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Abstract:-

Medical image processing is revolutionizing imaging in the
medical field by enhancing diagnostic accuracy, facilitating
treatment planning, and improving patient outcomes. Through
techniques such as image enhancement, feature extraction, and
quantitative analysis, medical image processing enables
clinicians to extract valuable information from imaging data.
This comprehensive review explores the realm of medical imaging
processing, specifically concentrating on the segmentation of 3D
CT scans of the aorta. This study elucidates the diverse
methodologies employed in this crucial aspect of medical
diagnosis. It delves into traditional algorithms alongside cutting-
edge deep learning methods and models, showcasing the breadth
of techniques utilized to enhance the accuracy and efficiency of
aortic imaging. Through rigorous examination, this review
identifies emerging trends, persistent challenges, and recent
breakthroughs in 3D CT scan segmentation. Moreover, it
underscores the growing significance of deep learning in
revolutionizing medical imaging processing, offering valuable
insights for researchers and practitioners striving to advance the
field. By synthesizing insights from diverse research endeavours,
we aim to stimulate further innovation and collaboration in this
critical area of healthcare technology.

Keywords: Medical Image Processing, Segmentation, Deep
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1.INTRODUCTION

1.1 MEDICAL IMAGE PROCESSING

Medical image processing involves the application of
computational techniques to medical images, with the goal
of enhancing diagnostic accuracy, extracting relevant
information, and aiding in clinical decision-making. By
employing algorithms and software tools, medical image
processing allows for tasks such as noise reduction, image
enhancement, segmentation of anatomical structures, and
quantitative analysis of imaging data. These techniques play
a crucial role in various medical specialties, including
radiology, cardiology, oncology, and neurology, enabling
clinicians to visualize, interpret, and analyse medical images
with greater precision and efficiency. With continued
advancements in imaging technology and computational
methods, medical image processing continues to evolve,
offering new opportunities to improve diagnostics, treatment
planning, and patient care in healthcare settings.

1.2 CARDIAC IMAGING

Cardiac imaging procedures play a pivotal role in modern
cardiology, enabling clinicians to visualize the structure and
function of the heart with unprecedented detail. These
procedures encompass a wide array of imaging modalities,
each offering unique advantages and insights into cardiac
anatomy, physiology, and pathology. From non-invasive
techniques such as echocardiography and cardiac magnetic
resonance imaging (MRI) to invasive procedures like cardiac
catheterization, cardiac imaging has revolutionized the
diagnosis, treatment, and management of cardiovascular
diseases. The importance of cardiac imaging in clinical
practice cannot be overstated, as cardiovascular diseases
remain a leading cause of morbidity and mortality
worldwide. Accurate assessment of cardiac structure and
function is essential for guiding therapeutic interventions,
monitoring disease progression, and optimizing patient
outcomes. As such, advancements in imaging technology
and techniques continue to drive innovation in the field of
cardiology, enabling clinicians to diagnose cardiac
conditions earlier, more accurately, and with greater
precision than ever before. Computed Tomography (CT)
scans have emerged as a cornerstone of cardiac imaging,
offering detailed insights into cardiac anatomy and function
with remarkable clarity and precision. In cardiac imaging,
CT scans play a pivotal role in the evaluation of coronary
artery disease (CAD), providing non-invasive visualization
of the coronary arteries through CT angiography (CTA).
This technique enables clinicians to identify and characterize
coronary artery lesions, assess plaque burden, and determine
the hemodynamic significance of stenotic lesions.
Additionally, CT scans allow for the assessment of cardiac
structure and function, facilitating the diagnosis of
congenital heart defects, cardiomyopathies, and other
structural abnormalities. With advancements in technology,
CT imaging offers improved spatial resolution, faster
acquisition times, and reduced radiation doses, making it an
invaluable tool for comprehensive cardiac evaluation and
patient management. Furthermore, CT scans provide
quantitative assessment of coronary artery calcium (CAC)
deposits, aiding in risk stratification for cardiovascular
events. They also offer functional evaluation through CT
perfusion imaging and CT-derived fractional flow reserve
(CT-FFR), enabling assessment of myocardial perfusion and
hemodynamic significance of coronary lesions. With
ongoing advancements, CT imaging continues to expand its
role in cardiac imaging, offering a versatile and
comprehensive approach to cardiovascular assessment.
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2. KEY FINDINGS AND CONTRIBUTION

PAPER TITLE

MAIN CONTRIBUTION

KEY FINDINGS

Deep-learning method for fully automatic
segmentation of the abdominal aortic
aneurysm from computed tomography
imaging.[1]

Development and validation of a
comprehensive segmentation model for
abdominal aorta and iliac arteries using
deep learning techniques.

Successful ROI extraction, lumen
detection, and plaque classification,
along with landmark detection and
3D reconstruction for clinical
evaluation.

3D Automatic Segmentation of Aortic
Computed Tomography  Angiography
Combining Multi-View 2D Convolutional
Neural Networks|[2]

Development of an automatic segmentation
pipeline for aortic lumen, promising
reduced surgeon workload and enabling
various geometric analyses and numerical
simulation

The pipeline takes only 25 = 1 s per
scan on average, suitable for large
image volumes, and facilitates
clinical decision-making in aortic
morphology analysis and stent-graft
sizing.

3D segmentation of abdominal aorta from
CT-scan and MR images[3]

Semi-automatic segmentation for 3D
reconstruction of aortic wall and lumen
from CT/MRI.

Accurate  aneurysm  parameter
measurement, comparable to manual
drawings, with  potential  for
automation and MRI protocol
extension.

Abdominal Aortic Thrombus Segmentation
in Postoperative Computed Tomography
Angiography Images Using Bi-Directional
Convolutional Long Short-Term Memory
Architecture[4]

Bi-CLSTM-based method for precise
thrombus ROI segmentation in post-
operative CTA images, showing robustness
and superiority over existing methods.

Utilization of volumetric coherence,
outperforming 2D and 3D-based
methods, adaptable to various CNN
backbones for spatial attention map
extraction.

Automatic ~ segmentation  of the great
arteries for computational hemodynamic
assessment[5]

Development and validation of a machine
learning method for segmentation of aorta
and pulmonary arteries in CHD patients,
facilitating computational fluid dynamics
(CFD) studies.

Machine learning  segmentation
yields results comparable to manual
segmentation, reducing time and
effort for CFD analysis, enhancing its
feasibility for routine clinical use.

Segmentation of Aorta 3D CT Images
Based on 2D Convolutional Neural
Networks[6]

Evaluation of U-Net and LinkNet
architectures with ResNet34 and Inception
ResNet V2 encoders for aorta segmentation
in CT scans, selecting LinkNet with
Inception ResNet V2 for test set evaluation.

LinkNet with Inception ResNet V2
outperforms  U-Net in  mean
Intersection over Union (MloU),
demonstrating promise for aorta
segmentation in CT scans.

Segmentation of the Aorta in CTA Images
Using Deep Learning Methods[7]

Evaluation of U-Net, U-Net attention, and
Inception U-Netv2 models for aortic
segmentation in contrast and non-contrast
CT images, with Inception U-Netv2
demonstrating the highest segmentation
accuracy.

Inception U-Netv2 model achieved
the highest Dice, loU, sensitivity, and
specificity scores, indicating superior
performance in aortic segmentation
compared to U-Net and U-Net
attention models.
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Model-based Automatic Segmentation of
Ascending Aorta from Multimodality
Medical Data[8]

Novel algorithm for automatic ascending
aorta segmentation from CTA and PC-MRI
images, without manual steps.

Robust and real-time segmentation
with mean DSC of 94.72% for CTA
and 97.13% for PC-MRI datasets,
demonstrating effectiveness across
modalities and scanners.

Deep learning-aided extraction of outer
aortic surface from CT angiography scans
of patients with Stanford type B aortic
dissection[9]

Evaluation of 2D and 3D CNNs for
automatic segmentation of  wall
abnormalities in  TBAD  patients,
demonstrating superior performance of 2D
CNNs in normalized surface Dice score.

2D CNN outperformed 3D CNN in
normalized surface Dice score (0.92
versus 0.90), indicating potential for
expedited segmentation in clinical
settings.

CT-based True- and False-Lumen
Segmentation in Type B Aortic Dissection
Using Machine Learning[10]

Development of an automated segmentation
pipeline using CNNs for accurate
identification of true and false lumina in
aortic dissection CT angiograms.

The segmentation pipeline achieved a
mean Dice similarity coefficient of
0.873 for true lumina and 0.894 for

false lumina, with automated
maximal diameter measurements
correlating  well with  manual
measurements (R*2 = 0.95),
facilitating surveillance and risk
stratification.

A Three-Dimensional Deep Convolutional
Neural Network for Automatic
Segmentation and Diameter Measurement
of Type B Aortic Dissection[11]

Implementation of a 3D deep convolutional
neural network for automatic segmentation
and measurement of the entire aorta, true
lumen, and false lumen in patients with
TBAD.

The deep learning method achieved
high accuracy (mean dice coefficient
scores of 0.958 for EA, 0.961 for TL,
and 0.932 for FL), strong correlation
with reference standards (r = 0.991),
reduced measurement errors
compared to manual methods, and
significantly shorter measurement
time (21.7 minutes vs. 82.5 minutes)

UNet Deep Learning Architecture for
Segmentation of Vascular and Non-
Vascular Images: A Microscopic Look at
UNet Components Buffered With Pruning,
Explainable Artificial Intelligence, and
Bias[12]

Comprehensive analysis of UNet-based
biomedical image segmentation (BIS)
methods, categorizing them into five classes
and identifying 81 wvariations based on
components.

Dominance of attention-enhanced
UNet variants in both vascular and
non-vascular segmentation tasks,
with limited focus on explainable Al

(XAI) and pruning strategies,
highlighting the need for practical
clinical evaluation and
implementation.

Fully automatic volume segmentation of

infrarenal abdominal aortic aneurysm
computed tomography images with deep
learning approaches versus physician

controlled manual segmentation[13]

Evaluation of a new fully automatic
segmentation software for infrarenal
abdominal aortic aneurysms (AAAs)
against manual correction, demonstrating
excellent correlation in volume, surface,
and diameter measurements.

The fully automatic segmentation
method showed high agreement with
manual correction by a senior
surgeon, achieving mean Dice
similarity coefficient of 0.95, Jaccard
index of 0.91, sensitivity of 0.94,
specificity of 0.97, and volumetric
similarity of 0.98, with significantly
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reduced segmentation time compared
to manual correction.

Automated 3D Segmentation of the Aorta
and Pulmonary Artery on Non-Contrast-
Enhanced Chest Computed Tomography
Images in Lung Cancer Patients[14]

Proposal of a two-stage deep learning
model for 3D segmentation of aorta and
pulmonary artery in non-contrast-enhanced
CT images, enabling accurate preoperative
assessment of pulmonary hypertension risk
in lung cancer patients.

The proposed model achieved high
Dice similarity coefficients of 0.97
for aortic segmentation and 0.93 for
pulmonary artery segmentation,
facilitating 3D diameter measurement
and preoperative surgical risk
estimation

Imagetbad: A 3d Computed Tomography

Angiography Image Dataset For Automatic
Segmentation  Of  Type-B  Aortic
Dissection[15]

Evaluation of segmentation methods for
thoracic  aortic  dissection (TBAD)
substructures, revealing challenges in
segmenting true lumen (TL), false lumen
(FL), and flaps (FLT) with notable
differences between approaches

While both segmentation approaches
achieve high performance on the
aorta, they struggle with accurately
segmenting TL, FL, and FLT due to
their complex anatomical
characteristics, indicating the need for
improved segmentation methods,
particularly for challenging structures
like FLT

Segmentation of Human Aorta Using 3D
nnU-Net-Oriented Deep Learning[16]

Demonstration of nnU-Net for accurate and
efficient segmentation of cardiac CTA
images, achieving a high Dice similarity

The nnU-Net method ensures robust
segmentation of valsalva sinuses and
adjacent cardiovascular structures,

coefficient (DSC) of 0.96984+0.0081 | minimizing variability from patient
without manual parameter adjustment, | data and image quality, with
offering potential for clinical application in | implications for improving
TAVI preoperative simulation. preoperative  planning in TAVI
procedures.
Multi-stage learning for segmentation of | Novel multi-stage segmentation framework | Straightening-based method
aortic dissections using a prior aortic | for type B aortic dissection (AD) with aortic | outperformed other segmentation

anatomy simplification[17]

straightening to enhance TL, FL, and BR
extraction accuracy from CT angiography
images.

approaches, improving identification
and quantification of AD features.

A Computationally Efficient Approach to
Segmentation of the Aorta and Coronary
Arteries Using Deep Learning[18]

Development of a fully automatic 2D UNet
model for efficient segmentation of the
aorta and coronary arteries on CTCA
images, enabling rapid and accurate
identification of coronary artery narrowing
without the need for graphical processing
units.

Achieved 91.20% and 88.80% dice
similarity coefficient accuracy for
segmenting the aorta and coronary

arteries, respectively, with
performance comparable to existing
deep learning models  while

maintaining computational efficiency
for hospital deployment.

Automated segmentation and quantification
of the healthy and diseased aorta in CT
angiographies using a dedicated deep
learning approach[19]

Development and validation of a deep
learning-based algorithm for automated
segmentation and quantification of the
physiological and diseased aorta in
computed tomography angiographies.

Achieved a Dice similarity coefficient
of 0.95 and demonstrated close
agreement between manual and
automatic segmentations, enabling
accurate quantification of aortic
lumen characteristics, even in cases
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with altered vascular architecture due
to disease.

Dru-Net: An Efficient Deep Convolutional
Neural Network For Medical Image

DRUnet, a hybrid network leveraging
DenseNet and ResNet advantages for

DRUnet surpasses existing methods,
especially in segmenting classes with

Segmentation[20] medical image segmentation. limited pixels/training data, with
higher accuracy and fewer parameters
on skin lesion and brain MRI datasets.

Fig-1
© 2024, IJSREM | www.ijsrem.com | Page 5



http://www.ijsrem.com/

#‘gl \35

International Journal of Scientific Research in Engineering and Management (IJSREM)

‘ IJSRE
w Volume: 08 Issue: 03 | March - 2024

SJIF Rating: 8.176

ISSN: 2582-3930

3. TECHNIQUES AND ARCHITECTURES

UNet vs. DRUnet: Both UNet and DRUnet are deep
learning architectures designed for medical image
segmentation. While UNet is a well-established architecture,
DRUnet is a hybrid network combining features of DenseNet
and ResNet. DRUnet outperforms UNet and traditional
CNNs in terms of segmentation accuracy, especially for
challenging cases with limited training data and small target
regions.

Raw data

(CT images)

Fig-2: Preprocessing flow of data. VOI, volume of
interest; GT, ground truth.

ResNet vs. DenseNet vs. Attention Network vs.
DRUnet: ResNet and DenseNet are two popular deep
learning architectures known for their effectiveness in
various computer vision tasks. Attention Network, on the
other hand, incorporates attention mechanisms to focus on
relevant image regions during segmentation. DRUnet
combines advantages of ResNet and DenseNet while using
fewer parameters compared to DenseNet. In terms of
segmentation accuracy and efficiency, DRUnet surpasses
ResNet, DenseNet, and Attention Network-based methods
within the same encoder-decoder network structure. Among
the compared architectures, DRUnet stands out for its
superior segmentation accuracy, surpassing ResNet,
DenseNet, Attention Network, and traditional CNNs in
various medical imaging tasks. Its hybrid design effectively
leverages the strengths of ResNet and DenseNet while
maintaining efficiency. It maintains computational
efficiency, making it suitable for deployment in hospital
settings without requiring specialized graphical processing
units (GPUs).
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Fig-3: a) Residual block. b) Dense net blocks. c)
Encoder and decoder blocks in DRU-net[20]

Manual Segmentation vs. Deep Learning Methods:
In some cases, manual segmentation performed by
radiologists or experts is used as a benchmark. However,
deep learning methods, particularly DRUnet, demonstrate
higher accuracy and efficiency compared to manual
segmentation, especially in segmenting complex anatomical
structures like the aorta from computed tomography
angiographies (CTA). Deep learning methods, including
CNNs and DRUnet, consistently outperform manual
segmentation approaches in terms of segmentation accuracy
across different imaging modalities and anatomical
structures. They offer more precise and reproducible
segmentation results, particularly for complex anatomical
regions.

In summary, DRUnet emerges as the most promising
method, offering superior segmentation accuracy and
efficiency compared to both traditional methods like UNet
and state-of-the-art architectures like ResNet, DenseNet, and
Attention Network. Its effectiveness across different datasets
and imaging modalities highlights its potential for
widespread application in medical image segmentation tasks.
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Fig-3: The overall scheme of DRU-net[20].

4. PERFORMANCE METRICS

The segmentation methods employed in the studies exhibit
varying performance across different metrics. UNet with
ResNet34 and LinkNet with ResNet34 were evaluated using
Dice Similarity Coefficient (DSC), Mean Surface Distance
(MSD), and maximum diameter measurements but lacked
metrics like Intersection over Union (loU) and Intraclass
Correlation Coefficient (ICC). Inception U-Netv2, on the
other hand, demonstrated strong performance with an MloU
of 83.45% for axial views and achieved segmentation
accuracy for maximum and effective diameters and area
measurements. The deep learning-based method showcased
a DSC of 95% and excelled in accurately quantifying the
aortic lumen, with robust ICC values indicating excellent
agreement with manual segmentations. DRUnet showed
promising results with a mean DSC of 0.95, suggesting
superior segmentation accuracy compared to other models.
However, comprehensive metrics such as loU, MSD, and
ICC were not reported for DRUnet, limiting the depth of
comparison across all methods. Overall, while each method
exhibits strengths in specific metrics, a comprehensive
evaluation incorporating a wider range of performance
measures would provide a more nuanced comparison of their
effectiveness in biomedical image segmentation tasks.
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5. CONCLUSION

The comparison of various methods for biomedical image
segmentation, including U-Net, ResNet, DenseNet, and
proposed architectures like DRUnet and multi-stage
segmentation frameworks, reveals diverse performance
outcomes across metrics such as Dice similarity coefficient
(DSC), mean surface distance (MSD), and Hausdorff surface
distance (HSD). While DRUnet, leveraging features from
both DenseNet and ResNet, demonstrates superiority,
particularly in scenarios with limited training data and small
pixel classes, its efficiency across different datasets and
modalities remains to be fully explored. Similarly,
automated segmentation pipelines using deep learning
algorithms exhibit promising accuracy in segmenting
complex anatomical structures like the aorta, highlighting
their potential for clinical applications. However, challenges
persist in addressing variations in organ types, image
contrast, and computational efficiency. Further research is
warranted to enhance the robustness and generalizability of
these methods, paving the way for improved biomedical
image segmentation techniques in medical diagnosis and
treatment planning. Future research in biomedical image
segmentation should focus on novel architectures and
methodologies integrating attention mechanisms, multi-
scale features, and efficient skip connections to enhance
segmentation accuracy and efficiency across diverse datasets
and modalities. Efforts are needed to improve the
interpretability and explainability of deep learning models
for integration into clinical workflows. Exploring semi-
supervised and self-supervised learning approaches can
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leverage unlabeled data and mitigate reliance on annotated
datasets. Domain adaptation and transfer learning techniques
can enable model generalization across different imaging

Electr. Comput. Eng., vol. 6, no. 6, pp. 3161-3173,
2016, doi: 10.11591/ijece.v6i6.12598.

modalities and patient populations. Collaboration between [9]  R.Kesavuori, T. Kaseva, E. Salli, P. Raivio, S.

researchers, clinicians, and industry partners is crucial for Savolainen, and M. Kangasniemi, “Deep learning-

developing and validating segmentation methods that meet alde_d extraction of outer _aortlc s'urface from CT

specific healthcare needs, ultimately improving patient care angl.ogrgphy §car3’s of patients with Stanford type B

and outcomes. aortic dls_sectlon, Eur. Radiol. Exp., vol. 7, no. 1,
2023, doi: 10.1186/s41747-023-00342-z.
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