
assessment metrics. The preservation of exact anatomical
features and the lack of aberrations that might skew clinical
interpretation are what make these advancements truly
significant. Simultaneously, a comparative evaluation was
also performed against modern image-enhancement methods,
namely the Residual MID [40], a low-light enhancement
methodology  that uses the  dual-illumination-map
estimation and incorporating dual-exposure fusion strategies
[41], RetinexNet[42], DRAN model that uses dynamic
residual attention mechanisms in medical imaging [43], and
Deep Perceptual Enhancement [16], which enhances medical

image fidelity with the help of perceptual-driven enhancement.

5.1 Quantitative evaluation

A stringent quantitative evaluation is a critical component
of determining the objective superiority of image-
enhancement methods, which is based on carefully stipulated
mathematical value. The effectiveness of the investigated
method was measured using three complementary measures,
namely the maximum PSNR [44], Structural Similarity Index
(SSIM) and the color-difference measure DeltaE [45, 46]. As
described in Egs. (2) and (3) respectively.

MAX?

PSNR =101 —_— 2
0g( MSE ) 2

PSNR is used to measure image quality through the fidelity
of pixel-wise image reconstruction by dividing the signal
intensity that can be truly attained by the mean-squared error
against the original image with respect to which higher PSNR
value indicates a better signal preservation and a greater noise
reduction [47]. A perceptual statistic called the SSIM
measures how much the quality of a processed or compressed
image has decreased compared to a perfect reference image. It
is predicated on the idea that the human eye is particularly
suited to extracting structural details from a picture, such as
edges and textures [27]. The chromatic accuracy is measured
by the AE metric, which is defined as the Euclidean distance
in a uniform color space as show in Eq. (3) and AE indicates
the difference between the reference and deviation, and a
smaller AE value corresponds to the improvement of a
perceptual quality [44].

AE, = (L L) +(a @) +B ~b) ()

These two measures assess the consistency of signal
reconstruction (PSNR) and the truth to perceptual color
symbolization (Delta E), as well as provide a comprehensive
quantitative description that concurs with the strict
mathematical accuracy and the perceptual sensations of the
human eye.

As shown in Table 2, the suggested technique consistently
surpasses all current methods across all three medical imaging
modalities (Radiology, Dermatology, Microscopy) on every
criterion.

Radiology: The suggested approach has the lowest DeltaE
(2.14), the highest PSNR (42.37), and the highest SSIM
(0.9785). The DeltaE improvement is noteworthy when
compared to the nearest rival, DRAN (PSNR 41.20, DeltaE
4.23); a decrease from 4.23 to 2.14 indicates an almost half-
reduction in the perceived color difference, which is clinically
important.

Dermatology: Once more, the suggested approach is
superior (PSNR 41.47, SSIM 0.9507, DeltaE 4.89). Even
while DeltaE is somewhat greater than in radiology, it is still
considerably superior to Deep Perceptual (6.36) and DRAN
(9.14). The conversation would be strengthened by a brief
mention of the increased variety in skin lesion color.

Microscopic: There has been a significant improvement.
Color changes are nearly undetectable to the human eye
because of the suggested method's near-perfect SSIM (0.9875)
and exceptionally low DeltaE (0.87). This has superb detail
retention.

Table 2. Quantitative comparison of the proposed approach with leading optimisation techniques

Radiology Images

Dermatology Images

Microscopic Images

Method PSNR DeltaE SSIM PSNR DeltaE SSIM PSNR DeltaE  SSIM
Residual MID 3650 634 09113 3618 1032 08851 3693  7.83  0.8769
DUAL 2169 694 08569 1670 1326 08489 2521  3.05  0.6670
RetnixNet 2071 1089 0.8694 1828 1132 08568 22.10 891  0.8119
DRAN 4120 423 09706 4079  9.14 09481 3936 131  0.9735
Deep Perceptual  29.04 321  0.8332 2311 636 07829 3069 111  0.7976
Proposed 4237 214 09785 4147 489 09507 39.65 087  0.9875

Note: PSNR = peak signal-to-noise ratio; SSIM = Structural Similarity Index.
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Figure 5. A qualitative image comparative analysis of radiological, microscopic, and microscopic images from top to bottom
Note: From left to right input, Residual MID, DUAL, RetinexNet, DRAN, Deep Perceptual, proposed, and ground truth

5.2 Qualitative evaluation

Whereas quantitative measures provide an objective,
mathematically rigorous, measurement, a qualitative visual
assessment can never be replaced as far as assessment of
perceptual improvement is concerned according to clinical
diagnostic criteria. The entire visual comparative analysis of
the enhancement results obtained by the proposed U-
Transformer are represented in Figure 5 in comparison to five
recently existing competing approaches in the format of three
medical imaging modalities. The following conclusions can be
drawn from a visual comparison of the suggested approach,
current approaches, and ground truth (GT) across images. In
regions where Residual MID and DUAL lose information
(such as around nodules or cell borders), the suggested model
accurately recovers anatomical and cellular boundaries. While
Deep Perceptual and DRAN exhibit discernible edge blurring,
the suggested output in the second microscopic image is
almost exactly the same as GT. Subtle grey-level gradations in
soft tissue, such as lung parenchyma, are preserved by the
suggested technique. RetinexNet, on the other hand, adds
artificial contrast and oversaturation, which may distort
clinical interpretation. Differentiating between healthy and
diseased tissue depends on retaining natural low-contrast

information. The suggested method's stain density differs very
slightly from GT's in the first microscopic picture. This
discrepancy indicates a very modest propensity toward slight
contrast enhancement in color-rich regions, but it has little
bearing on diagnostic interpretation. In contrast, DRAN
clearly shows no saturation in the same area.

6. ABLATION

To isolate the contribution of the transformer module,
carried out a number of systematic analytical experiments in
the form of a comparison of four network structures (1) a
standard U-Net with a standard convolutional encoder-
decoder architecture; (2) an U-Net with residual blocks; (3) an
U-Net with both residual blocks and skip-attention gates; and
(4) propose U-Transformer, which incorporates all the above
components. The configurations were trained with the same
conditions and were using a composite loss of L1, MS-SSIM,
and perceptual terms, and they were optimized using AdamW
algorithm with one hundred training epochs on a large corpus
of thirty thousand images. Such protocol allowed a fair
comparison by standardizing hyper-parameters, and had the
same data partitions as demonstrated in Table 3.

Table 3. Ablation analysis of architectural and transformer-based improvements

Network Configuration  Radiology PSNR/DeltaE/SSIM

Dermatology PSNR/DeltaE/SSIM  Microscopy PSNR/DeltaE/SSIM

Baseline U-Net

Residual Blocks

Skip Attention
Proposed

25.21/4.82/ 0.9467
26.98/3.17/0.9543
28.14/2.49/ 0.9607
42.37/2.14/0.9785

20.43/7.29/ 0.8733
21.86/ 6.46/ 0.8739
22.58/5.78/ 0.8754
41.47/ 4.89/0.9507

27.74/1.98/ 0.9452
28.39/1.25/ 0.9627
30.72/1.32/0.9689
39.65/ 0.87/0.9875

Note: PSNR = peak signal-to-noise ratio; SSIM = Structural Similarity Index.

The empirical findings show that each of the architectural
features plays a significant role in the overall performance and
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designs support the incremental design logic. Remnant links



always lead to performance enhancement in a variety of
modalities due to gradient propagation in hierarchies in the
network. Skip-attention connection further improves the
performance by selecting to boost salient features and decrease
the spread of noise. It is important to note that transformer
module incorporation results in strong gains and in
radiological applications, where long-range anatomical
dependencies need to be modelled in order to enhance the
quality of results. Three synergistic mechanisms that include:
a global receptive field that allows attention to all spatial
locations, adaptive computation that is resource dependent on
the complexity of the content, and multiscale implicit feature
grouping explain the efficacy of transformers.

7. CONCLUSIONS

The method provides a deep-learning model with a
transformer-based extension, which obtains a high level of
optimization of multimodal medical images through the
simultaneous combination of a global context modeling task
and hierarchical feature assessment. The developed U-
Transformer showed a lot of gains compared to the current
schemes, with an average PSNR gain of 9.2, and a 26.1
decrease in DeltaE over the fields of radiology, microscopy
and dermatology. Extensive analysis of exclusion has shown
that the integration of transformers has a significant
performance contribution (an average PSNR improvement of
1.97 dB, with up to 2.41 dB in radiology) due to three
integrated mechanisms: a global receptive domain to model
long-range dependencies, adaptive computing to allocate
resources depending on content complexity, and implicit
multi-scale feature aggregation. The presence of consistent
behaviour across the range of different imaging modalities
indicates that transformer architectures acquire generalizable
optimization principles that are no longer dependent on the
noise properties of each particular modality, which is a vital
property due to the variety of clinical imaging modalities.

Future research areas are to extend volumetric 3-D imaging
with the use of segmented attention mechanisms, investigate
self-learning models to overcome a lack of data in dual-
training, and apply the framework to a series of diagnostic
tasks with multitasking optimization. Nonetheless, our model
exhibits distinct limits, including a decline in performance on
exceedingly infrequent degradations outside the training
distribution, as well as data-gathering issues that limit
comprehensive coverage of diversity. To increase the model's
resilience, future work will focus on expanding the dataset and
addressing these failure scenarios.
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