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Abstract- Atherosclerosis is a chronic cardiovascular
condition characterized by the gradual accumulation of
plaque within arterial walls, resulting in restricted blood flow
and increased visk of heart attacks and strokes. Early
detection is essential for effective clinical intervention;
however, traditional diagnostic techniques such as coronary
angiography, CT scans, MRI, and ultrasound rely heavily on
manual interpretation. These methods are labor-intensive,
prone to inter-observer variability, and often detect the

disease at advanced stages.

This project proposes an Al-based atherosclerosis
detection framework leveraging machine learning (ML) and
deep learning (DL) techniques to automatically analyze
cardiovascular imaging data, identify plaque regions, classify
disease severity, and support clinical decision-making. The
system integrates image preprocessing, feature extraction, and
convolutional neural network (CNN)-based analysis to detect
early-stage  plaques  with  high Real-time
implementation allows continuous monitoring and early
alerts, reducing cardiovascular risk. Testing on annotated
datasets demonstrates improved diagnostic performance,
including higher sensitivity, precision, and reduced false
positives, compared to conventional methods.

accuracy.
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I. INTRODUCTION

Cardiovascular diseases are the leading cause of
death globally, with atherosclerosis being a major
disease.contributor to morbidity and mortality. (1)
Atherosclerosis is a progressive condition in which lipid
deposits, fibrous tissues, and inflammatory cells accumulate
inside arterial walls. This plaque buildup gradually narrows
arteries, impairing blood flow and increasing the risk of heart
attacks, strokes, and peripheral vascular disease. (2)

Early and accurate detection of atherosclerosis is
critical for preventive care and timely clinical interventions.
Traditional  diagnostic ~ methods, including coronary
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angiography, CT angiography, MRI, and ultrasound, primarily
rely on visual interpretation by trained clinicians. While
effective in detecting advanced lesions, these methods face
several limitations:

1. Time-consuming analysis: Manual inspection of high-
resolution images is labor-intensive.

2. Inter-observer variability: Different clinicians may
interpret the same images differently, leading to
inconsistent diagnoses.

3. Late detection: Plaques are often identified only after
significant narrowing occurs, limiting the effectiveness of
preventive treatment.

Artificial intelligence (AI) has emerged as a transformative
solution to overcome these challenges.

(3) Al systems, particularly those based on deep
learning, can analyze vast volumes of imaging data, learn
complex patterns associated with plaque formation, and detect
subtle changes that may be overlooked by human observers.
Machine learning algorithms, including support vector
machines (SVM), random forests, and neural networks, are
effective in classifying plaque type, assessing disease severity,
and predicting cardiovascular risk. (4)

Deep learning models, especially convolutional
neural networks (CNNs), automatically extract hierarchical
features from raw images, allowing accurate detection of
complex spatial patterns in arterial walls. (5) Integration of Al
into clinical workflows can improve diagnostic speed, reduce
errors, and enable early interventions, particularly in high-risk
patients. (6)

Despite these advantages, Al-based cardiovascular
systems face challenges such as limited availability of
annotated datasets, variability across imaging modalities, and
the need for interpretable models to gain clinician trust. (7)
This project addresses these issues by proposing a robust Al
framework capable of detecting atherosclerotic plaques across
multiple imaging modalities and providing quantitative
assessments for clinical use.
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II. LITERATURE SURVEY

Recent studies highlight the growing effectiveness of
Al and ML techniques for atherosclerosis detection. Sharma et
al. (2023) investigated machine learning- based plaque
detection using CT and ultrasound data. Their SVM and
random forest models classified arterial segments with high
accuracy and demonstrated significant improvements over
traditional threshold-based approaches.

Oza and Patel (2024) focused on CNN architectures
for automated plaque segmentation. Their deep learning
models reduced inter-observer variability and allowed early
detection of lesions that were previously difficult to identify
using manual methods. CNNs proved especially effective in
identifying small or complex plaques, which are critical for
early-stage intervention.

Rana et al. (2024) proposed hybrid deep learning
frameworks combining CNNs and recurrent neural networks
(RNNs) to analyze longitudinal imaging datasets. This
allowed both detection and temporal tracking of plaque
progression, supporting monitoring  of
cardiovascular health.

proactive

Aggarwal et al. (2025) evaluated ensemble learning
methods such as gradient boosting and random forests for
cardiovascular risk prediction. Integrating imaging features
with patient clinical data, their models demonstrated improved
accuracy in predicting plaque vulnerability and disease
severity.

Li and Wang (2025) introduced 3D CNNs for
volumetric CT angiography, enabling precise lumen
segmentation and plaque Such
approaches facilitate interventional planning and quantify
disease progression over time.

volume measurement.

Patel et al. (2025) emphasized multi-modal Al
models that fuse data from ultrasound, CT, and MRI to
enhance in detecting atherosclerosis,
particularly in asymptomatic patients.

sensitivity early

Gupta and Singh (2025) explored real-time
intraoperative Al  applications for plaque detection,
demonstrating the feasibility of Al-assisted interventions

during procedures.

Recent research by Chen et al. (2026) and Nguyen et
al. (2026) introduced transfer learning and adaptive Al
strategies to improve generalization across diverse patient
populations and imaging devices. Ahmed et al. (2026)
proposed a hybrid framework combining supervised and
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unsupervised learning to detect previously unclassified plaque
types, showing the capability to identify novel disease
patterns.

These studies collectively demonstrate the potential
of Al in improving early detection, accuracy, and workflow
efficiency imaging, highlighting the
importance of integrating Al into routine clinical practice.

in cardiovascular

III. PROPOSED WORK
A.Data Acquisition

The proposed system collects cardiovascular imaging
data from standardized modalities including coronary CT
angiography, MRI, and ultrasound. The dataset contains
annotated images of normal arteries, early- stage plaques, and
advanced atherosclerotic lesions. Patient metadata, including
age, cholesterol levels, blood pressure, and comorbidities, are
included to improve model predictions and provide
comprehensive risk assessment.

B.Image Preprocessing
Preprocessing enhances image quality and standardizes inputs:

e Noise reduction: Gaussian and median filtering to
remove acquisition artifacts.

e Contrast enhancement: Histogram equalization
improves visibility of arterial walls.

e Normalization: Standardizing pixel intensity ranges
across images.

e Region-of-Interest Extraction: Focusing on arteries
prone to plaque formation, reducing computational
complexity.

C.Feature Extraction

Both traditional and automated feature extraction approaches
are employed:

e  Morphological Features: Lumen diameter, wall
thickness, and plaque area.

e Texture Features: Entropy, contrast, and
homogeneity to capture plaque patterns.
e Deep Learning Features: CNNs

automatically learn hierarchical features directly from
raw images, capturing subtle spatial variations and
plaque morphology.

D.Model Development
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The system integrates multiple Al approaches:

e Supervised Learning: SVM, random forests, and
gradient boosting models classify plaque type and
disease severity using labeled training data.

e Deep Learningg CNNs perform
segmentation of plaque and lumen boundaries,
enabling precise localization.

e Hybrid Models: CNN-RNN combinations track
plaque progression across sequential scans, providing
temporal insights into disease evolution.

end-to-end

Models are trained with cross-validation, and
hyperparameters are tuned for optimal performance.
Evaluation metrics include accuracy, precision, recall, and F1-
score.

E. System Integration
The trained Al models are embedded in a diagnostic platform:

e Real-time Analysis: Automatic detection and scoring
of plaques from incoming scans.

e Visualization: Highlighting affected arterial regions
for clinician review.

e Continuous Learning: Models update with new data
to maintain accuracy over time.

e Clinical Decision Support: Quantitative assessment
assists physicians in planning interventions and
preventive strategies.

IV. RESULTS AND DISCUSSION

The Al
improvements in early detection and classification of plaques.

system  demonstrates  significant

High accuracy across modalities reduces false negatives,
supporting proactive clinical intervention.

Performance Metrics of AI Models

Metric Value| Description
C t classificati f pl
Accuracy 01jrec classification of plaque
5% regions.
.. True detections among all flagged
Precision
3% areas.
Recall Ability to detect all actual
4% plaques.
Harmonic mean of precision and
F1-
Score 3.5% || recall.
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Detection Performance Over Time

Pl
. . False aque . [Clinician
Time |Detection Progression
. |Alerts . Feedback
IPeriod [Rate (%) Identified
(%) (1-10)
(%)
Month
| ot 1 gs 5 8 7.8
Month
ot | g9 4 12 8.5
3
Month
pal % 3 18 9.0
6
Month
12 95 2 25 9.5

The system adapts over time through continuous
learning, improving detection accuracy with new data.
Clinician feedback emphasizes ease of use, visualization
clarity, and actionable insights.

Economic and clinical benefits are significant: early
detection reduces the incidence of heart attacks, lowers
hospitalizations, and optimizes resource allocation in

healthcare settings.
V. CONCLUSION

The project demonstrates the effectiveness of Al and
deep learning in early detection of atherosclerosis. The
proposed framework combines preprocessing, feature
extraction, CNN-based detection, and hybrid temporal models
to deliver accurate, reliable, and automated diagnosis from
cardiovascular imaging.

Key advantages include:

o Enhanced Efficiency: Rapid, automated analysis
reduces clinician workload.

e High Accuracy: Improved sensitivity and reduced
false positives enable early intervention.

e Scalability: Applicable across multiple imaging
modalities and diverse patient populations.

e Clinical Impact: Supports preventive care, treatment
planning, and risk assessment.

By integrating Al into cardiovascular diagnostics, the
system facilitates proactive interventions, reduces disease
burden, and contributes to improved patient outcomes. Future
extensions include multi-modal fusion with genetic and
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biochemical data, integration with hospital information
systems, and real-time intraoperative support.
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