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Abstract
Coronary artery disease (CAD) remains a
leading global cause of mortality, with X-ray
coronary angiography serving as the clinical gold
standard for evaluating coronary morphology
and stenosis. However, angiographic images are
often compromised by low contrast, noise, motion
blur, and compression artifacts that obscure fine
vascular structures and impede both diagnostic
interpretation and automated analysis. To
address these limitations, this study proposes
a hybrid deep learning framework integrating
convolutional neural networks (CNNs) with
Transformer-based self-attention mechanisms
for coronary angiography enhancement. The
CNN component targets local feature extraction to
suppress noise, enhance edges, and restore vessel
details, while the Transformer module captures
long-range spatial dependencies to preserve global
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anatomical continuity and structural coherence. The
framework is trained in a supervised manner using
paired high-quality and synthetically degraded
images from the ARCADE dataset. Quantitative
evaluation shows that the proposed hybrid model
achieves a Peak Signal-to-Noise Ratio (PSNR)
of 36.10 dB and Structural Similarity Index
Measure (SSIM) of 0.9670, outperforming the
CNN-only baseline (33.69 dB PSNR, 0.9594 SSIM)
and conventional methods such as histogram
equalization (28.4 dB, 0.87 SSIM) and CLAHE
(29.6 dB, 0.90 SSIM). The hybrid approach yields a
2.41 dB PSNR improvement over the CNN baseline,
indicating superior reconstruction fidelity and
structural preservation. Qualitative assessment
further confirms enhanced vessel clarity, contrast,
and continuity of thin distal coronary branches.
These findings demonstrate the effectiveness of
global–local feature fusion for robust and clinically
meaningful angiographic image enhancement.
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1 Introduction
Medical imaging technology and artificial intelligence
have spawned numerous transformations in the past
few years and in the area of cardiovascular medicine,
the diagnostic process has radically changed [1].
The clinical gold standard in the imaging of the
coronary artery structure, luminal constriction, and
application of the technique in guiding interventional
procedures such as angioplasty and stenting is
X-ray coronary angiography [2]. In spite of
the availability of other non-invasive techniques,
angiography remains the primary modality providing
the highest spatial resolution and real-time coronary
vessel imaging. At the same time, advances in digital
image processing and deep learning have enabled
new opportunities to enhance image quality and to
increase diagnostic confidence [3]. Computational
frameworks ofmodern architecture and computational
analysis, quantitative analysis, and computer-aided
decision support systems all depend critically on the
quality and structural fidelity of input images [4].
Nonetheless, clinical angiographic imaging has to be
obtained in adverse environments such as radiation
dose limit, patient movement, poor contrast injection,
and hardware inconsistency [5]. These are often
responsible for poor image quality that is typified by
low contrast, noise, motion blur, and compression
artifacts [6]. These degradations may blur fine
vascular structures due to bifurcation, particularly
thin distal branches, and may result in impairment
of the interpretation of the diagnostic findings.
With the growth of medical imaging merging
with smart computational processes, the quality of
angiographic images has become a key research
problem in order to guarantee the information quality
of human interpretation and the strength of automated
processing [7].

Deep learning has grown at an impressive rate,
which has made significant progress in the field
of medical image enhancement and restoration [8].
Convolutional neural networks (CNNs) have been
shown to have spectacular performance in denoising,
super-resolution, and contrast enhancement tasks, that
is, learn complicated nonlinear mappings between
low-quality and high-quality images. Particularly
effective in edge preservation, texture preservation,
and small structural features, the features are
successful since their features are aimed at recovering
hierarchical local features. CNN-based models on
cardiovascular imaging have been applied to make
vessels more visible, decrease noise, and enhance

anatomic contrasts of X-ray and CT angiography [9].
Transformer-based architecture is not very old: it
has emerged in the recent past as a powerful
alternative to model global contextual relations
through self-attention mechanism. Transformers can
model long-range dependencies across the entire
image, in contrast to CNNs, which are constrained
by their limited receptive fields and thus may
struggle to capture global structural coherence and
continuity [10]. It is an essential characteristic in a
coronary angiography, in which vessels are on a major
spatial scale and on a complicated branching pattern.
There have been subsequent interests in hybrid CNN
Transformer models due to their combination of
high local feature extraction of the convolutional
layers with the global relational modeler of the
attention mechanisms. These architectures have
shown positive results in terms of image restoration,
image segmentation and image rebuilding services
showing their potential for further application in
angiographic image repair of the heart [11].

Although much has been accomplished, there remains
much to be done to the existing techniques employed
in the improvement of the angiographic imaging.
The traditional image processing techniques, such
as histogram equalization, contrast limited adaptive
histogram equalization (CLAHE), and multiple-scale
vesselness filter, rely on a set of fixed transformations
that is not sensitive to various acquisition parameters.
Such methods are able to improve contrast globally,
although they typically amplify noise and fail to
preserve fine vascular structures in low signal-to-noise
regions; these limitations have motivated the
development of data-driven deep learning approaches
that learn structure-aware mappings directly from
image data [12]. The CNN-based deep learning
models promote resiliency through the acquisition of
data-driven model, but the inherently local receptive
field of convolutional operations constrains their
ability to model long-range vessel continuity, which
is critical for accurate coronary artery analysis [13].
Coronary arteries frequently span large parts of
images with complicated topology and bifurcation,
and the strictly convolutional architecture may cause
minuscule discontinuities or global contrasting
stand-off. Transformer-only models, on the other
hand, though they do well at capturing global
dependencies, can have low inductive biases to
retain fine-grained texture and edge information,
particularly on high-resolution medical images, when
the training sample size is small. Also, the quality
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versus complexity tradeoff in enhancement and
computation is a feasible issue in clinical practice.
Thus, it is evident that there is a need to have a unified
system that is able to provide, at the same time, the
locality of detail, the systematic coherence of the world,
and the computational plausibility. It is necessary
to create such a harmonized enhancement strategy
to achieve stable visualization of the diagnostically
significant coronary structures.

With consideration of the above, this paper
presents a hybrid CNN-Transformer model for
the structure-sensitive enhancement of coronary
angiography images. The offered solution combines
convolutional neural networks to extract local features
and remove noise with self-attention modules based
on the Transformer to address long-range spatial
interactions and global anatomical regularity [14].
The structure is built as a pipeline of progressive
enhancement whereby the convolutional encoding is
used to encode fine vessel details and high-frequency
textures, and then attention-based contextual
refining is used to sustain vessel continuity and
structural integrity throughout the whole picture.
A trained learning approach is utilized by the use
of paired high-quality and synthetically degraded
angiographic images to train the mapping between
low-quality and reference representations. The
suggested model is tested based on quantitative
measures in terms of Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index Measure
(SSIM), and qualitative visual evaluation. The
proposed hybrid architecture should offer quality,
high-fidelity enhancement of coronary angiograms
by offering robustness and effectively using local
and global representation learning to enhance
the diagnostic interpretability status, supporting
downstream computer-aided analysis systems. The
proposed hybrid CNN–Transformer framework
introduces a structured feature fusion mechanism
that combines convolutional feature extraction
with transformer-based global attention modeling.
Unlike conventional hybrid restoration networks, the
proposed architecture emphasizes preservation of
vascular continuity through coordinated local and
global feature representation. This design enables
improved structural consistency and enhanced
visualization of coronary vessels in low-quality
angiographic images.

The key contributions of the paper are the following:

• In this study, we propose a hybrid

CNN–Transformer framework for coronary
angiography image enhancement, combining
local feature extraction with global contextual
modeling.

• We introduce a structure-preserving global–local
feature fusion strategy to enhance fine vessel
details while maintaining long-range anatomical
continuity.

• We conduct a comprehensive experimental
evaluation, including quantitative comparison
with traditional and deep learning baselines
as well as ablation analysis to validate each
architectural component.

• We design a computationally efficient
enhancement framework that achieves
superior reconstruction performance while
remaining suitable for clinical preprocessing and
downstream diagnostic applications.

The rest of paper is organized in the following way.
Section 2 is a thorough literature review of the related
literature. Section 3 explains the proposed model
architecture and methodology in details. Section 4
contains the description of the experimental setup,
results and performance evaluation. Finally, the paper
ends with Section 5 which gives the potential future
work directions.

2 Literature Review
Enhancement of images in medical imaging has been
widely researched, and it is well established that
diagnostic reliability heavily relies on the structural
fidelity and image clarity. The development of early
angiographic enhancement was based on some
classical image processing algorithms like histogram
equalization and contrast-limited adaptive histogram
equalization (CLAHE), which enhance the global
and local contrast based on the redistribution of
the intensity. Recent work by Majid Mohammed
and Mat Isa [15] further extended this class of
methods by proposing an adaptive local variant
that eliminates the need for manual parameter
tuning, highlighting the ongoing research interest in
histogram-based enhancement techniques. Further
visualization of tubular structure was achieved
using multiscale vesselness filtering, especially
the Frangi filter proposed by Frangi et al. [16],
which utilizes second-order Hessian information
to enhance elongated tubular structures such as
blood vessels. Although these methods improve the
contrast of the vessels when they are in controlled

98



ICCK Transactions on Applied Intelligence and Cybernetics

conditions, they tend to amplify noise, introduce
artifacts, and require manual parameter tuning.
Similar limitations of conventional enhancement
frameworks were highlighted by Alkhodari et al. [17],
who noted that these methods lack flexibility across
different acquisition conditions. Consequently,
classical approaches often demonstrate limited
practical effectiveness in coronary angiography,
where variations in signal-to-noise ratio, motion
artifacts, and compression effects can significantly
degrade image quality. The development of deep
learning gave a major boost to the medical image
restoration. Dong et al. [18] were the first to develop
CNN based super-resolution where it was shown
that convolutional networks can be trained to learn
complex nonlinear mappings between low-quality
and high-quality images. Later developments applied
CNNs to medical image denoising and enhancement,
including convolutional denoising autoencoders [19]
and residual learning-based image denoising [20]. In
heart studies, Tatsugami et al. [21] found that a deep
learning-based model has better image restoration
performance in coronary CT angiography. CNN
architectures such as encoder–decoder networks
and residual blocks effectively suppress noise and
reconstruct local textures by exploiting hierarchical
spatial information. Nevertheless, despite their
strong capacity for local feature modeling, CNNs are
fundamentally limited by their restricted receptive
fields. However, long range dependencies within
more complicated structures of coronary vessels are
still difficult to capture even in deep samples, which
may result in discontinuities in global anatomical
reconstruction. Most recently, Transformer-based
models have been applied in computer vision and
medical image analysis. The Vision Transformer (ViT)
proposed by Dosovitskiy et al. [22] demonstrated
that patch-based self-attention mechanisms can
effectively model global spatial relationships across
entire images, offering a compelling alternative to
convolutional architectures for high-level vision
tasks. Liu et al. [23] proposed the Swin Transformer,
which uses hierarchical feature representations with
shifted window-based self-attention to achieve both
computational efficiency and scalability across image
resolutions. Zamir et al. [24] proposed Restormer, an
efficient Transformer architecture for high-resolution
image restoration, which introduced transposed
attention and gated feed-forward modules to capture
long-range pixel dependencies while maintaining
computational tractability on large images. The benefit
of transformer models is that it directly attempts to

model long range spatial dependencies, which is
especially useful to maintain vessel continuity through
long coronary structures. Nonetheless, Transformer
only networks usually use large data sets, are more
computationally complex, and do not have effective
inductive biases to preserve fine-grained edges a
critical feature in coronary angiography. Recent
advancements in transformer-based image restoration
have demonstrated significant improvements in
medical image enhancement tasks. Architectures
such as Restormer, SwinIR, and Uformer utilize
self-attention mechanisms to capture long-range
dependencies and improve structural preservation.
These models have shown promising results in
image denoising, super-resolution, and medical
image reconstruction. However, their computational
complexity and limited integration with convolutional
feature extraction motivate the development of hybrid
CNN–Transformer frameworks that combine local
feature learning with global contextual modeling.
To overcome these complementary drawbacks, hybrid
CNN-Transformer models have been created to
combine local convolutional object extraction with
global attention mechanisms. A hybrid medical image
segmentation architecture was suggested by Yu et
al. [25], which exhibited a better structural modeling
technique by utilizing global local features fusion.
Equally, the recent studies on the frameworks of
Transformer-assisted restorations. Senthil Anandhi
and Jaiganesh [26] have demonstrated that the
inclusion of convolutional and attention modules
promote both pixel-level and structural consistency.
Regardless of these improvements, the use of
hybrid CNN-Transformer architectures that have been
specifically designed to handle coronary angiography
image improvement has not been extensively done.
The current literature concentrates on segmentation
or broad medical restoration activities, but does not
consider the special requirements of angiographic
images such as the large range of contrast variations,
fine visualization of small vessels, and artifacts
caused by compression. Thus, the desire to have a
hybrid improvement framework that will be able to
retain local vessel detail and retain global anatomical
consistency in the coronary angiography at the same
time continues to be a need.

3 Materials and Methods
This section outlines the materials and methods
of the proposed model, such as the description of
the dataset, pipeline for preprocessing, and hybrid
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Figure 1. Architecture of the proposed hybrid CNN–Transformer framework for coronary angiography image
enhancement.

CNN-Transformer framework used for coronary
angiography image enhancement. It explains the
construction of paired high and low quality images,
the design of the network, the training of the network
and the measures of evaluation of the network. Also,
the details of the implementation and the experimental
settings are presented to enable the reproducibility and
fair performance evaluation.

3.1 Proposed Framework
The presented framework provides a hybrid
CNN-Transformer model to improve the
low-quality coronary angiography images without
losing fine vessels information and the overall
anatomical continuity. The model adheres to
the sequential global-local learning approach
combining the convolutional feature extraction and
self-attention-based contextual refinement. The
low-quality angiogram is initially subjected to a CNN
encoder which consists of residual convolutional
blocks. This step aims at decomposing hierarchical
local details, such as vessel edges, textures and
high-frequency structural details. The convolutional
operations are effective to suppress noise and enhance
the local contrast because of being highly inductive
to the spatial locality [27]. The encoder produces
refined local feature maps that highlight diagnostically
significant vascular regions. These feature maps
are subsequently fed into a hybrid global–local
feature fusion module based on Transformer-based
self-attention mechanisms. The features are redefined
to have token representations and they are multi-head
attended whereby the network models the long range
spatial variability of the entire image. The transition

ensures continuity of structures and continuity of
vessels particularly in long and bifurcating coronary
arteries. Transformer outputs are concatenated with
CNN features since the local representation with the
global contextual awareness is needed [28]. Lastly,
a reconstruction decoder with a combination of
convolutional residual blocks is used to refine the
fused features and the refined angiogram. The step
is employed to re-introduce the contrast, reduce
the remaining artifacts, and generate a structurally
consistent output image, which may be interpreted
clinically and applied in futuristic computer-aided
diagnostic processes. Figure 1 shows the suggested
hybrid CNN-Transformer architecture which consists
of local feature extraction, global contextual modeling,
and reconstruction phases that can be used to add
value to coronary angiography images.

3.2 Dataset Preparation
The database used in this study is the ARCADE
coronary angiography database, which is composed of
clinically obtained X-ray angiograms acquired under
various imaging conditions and anatomical variations.
Paired high-quality (HQ) and low-quality (LQ) image
datasets were created to facilitate supervised learning
for image enhancement. Original angiograms were
considered as HQ reference images, whereas LQ
images were synthetically generated using a controlled
degradation model that simulates realistic acquisition
artifacts encountered in clinical practice.

Let IHQ denote a high-quality angiogram. The
degraded image ILQ is generated using a degradation
function D(·), which is defined as
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ILQ = D(IHQ) = (IHQ ∗K) ↓s +n, (1)

where ∗ denotes the convolution operator, K
represents a blur kernel that simulates motion blur
or defocus blur, ↓s denotes downsampling by a scale
factor s, and n represents additive noise that models
quantum noise and electronic sensor noise.
The degradation model consists of Gaussian blurring,
resolution reduction, additive noise injection, and
contrast attenuation to reproduce degradation
characteristics caused by image compression, low
exposure, and motion-induced distortions, which are
commonly observed in coronary angiography.
A patient-independent data partition strategy was
adopted to divide the dataset into training, validation,
and testing subsets, thereby ensuring an unbiased
performance evaluation. The dataset statistics are
summarized in Table 1.
Table 1. Distribution of the ARCADE coronary angiography

dataset across training, validation, and testing sets.
Dataset Split Number of Images Percentage (%)

Total Dataset 1600 100%
Training Set 1000 62.5%
Validation Set 300 18.75%
Testing Set 300 18.75%

3.3 Preprocessing
The enhancement of the coronary angiography images
is a major process because the raw angiograms
are usually characterized by low contrast, poor
illumination, motion effects and distortions caused by
compression. Such degradations are not only affecting
visual interpretation, but it is also reducing stability
and convergence effectiveness of deep learning
models. Thus, a preprocessing pipeline is comprised
of structured operations in order to standardize
image presentation, model realistic degradation
modes in the context of supervised learning, and
highlighting diagnostics-sensitive vascular shapes.
The preprocessing phase makes the models easy to
train by normalizing intensity distributions, enhances
tubular vessel characteristics, and provides controlled
low-quality samples, which in turn leads to a greater
reliability of the following hybrid CNN-Transformer
enhancement scheme. The coronary angiography
images are characterized by poor contrast, uneven
lights and shadows, and motion artifact, as well as
compression artifact caused by acquisition limitations

and radiation dose limitation. In order to enhance
consistency of training and representation of inputs, a
uniform preprocessing pipeline was performed before
training. To ensure computational efficiency, especially
Transformer-based attention operations, all images
were first converted to grayscale and downsampled
to a spatial resolution of 128× 128 pixels. It was then
normalized using pixel intensity to re-range values
to the range [0, 1] by which numerical stability is
enhanced when optimizing.
In order to build paired training data, high-quality
reference images are degraded to generate
corresponding low-quality images using a composite
degradation model. The degradation process follows
the widely adopted image restoration formulation:

ILQ = D(IHQ) = ((IHQ ∗K) ↓s) ↑s +n, (2)

where IHQ denotes the high-quality angiogram, ∗
denotes convolution, K represents a Gaussian blur
kernel, ↓s and ↑s represent down-sampling and
up-sampling with scale factor s, respectively, and

n ∼ N (0, σ2)

denotes additive Gaussian noise.
The Gaussian blur kernel is defined as

K(x, y) =
1

2πσ2
exp

(
−x

2 + y2

2σ2

)
, (3)

which is used to simulate motion blur and defocus
artifacts commonly observed in angiographic image
acquisition.
To improve numerical stability during network
training, pixel intensities are normalized to the interval
[0, 1] according to

Inorm =
I − Imin

Imax − Imin
, (4)

where Imin and Imax denote the minimum and
maximum pixel values of the image.
Low-exposure conditions are simulated through
contrast attenuation:

Icontrast = αInorm + β, (5)

101



ICCK Transactions on Applied Intelligence and Cybernetics

where α controls the image contrast and β adjusts the
image brightness.
To further enhance tubular vascular structures,
second-order derivative analysis based on the Hessian
matrix is employed:

H(I) =


∂2I

∂x2
∂2I

∂x∂y

∂2I

∂y∂x

∂2I

∂y2

 , (6)

The vesselness response V (x) is computed from the
eigenvalues λ1 and λ2 of the Hessian matrix using the
Frangi vesselness measure:

V (x) =


0, λ2 > 0,

exp

(
−
R2

B

2β2

)(
1− exp

(
− S

2

2c2

))
, otherwise,

(7)
where

RB =
|λ1|
|λ2|

, S =
√
λ21 + λ22. (8)

This formulation enhances long, narrow tubular
structures that resemble coronary arteries.

3.3.1 CNN-Based Local Feature Enhancement Network
The initial component of the proposed framework is
a convolutional neural network (CNN) designed to
extract hierarchical local features from low-quality
coronary angiograms. CNNs are particularly effective
at capturing localized spatial patterns, including
vessel edges, fine textures, and high-frequency
anatomical structures. Given an input image ILQ, the
convolutional operation at the l-th layer is defined as

F (l) = σ
(
W (l) ∗ F (l−1) + b(l)

)
, (9)

whereW (l) and b(l) denote the learnable convolutional
weights and bias at the l-th layer, respectively, ∗
denotes the convolution operator, and σ(·) represents
the Rectified Linear Unit (ReLU) activation function.
Residual learning is incorporated to stabilize the
training process and preserve low-frequency image
information. The residual feature map is computed as

Fres = F (l) + F (l−1), (10)

where Fres denotes the residual feature representation.
CNNs are particularly effective at capturing localized
spatial patterns, including vessel edges, fine
textures, and high-frequency anatomical structures,
and have been specifically applied to automate
coronary angiography analysis tasks such as vessel
quantification and stenosis assessment [27].

3.3.2 Transformer-Based Global Structural Refinement
Network

To overcome the locality limitation of convolutional
neural networks (CNNs), a Transformer module is
introduced to capture global contextual dependencies
through the self-attention mechanism. Given the
query, key, and value matrices, the self-attention
operation is defined as

Attention(Q,K, V ) = Softmax

(
QKT

√
dk

)
V, (11)

where Q, K, and V denote the query, key, and
value matrices, respectively, and dk represents the
dimensionality of the key vectors, which is used as
the scaling factor.
To improve the representation capability, the
multi-head attention (MHA) mechanism extends the
self-attention operation as

MHA(Q,K, V ) = Concat(head1, . . . ,headh)WO,
(12)

where each attention head independently learns
feature representations in different subspaces before
being concatenated and linearly projected byWO.
This architecture effectively models long-range
spatial dependencies over the entire angiographic
image, thereby improving vessel continuity in the
reconstructed results. Furthermore, the Global
Contrast Consistency Anatomical Coherence
Transformer (GCCACT) block incorporates layer
normalization and a position-wise feed-forward
network (FFN), formulated as

FFN(x) = ReLU (xW1 + b1)W2 + b2, (13)

whereW1,W2, b1, and b2 are learnable parameters of
the feed-forward network.
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Figure 2. Architecture of the proposed hybrid CNN–Transformer model.

3.3.3 Synthetic Degradation
Synthetic degradation was applied to simulate realistic
imaging artifacts commonly observed in coronary
angiography systems. Gaussian noise was introduced
to represent sensor noise, while Gaussian blur
simulated motion-related image distortion. Contrast
reduction was applied to emulate low-visibility vessel
structures. Degradation parameters were selected
based on commonly reported angiographic acquisition
conditions and prior medical imaging studies.

3.4 Proposed Hybrid CNN–Transformer
Framework

The proposed Hybrid CNN–Transformer framework
for coronary angiography image enhancement
follows a dual-path refinement strategy that
effectively combines local feature learning with
global contextual modeling to produce high-quality
enhanced angiograms.
The framework first takes a low-quality coronary
angiogram, denoted as ILQ, as the input. The
image is initially processed by a CNN-based local
feature extraction module. This module consists of
multiple convolutional layerswith nonlinear activation
functions that progressively extract hierarchical spatial
features, including vessel edges, fine textures, and
contrast patterns. The CNN branch is primarily
responsible for noise suppression and high-frequency

detail recovery while preserving local anatomical
structures [29, 30].
The extracted feature maps are subsequently
forwarded to the global refinement module
based on the Transformer architecture. The
feature maps are first converted into token
representations and then processed through
multi-head self-attention, feed-forward networks
(FFNs), and layer normalization. The self-attention
mechanism captures long-range spatial dependencies,
allowing the network to preserve vessel continuity
and maintain global anatomical coherence throughout
the entire image.
After global feature modeling, the representations
learned by the CNN branch and the Transformer
branch are fused in the feature fusion stage,
where local and global information are jointly
integrated. The fused features are then passed
through a reconstruction decoder composed of several
convolutional layers to generate the final enhanced
angiogram, denoted as ÎHQ.
Figure 2 illustrates the overall architecture of
the proposed framework, demonstrating how
the integration of local enhancement and global
contextual modeling enables structure-preserving
coronary angiography image restoration.
The proposed hybrid CNN–Transformer framework
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integrates CNN-based local feature extraction and
Transformer-based global contextual modeling into
a unified image enhancement pipeline. Given a
low-quality angiographic image ILQ as input, the CNN
encoder first extracts hierarchical local representations,
which are subsequently processed by the Transformer
module to model long-range spatial dependencies.
Finally, the reconstruction decoder generates the
enhanced image ÎHQ. The overall mapping function is
defined as

ÎHQ = Ddec (T (Ecnn(ILQ))) , (14)

where Ecnn denotes the CNN encoder responsible
for local feature extraction, T represents the
Transformer-based global refinement module,
and Ddec denotes the reconstruction decoder that
produces the final enhanced image.
To effectively integrate local and global representations,
feature fusion is performed by combining CNN
features with Transformer features according to

Ffusion = Fcnn + Ftrans, (15)

where Fcnn and Ftrans denote the feature maps
generated by the CNN encoder and the Transformer
module, respectively.
The fused representation is further refined by the
convolutional decoder to reconstruct the enhanced
angiographic image. This hybrid design effectively
preserves fine vascular structures while maintaining
long-range anatomical continuity, thereby reducing
reconstruction artifacts and producing reliable,
high-fidelity images suitable for both clinical
interpretation and downstream computer-aided
analysis.
Feature maps generated by the convolutional encoder
are transformed into Transformer tokens through a
flattening and reshaping operation. Specifically, the
spatial feature map is partitioned into image patches,
which are then converted into a sequence of feature
vectors. Positional encoding is subsequently added to
preserve the spatial relationships among tokens before
they are processed by the Transformer module.

3.5 Evaluation Metrics
In order to comprehensively evaluate the performance
of the proposed hybrid CNN–Transformer
architecture, both pixel reconstruction fidelity
and perceptual structural similarity are considered.
Peak Signal-to-Noise Ratio (PSNR) and Structural

Similarity Index Measure (SSIM) are adopted as
standard quantitative metrics for image restoration
and medical image enhancement.
Peak Signal-to-Noise Ratio (PSNR) measures the
reconstruction accuracy between the enhanced image
ÎHQ and the reference high-quality image IHQ. It is
defined as

PSNR = 10 log10

(
MAX2

I

MSE

)
, (16)

where MAXI denotes the maximum possible pixel
intensity. TheMean Squared Error (MSE) is computed
as

MSE =
1

MN

M∑
i=1

N∑
j=1

(
IHQ(i, j)− ÎHQ(i, j)

)2
, (17)

where M and N denote the height and width of
the image, respectively. A higher PSNR value
indicates a lower reconstruction error and better noise
suppression performance.
Structural Similarity Index Measure (SSIM) evaluates
the perceptual similarity between two images in terms
of luminance, contrast, and structural information. It
is defined as

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2x + µ2y + C1)(σ2x + σ2y + C2)
, (18)

where µ denotes the mean intensity, σ2 denotes the
variance, σxy represents the covariance between the
two images, andC1 andC2 are small positive constants
introduced to improve numerical stability.
The SSIM value ranges from 0 to 1, with larger values
indicating higher structural preservation and greater
perceptual similarity.
Therefore, PSNR and SSIM are jointly employed as
complementary quantitative metrics for evaluating the
enhancement quality of coronary angiography images.

4 Experimental Results and Analysis
This part shows the experimental setup, the
quantitative and qualitative analysis of the evaluation,
the analysis of computational efficiency, and
the ablation experiments performed to confirm the
effectiveness of the proposed hybridCNN-Transformer
framework to coronary angiography image
enhancement.
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Table 2. System requirements used for experiments.
Category Component Specification

Hardware

CPU Intel Xeon (2.30 GHz)
System Memory (RAM) 8 GB
Storage 256 GB SSD
GPU CUDA 11.6 Supported GPU

Software

Operating System Windows
Programming Language Python 3.8
Deep Learning Framework TensorFlow
Development Environment Google Colab / Local Workstation
Numerical Libraries NumPy, SciPy, Pandas

4.1 System Requirements
Experiments were all performed on a standardized
computational platform to guarantee reproducibility
and equitable comparison of baseline and suggested
models. An efficient implementation of convolutional
operations and self-attention calculations in the hybrid
CNN-Transformer architecture was implemented
using a system that uses a GPU. It was implemented
in Python 3.8 with the TensorFlow deep learning
framework with the help of necessary numerical
libraries to preprocess and evaluate the results. The
training and inference procedures were run on the
same hardware and software environment to ensure
experimental consistency and prevent performance
bias. Table 2 outlines the hardware and software
specifications of the study.

4.2 Hyperparameters
The key aspect to be considered is the careful
selection of hyper parameters in order to achieve stable
convergence and best performance of deep learning
models, especially in cases of hybrid architecture
where convolutional and attention-based components
are intertwined. In this work, it was found that
the proposed CNN-Transformer framework was
trained with the Adam optimizer because it has
an adaptive learning rate mechanism and sparse
gradients were handled easily. The learning rate
was initially pegged at 1×10−4 with a compromise
between the rate of convergence and stability of the
training. Reduce-On-Plateau scheduler was also used
to dynamically change the learning rate when the
validation performance stopped. To balance gradient
stability and use of the GPU memory, mini-batch
training with a batch size of 4 was adopted due to
the limitation of the memory of the GPUs used. The
main loss function in order to optimize the fidelity
to pixel-level reconstruction was the Mean Squared
Error (MSE). To inhibit overfitting, weight decay

regularization and early stopping using a patience of
10 epochs was used. Data augmentation techniques
such as rotation, flipping, scaling and contrast jittering
were used during training in order to generalize
under different imaging conditions. The full hyper
parameters configuration is in summary in Table 3.

Table 3. Hyperparameter configuration used in experiments
Hyperparameter Value

Optimizer Adam
Initial Learning Rate 1× 10−4

Learning Rate Scheduler Reduce-on-Plateau
Batch Size 4
Loss Function Mean Squared Error (MSE)
Weight Decay 1× 10−5

Input Image Size 128× 128
Data Augmentation Rotation, Flipping, Scaling,

Contrast Jitter
Early Stopping Patience 10 epochs
Model Initialization He initialization
Activation Function ReLU

To rigorously evaluate the stability and robustness of
the proposed hybrid CNN–Transformer framework,
a systematic hyperparameter sensitivity analysis
was conducted by varying key training parameters,
including the learning rate and batch size. These
parameters play a critical role in optimization
dynamics, convergence behavior, and generalization
performance, particularly in hybrid architectures
that integrate convolutional and attention-based
components. The learning rate was varied across
a range of 1×10−5 to 1×10−3. Experimental results
indicate that very low learning rates (e.g., 1×10−5)
led to slow convergence and increased training time,
while higher learning rates (e.g., 1×10−3) occasionally
caused instability and fluctuations in validation
loss. The optimal performance was consistently
observed within the range of 1×10−4 to 5×10−4,
where the model achieved stable convergence and
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Table 4. Quantitative performance comparison of enhancement methods.
Method Enhancement Strategy Dataset PSNR (dB) SSIM
Histogram Equalization N/A 5 0.5 -
CLAHE N/A 7 0.6 -
Bilateral Filtering N/A 12 0.8 -
BM3D N/A 15 1.0 -
Denoising CNN CNN-based filtering ARCADE 32.0 0.94
Residual CNN Deep residual learning ARCADE 32.80 0.9480
U-Net Enhancement Encoder-decoder CNN ARCADE 33.0 0.95
Attention-CNN CNN + attention ARCADE 34.1 0.960
Transformer-Only Global self-attention model ARCADE 34.21 0.9612
Hybrid CNN-Transformer (Proposed) CNN + Transformer ARCADE 36.10 0.9670

superior reconstruction accuracy in terms of PSNR
and SSIM. Similarly, batch size was evaluated across
values of 4, 8, 16, and 32. Smaller batch sizes
(e.g., 4) provided more stable gradient updates but
increased training time, while larger batch sizes
(e.g., 32) improved computational efficiency but
slightly reduced generalization performance due to
less stochasticity in gradient estimation. A batch
size of 8-16 provided the best trade-off between
computational efficiency and model performance,
yielding consistently high PSNR and SSIM values
across validation experiments.

4.3 Quantitative and Qualitative Evaluation
The quantitative results demonstrate the significant
improvement of the results from traditionalmethods to
the advanced deep learning architectures. Histogram
Equalization and CLAHE obtain PSNR scores of
28.4 dB and 29.6 dB with SSIM scores of 0.87 and
0.90, respectively, indicating that they have limited
structural preservation. Classical filtering approaches
such as Bilateral Filtering (30.8 dB, 0.92 SSIM) and
BM3D (31.5 dB, 0.93 SSIM) give moderate increases.
CNN based models further give better results, where
the PSNR and SSIM for U-Net are 33.0 dB and 0.95,
and for Attention-CNN, the PSNR and SSIM are 34.1
dB and 0.960. The Transformer-only model works well
with 34.21 dB and 0.9612 SSIM. In the current case,
the proposed hybrid CNN-Transformer framework
is used, and at 36.10 dB PSNR and 0.9670 SSIM, we
achieve the highest performance. The full comparison
is summarized in Table 4.
Besides the quantitative evaluation, qualitative visual
assessment was also conducted to determine the
quality of perceptual images. Figure 3 shows
some sample images of the poor-quality input, the
improved output of the proposed hybrid model. The
low-quality images have low contrast and visible
noise, and the vessels are blurred, thus obscuring
the thin and distal vessels. With improvement with

the suggested hybrid framework, vessel structures
are much more transparent, and better edges
are defined and contrasted to the background.
Significantly, the improved images are much closer
to the high-quality references, indicating successful
restoration of diagnostically important details.

Figure 3. Low-quality input images, enhanced outputs
produced by the proposed hybrid model.

The qualitative evaluation further confirms the
superiority of the proposed hybrid CNN–Transformer
framework. Traditional methods such as Histogram
Equalization and CLAHE received low mean opinion
scores, particularly in thin vessel visibility (1.8-2.5)
and artifact reduction (1.9-2.4), indicating limited
structural preservation. Moderate improvement was
seen with classical filtering methods such as BM3D
with scores of about 3.4 on average. CNN-based
models, such as U-Net and Attention-CNN, portrayed
good visual enhancement with overall scores of over
4.0, or more edge clarity and noise suppression. The
Transformer-only model had good performance in
continuity in structure (4.5). Nonetheless, the hybrid
model was rated with the most overall with a score of
4.8 and ranked highly in the noise suppression, clarity
of the vessels and coherence of anatomy. It is evident
that the qualitative evaluation has been done in greater
detail, as demonstrated in Figure 4.
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Table 5. Efficiency comparison of different models.

Model Number of
Parameters (M)†

Inference Time
(ms/image)

GPUMemory
Usage (GB)

Training Time
per Epoch (min)

Histogram Equalization 0.01 5 0.5 -
CLAHE 0.02 7 0.6 -
Bilateral Filtering 0.05 12 0.8 -
BM3D 0.08 15 1.0 -
Denoising CNN 6.5 16 1.9 4.0
U-Net Enhancement 7.2 20 2.2 4.8
Attention-CNN 8.4 22 2.6 5.1
Transformer-Only 12.4 35 3.8 7.2
Hybrid CNN-Transformer (Proposed) 9.6 24 2.9 5.6

Figure 4. Qualitative visual assessment of enhancement
methods.

4.4 Efficiency Analysis
As shown in the efficiency analysis, there is a
trade-off between enhancement performance and
computational complexity of two approaches.
Methods such as Histogram Equalization and
CLAHE require minimal computation, with inference
times under 10 ms and few parameters, but lack
the learning capacity to model structural features.
Classical filtering techniques such as BM3D exhibit
a moderate level of computation but offer limited
enhancement gains. The CNN-based models grow the
size of the parameters to about 6-8 million and have
moderate memory usage in the GPUs, which is a good
compromise between performance and efficiency.
Transformer-only model has the largest computational
cost since it has self-attention operation and has 12.4
million parameters and inference time of 35 ms. The
suggested hybrid CNN-Transformer has competitive
efficiency of 9.6million parameters and 24ms inference
speed, and higher enhancement performance. Table 5
presents an efficiency comparison of the different
models.

The performance efficiency trade-off curve is a

curve that shows how the inference time and
reconstruction accuracy depend on the various
enhancement methods. The conventional methods
like Histogram Equalization and CLAHE have
low inference times yet exhibit small PSNR gains.
Classical filtering and CNN-based models exhibit a
smooth improvement of reconstruction performance
at moderate levels of computation. Transformer-only
model is able to achieve competitive PSNR, but has the
worst inference time since self-attention mechanisms
are quadratically an expensive task to execute.
Conversely, the presented hybrid CNN-Transformer
model reaches the largest PSNR (36.10 dB) with a
reasonable inference time (24 ms), thus, indicating
a sufficient level of balance between the efficiency
of computation and its improvement. In Figure 5,
such trade-off analysis is illustrated and an emphasis
has been made on the balanced performance of the
proposed hybrid model.

Figure 5. Performance–efficiency trade-off analysis across
enhancement methods.

4.5 Ablation Study
The ablation study experimentally evaluates the
contribution of each architectural component and
design solution to the overall improvement in
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Table 6. Ablation study on architectural components.

Model Configuration CNN
Encoder

Transformer
Module

Feature
Fusion PSNR (dB) SSIM ∆PSNR

(vs CNN)

CNN-Only X × × 33.69 0.9594 -
Transformer-Only × X × 34.21 0.9612 +0.52
CNN + Transformer (No Fusion) X X × 34.95 0.9625 +1.26
CNN + Transformer (Concat Fusion) X X Concat 35.42 0.9641 +1.73
CNN + Transformer (Additive Fusion) X X Add 35.78 0.9653 +2.09
CNN + Transformer (Attention Fusion) X X Attention 35.96 0.9662 +2.27
Hybrid (Reduced Transformer Depth) X X(Shallow) Add 35.60 0.9648 +1.91
Hybrid (Proposed) X X Optimized Fusion 36.10 0.9670 +2.41

performance. The CNN-only state gets 33.69 dB PSNR
and 0.9594 SSIM, which proves that convolutional
layers are able to reasonably reconstruct local vessel
texture and remove noise. Transformer-only achieves
a better structural continuity with a PSNR of 34.21
dB and SSIM of 0.9612, however, it does not
have a high score in local inductive bias, allowing
to retrieve fine details. On embedding CNN
with Transformer without their explicit fusion, the
performance goes to 34.95 dB, which suggests local
and global complementary behavior in modeling.
Alternative fusion strategies are also beneficial to more
performance and concatenation and additive fusion
gradually increase PSNR and SSIM. Attention-based
fusion has a better integration of global context,
with 35.96 dB. A shallow variant of Transformer is
slightly less effective, which demonstrates that enough
contextual modeling capacity is something that needs
to be considered. The recommended optimized hybrid
setup is, with the highest performance of 36.10 dB
PSNR and 0.9670 SSIM,which proves that the balanced
local-global features integration is the most effective
to obtain the optimal result in coronary angiography
enhancement. Table 6 provides the ablation study of
the architectural components.
The ablation results demonstrate that each component
of the proposed framework contributes to overall
performance improvement. The convolutional
layers enhance local feature extraction and edge
detection, while the Transformer module improves
global structural consistency through attention
mechanisms. The combined architecture achieves
superior performance compared to individual
components, confirming the effectiveness of the
hybrid design.

4.6 Discussion
The experimental findings show that the proposed
hybrid CNN-Transformer model can offer continuous

and considerable performance improvements in the
coronary angiography image enhancement in terms
of the traditional and deep learning-based baselines.
The results demonstrate the relevance of combining
local feature analysis and global context modelling in
the case of structurally complicated medical images
like coronary angiograms. Conventional methods of
enhancement, such as Histogram Equalization and
CLAHE, enhance contrast on a global scale but not
on changing imaging conditions. They often fail to
distinguish diagnostically important vessel structures
from background noise, which leads to artifact
amplification and structural distortion. This weakness
is captured by their relatively low values of PSNR and
SSIM. CNN-models can be of great use in enhancing
reconstruction fidelity through training nonlinear
mappings between degraded and high-quality images.
The CNN-only setup is effective in noise reduction
and vessel outline reconstruction, which supports the
power of convolutional inductive bias to local features
modelling. However, the coronary vessels tend to
occupy large space with intricate branching vascular
structures, and pure convolutional architectures
remain ineffective at capturing long-range interactions.
This limitation can introduce minor discontinuities in
vessel continuity, particularly in distal branches.

Transformer-based architectures solve this problem by
making use of self-attention mechanisms to encode
long range spatial relationships. The Transformer-only
configuration achieves better structural continuity
but does not have good local priors required for
fine-grained texture recovery. Without convolution
inductive bias, the output of Transformer models may
become smoother than with some edge sharpness
trade-off in thin vessels. The ablation study has
confirmed that neither CNN nor Transformer
components can achieve good performance alone.
The proposed hybrid framework utilizes the effect of
both the paradigms to a good extent. Hierarchical
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local features are obtained by CNN encoder and
Transformer module fine-tunes them, through
modeling interactions on a global context. The feature
fusion mechanism has made sure that local detail and
long-range coherence are not lost in the process of
reconstruction. The hybrid model has the best PSNR
(36.10 dB) and SSIM (0.9670) which indicate that
the hybrid is clearly better in its performance than
both CNN-only and Transformer-only models. The
quality of the improved images in terms of qualitative
analysis is that they have a better vessel clarity, reduced
artifacts, and increased thin distal branch visualization.
The efficiency analysis further confirms the practical
applicability of the proposed approach. Although
Transformer-based operations increase computational
cost, the shared high-level feature representations
help reduce overall computational overhead. The
hybrid model provides a positive trade-off between
performance and inference time and, as such, is
applicable to clinical preprocessing in the real world.
Although these are encouraging outcomes, there are a
number of limitations. The scale of the dataset is rather
moderate, and the synthetic degradation pipeline
may not fully capture the diversity of real-world
acquisition artifacts. Furthermore, all images were
downsampled to 128 × 128 pixels for computational
efficiency; future work should evaluate the framework
at higher resolutions to better assess its capacity for
preserving thin vessel structures in clinical-resolution
angiograms. Future directions would be to explore
multi-center validation, use perceptual/ hybrid loss
functions, and lightweight attention mechanisms to
deploy attention in real-time. However, the suggested
hybrid CNN-Transformer framework has a good
potential to be a powerful and clinically significant
improvement framework in coronary angiography
imaging.

The improved performance of the proposed
hybrid framework can be attributed to the
complementary strengths of convolutional and
transformer architectures. Convolutional neural
networks effectively capture local spatial features
such as edges and textures, while transformer
modules model long-range dependencies through
self-attention mechanisms. By integrating these
components, the proposed model achieves improved
structural preservation and global consistency in
angiographic image enhancement. The proposed
hybrid CNN–Transformer architecture is designed
to be dataset-independent and can be applied to
other angiography datasets without structural

modification. Although the current study evaluates
performance using the ARCADE dataset, the model
relies on generic feature extraction and attention
mechanisms that are applicable across different
imaging environments. Future work will focus on
validating the framework using multi-center datasets
to further assess generalization capability.

5 Conclusion
The paper suggests the hybrid CNN-Transformer
to improve the quality of coronary angiography
images, which combines both local convolutional
feature extraction and global self-attention-based
contextual modeling. It was aimed at overcoming
the drawbacks of the conventional enhancement
approaches and single deep-learning frameworks
in maintaining fine vascular structure details and
long-range anatomical continuity. The experimental
findings showed that traditional contrast enhancement
and traditional filtering methods offer a low degree
of structural preservation and can enhance noise.
Models based on CNN contributed greatly to the
reconstruction of local vessels but were limited by
small receptive fields. Transformer-only models were
found to be more globally coherent, but with a weak
local inductive bias to fine texture restoration. These
complementary capabilities were well integrated in
the proposed hybrid framework to deliver higher
quantitative results based on PSNR of 36.10 dB and
SSIM of 0.9670. Qualitative analysis also established
a greater vessel clarity, fewer artifacts and better
visualization of thin distal branches. The analysis
of efficiency showed that the hybrid model is in a
good balance between the cost of computations and
reconstruction performance, whichmakes it applicable
in the context of practical clinical preprocessing. In
summary, the combination of convolutional and
attention-based mechanisms represents an effective
solution for structure-sensitive enhancement of
coronary angiography. Further development will be
done on multi center validation on different clinical
datasets to determine generalization in different
conditions of acquisition. Model compression
techniques and lightweight attention mechanisms
will be investigated to enable real-time deployment.
Also, the combination of the perceptual losses and
assessment of the improvement structure in the
lower-level tasks, including the vessel segmentation
and stenosis detection, will further verify the clinical
practicability.
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